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Introduction

This volume reflects the outcome of a workshop on ‘Memory, Space, and Time’ held
at the University of Arizona (UA) in November of 2022. The idea for the workshop
came out of discussions between the two editors, both at the UA at that time. Both of
us have worked on issues relating to space, time, and memory, though from rather
different perspectives. This complementarity suggested an approach that we hoped
would be fruitful, and we believe this volume confirms our initial enthusiasm.

Our plan was to invite speakers from three different disciplines—philosophy, psy-
chology, and neuroscience. Maintaining these distinctions is of course challenging,
given the interdisciplinary nature of science these days, but we hope the chapters
in this volume convey both the breadth of thinking in the field and the ways in
which combining these different perspectives can lead to significant advances in
understanding how space, time, and memory interact in our minds/brains.

This volume is organized with such interdisciplinarity in mind, comprising three
sections: the first, with chapters by Phillips, Nguyen&Newcombe, Buzsáki & Végh,
O’Keefe, and Aronowitz & Nadel, focus on space and time as parts of memory. The
second, with chapters by Robins, Ranganath, Hasselmo et al., andDe Brigard, detail
theories of memory in their own right, while the third, with chapters by Green,
Boyle, and Momennejad, consider how learning, perception, and AI intersect with
space, time, and memory.

We received support from a number of sources in mounting this workshop. NSF
provided critical funding via a conference grant that enabled us to not only support
our speakers but also to support the attendance of a diverse group of students (twelve
in all) from both North America and Europe. We thank Betty Tuller at NSF for this
support. We also received support from a number of sources at the University of
Arizona, including the Cognitive Science Program, the Departments of Psychology
and Philosophy, the Provost’s Office and the VP for Research. Their support was
crucial in making certain we could invite many local participants to join in both the
workshop itself, and the social events associated with it.

The Oxford University Press agreed not only to publish this volume, but also to
provide significant financial support for the workshop. We thank Martin Baum and
his crew at OUP for their support. We are also indebted to April Chan and Aliya
Dewey for help organizing the workshop, and Julia Minarik and Cameron Yetman
for help putting together the volume.

Finally, we thank the participants for their contributions, both to an outstanding
workshop and to this volume, which we hope readers will find stimulating.

Sara Aronowitz
Lynn Nadel
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1
WhatHas EpisodicMemoryGot toDowith
Space andTime?
Ian Phillips

Introduction

It is widely held that episodic memory is constitutively connected with space and
time. In particular, many contend that episodic memory constitutively has spatial
and/or temporal content: for instance, necessarily representing a spatial scene, or
when a given event occurred, or at the very minimum that it occurred in the past.¹
Here, I critically assess such claims. I begin with some preparatory remarks on the
nature of episodic memory. I then ask: How, if at all, is episodic memory consti-
tutively spatial? And, how, if at all, is episodic memory constitutively temporal? In
answer, I argue that episodic memory need not have any spatial content, nor (in any
substantial sense) need it represent when its events occur, nor even that they occur
in the past. Instead, only a relatively modest connection holds between episodic
memory and time in virtue of the temporal structure of its objects. Finally, I crit-
ically assess whether considerations concerning the organization and encoding of
episodic memory in creatures like us provide stronger reason to posit a constitutive
link between our episodic memories and space or time.

What Is EpisodicMemory?

Very broadly, we can distinguish two approaches to episodic memory. The first
introduces episodic memory by way of a contrast. The second introduces episodic
memory directly. Both approaches are found in Endel Tulving’s classic paper,
‘Episodic and semantic memory’. There, Tulving begins by noting Ross Quillian’s
(1966) introduction of the term ‘semantic memory’, before asking: ‘What do we
contrast with semantic memory?’ Tulving then proposes that we ‘refer to this other
kind ofmemory, the one that semanticmemory is not, as “episodicmemory”’ (1972:

¹ By a constitutive connection I mean a connection that cannot fail to hold (i.e., holds essentially) since it is part
of what it is to be the kind in question (cf. Burge 2010: xiii–xv, Chs 1 and 3). Thus, to claim that episodic memory
constitutively has spatial content is to claim that it is part of what it is for a state or episode to be (or count as) an
episodic memory that it possesses spatial content. Such claims assume that the mind can be divided into kinds with
distinct natures and that episodic memory is one such kind. I adopt this assumption in what follows.

Ian Phillips, What Has Episodic Memory Got to Do with Space and Time?. In: Space, Time, and Memory. Edited by: Lynn Nadel and
Sara Aronowitz, Oxford University Press. © Oxford University Press (2025). DOI: 10.1093/oso/9780192882547.003.0001
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384). Alan Baddeley similarly comments that early talk of episodicmemory was typ-
ically contrastive: ‘In its initial years … the term episodic memory was commonly
used to refer to all [explicit] memory other than semantic or working memory’
(2002: 5). Here, I raise a few questions about this contrastivist approach, on which
the contrast with semantic memory takes primacy in determining the extension of
the term ‘episodic memory’ (see Figure 1.1).

Long-term memory

Implicit (non-declarative)

Priming

Habits
and

skills
Simple

conditioning

Non-
associative

Semantic

Explicit (declarative)

Figure 1.1 A standard taxonomy of the subdivisions of long-termmemory based on Squire
(1992), see likewise Hampton & Schwartz (2004). According to contrastivism, episodic memory
is simply whatever memory belongs in the box on the right-hand side, i.e., explicit/declarative
memory of a non-semantic kind.

A forceful recent recommendation of contrastivism can be found in Ali Boyle’s
paper, ‘Remembering events and representing time’. There, Boyle suggests that the
term ‘episodic memory’ was introduced to ‘mark an exhaustive division in declara-
tivememory’ (2021: 2511). In line with this, she urges us to take the term ‘to pick out
the type of declarativememory that is not semantic’ since ‘marking this fundamental
division in declarativememory is the central theoretical work the episodic/semantic
distinction is supposed to do’ (2513). As Boyle notes, David Rubin and Sharda
Umanath adopt a similar stance towards what they call ‘event memory’ and which
they take to be ‘the fundamental natural kind that is an [sic] opposition to knowledge
(i.e., semantic memory)’ (2015: 2).

Several questions arise about this picture.
First, insofar as episodic memory is intended to ‘mark an exhaustive division in

declarative memory’, we need to know what declarative or explicit memory is. This
is no trivial question. Explicit or declarative memorymight mean a form ofmemory
which a person canmake explicit or declare via a verbal statement. Such a character-
ization obviously cannot be accepted by anyone wishing to allow for the possibility
of episodic memory in pre-linguistic infants and non-linguistic animals. Moreover,
even theorists persuaded that episodic memory is unique to adult humans (e.g.,
Tulving and Markowitsch 1998) must justify according verbal reports so special a
role—a role not standardly accorded to verbal reports in relation to other mental
states, and one which would seem in tension with the fact that we often struggle to
articulate our memories verbally. However, if we don’t restrict ‘making explicit’ to
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linguistic performances, more needs saying as to which performances are allowed
to count—especially if the forms of memory depicted on the left of Figure 1.1 (e.g.,
habits and skills) are to be excluded since these evidently show up in behaviour.

Sometimes ‘explicit’ is understood in terms of consciousness. Few, however,
would claim that we had a firm operational or theoretical grip on that notion (nor
how exactly it applies to semantic memory). Another possibility is to understand
explicit memory in terms of there being an internal representation of the memory’s
content in the system, as opposed either to the content being derivable from what is
represented, or—more substantively—to its being reflected in rules wired into the
system, and in that sense procedural. However, it is far from clear that this notion
captures all the cases typically placed in the implicit (non-declarative) category in
Figure 1.1 (e.g., semantic priming).

A more promising approach understands explicit memory in terms of represen-
tations which are available to a wide range of cognitive operations, such as belief
fixation, planning, reasoning, acting, and reporting (cf. the concept of access con-
sciousness articulated in Block 1995). Implicit memories would then be excluded
insofar as the corresponding representations (if any) are only available to a nar-
row range of processes (e.g., perceptual or motor processes but not reasoning and
reporting). Although promising, the proponent of this approach owes a more pre-
cise and principled account than the sketch just given.What constitutes a sufficiently
wide range of processes? How do we handle the variability in such processes across
species? And, what constitutes availability, exactly—actual access, potential access
without further processing, or simply potential access evenwith further processing?

Let us bracket this first issue. A second, more immediate difficulty is whether we
have sufficient grip on what semantic memory is, so as to define episodic memory
in contrast to it, as non-semantic memory. One way to press this issue is to question
whether semantic memory itself is a natural kind. Textbook examples of semantic
memory involve factual knowledge such as the knowledge that Paris is the capital of
France, or that Liz Truss was (briefly) UK Prime Minister (cf. Tulving 1972: 387).
However, as Brown (ms) points out, plausibly many different kinds of memory have
some claim to being semantic, either in being to some degree abstract, or involving a
discursive representational format. Yet these various forms ofmemory lack any clear
unity. In addition to standard textbook examples, consider: cognitive environmental
maps, models of system dynamics in model-based reinforcement learning models,
tacit grammatical knowledge, or the representations of what Susan Carey calls ‘core
cognition’, and which she characterizes as a ‘type of conceptual structure … that
differs systematically from both sensory/perceptual representational systems and
theoretical conceptual knowledge’ in being richly conceptual yet created by innate
perceptual analysers, domain specific, and iconic (2009: 10). These forms of mem-
ory do not obviously form a single natural kind or even genus. In turn, this casts
doubt on the idea that explicit memory divides into two exhaustive kinds. Instead,
it suggests a picture on which explicit memory comes in a variety of different forms,
with various cross-cutting similarities and differences.
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In addition to these memories, we should consider memories of objects, people,
and places (e.g., my first bike, my grandmother, London in the 90s)—on which
see Debus (2007) and Openshaw (2022). And, also, general (i.e., merged, sum-
mary, or prototype) event memories (e.g., visiting my grandparents as a child,
reading stories to my daughter when she was little). Again, it is not obvious why
we should feel forced to count these either as semantic or episodic, as opposed
to distinct but related forms of explicit memory.² This final point connects to an
issue highlighted in recent work by Andonovski (2020) and Aronowitz (forthcom-
ing) namely that episodic memories are continually being transformed into more
abstract, more ‘semantic’ memories via a suite of semanticization/schematization
processes thought to correspond, at least roughly, to a transfer of encoding from
hippocampal to cortical structures.

The key upshot is that we should be sceptical that episodic and semantic memory
constitute two exhaustive natural kinds. On the face of it, ‘explicit’ memory com-
prises multiple distinct kinds of memory deriving from and/or contrasting with the
prototypically episodic, with no obvious bipartite unity.

Where does this leave contrastivism? A helpful analogy here is with talk of the
perception/cognition distinction. When people introduce such a distinction, pre-
sumably they do not intend an exhaustive division of the mind into two natural
kinds, with the perceptual being understood as the non-cognitive, or vice versa.
For one, someone interested in the perception/cognition divide might well happily
recognize affective or motor systems which fall into neither category. For another,
introducing such a distinction does not presuppose that it is a distinction between
two natural kinds. Someone might, for instance, regard cognition as a ragbag of dif-
ferent kinds.³ Instead, one plausible understanding is that they take perception to
be an especially basic form of mind from which certain other forms derive (e.g.,
episodic memory, perceptual belief, etc.) and which can be fruitfully contrasted
with other mental forms (e.g., abstract factual knowledge, propositional desire,
intention, etc.).

Similarly, whenwe introduce episodicmemory, we need not think of it asmarking
an exhaustive contrast with a singular contrasting kind, viz. ‘semantic memory’ but
instead as highlighting a particularly basic form of memory from and with which
certain other forms can be derived and contrasted. Such a proposal fits naturally
with Brown’s scepticism that semantic memory is a natural kind, and likewise with
the idea that schematization processes produce ‘a variety of intermediary forms of
varying generality’ (Andonovski 2020: 342) or ‘range of contents differing in degrees
of episodicity’ (Aronowitz forthcoming).

² Compare Neisser (1981) on ‘repisodic memory’. It is also not obvious how to place other forms of memory
within the standard taxonomy, e.g., prospective memory, or short-term iconic, fragile visual and working memory.
See further footnote 17 on observer memories.

³ Compare Firestone and Scholl (2016: 1) who contrast perception with ‘higher-level cognition … states such as
beliefs, desires, emotions, motivations, intentions, and linguistic representations’.
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This proposal of course behoves us to provide some direct characterization of
episodic memory. What is this supposedly basic form of memory? Famously, Tul-
ving offers a direct characterization of episodic memory, as memory of ‘personally
experienced unique episodes’ (1972: 387) or ‘memory for personal experiences and
their temporal relations’ (401–02)—a characterization he embellishes in subsequent
work, invoking notions such as autonoetic consciousness and mental time travel
(e.g., Tulving 2001; Wheeler, Stuss, and Tulving 1997). Tulving’s original concep-
tion echoes Reid’s pioneering discussion where he speaks of memory as involving
the ‘renewal of a former acquaintance with the thing remembered’—his example
being his memory of the transit of Venus in 1769, which he says he ‘must therefore
have perceived … at the time it happened’ (1785/2002: III.1, 253–55).⁴

Here, I propose that we adopt a kindred answer, on which episodic memory is
memory for personal experiences. (For reasons to be discussed in §4, I omit Tulv-
ing’s ‘and their temporal relations’ (1972: 402).) To unpack this idea, let us focus on
Reid’s sighting of the transit of Venus. Here, we have a perception of an event which
takes place in 1769. Writing sixteen years later, Reid does not perceive the transit
again. Instead, he has, in some sense, retained his past perception inmemory.On the
present proposal, this is understood in terms of his possession of a standing capacity
to represent that particular perception together with its object (i.e., Venus’ transit).
The past perception and its object thus come to be before Reid’s mind in virtue of a
standing capacity which his 1769 perception has given rise to, and which can mani-
fest in a specific episode of recall. Importantly, the transit comes to be before Reid’s
mind in 1785 in a quite different manner to the way it was before his mind in 1769.
In 1769, it was the object of a present perception; in 1785 it is before his mind as
the object of a represented past perception. Generalizing, episodic memory is the
capacity to representationally return past experiential episodes to mind.⁵

On this view, episodic memory contrasts semantic memory with respect to its
contents or objects. Certainly, we can have semantic memories of past events and
experiences. But with semantic memory the relevant memory contents are facts or
propositions about our pasts, with past occurrences at best figuring as constituents
of these. The contents of episodic memory are not facts or propositions but events
or occurrences.

Various concerns beset such a picture. Let me briefly mention three. The first
is that the picture imposes sophisticated metacognitive requirements on episodic
memory. However, although the present proposal claims that episodic memory
involves the representation of one’s prior perceptions, it does not claim that such

⁴ For discussion of Reid’s view, see Copenhaver 2006. On Copenhaver’s interpretation, there are important dif-
ferences between Reid’s view and that here defended. First, whilst Reid takes the objects of memory to be events,
he denies that these events are experiences, insisting that they are (at least in relevant cases) worldly not mental
events. The view here claims that episodic memory has both perceptual experiences and their worldly objects as
its objects: Reid remembers the transit of Venus by remembering perceiving it. Second, at least on Copenhaver’s
‘constitutive’ interpretation, Reid takes a belief that the remembered event was a past occurrence to be an essential
ingredient of memory. No such belief—nor even any tensed content—forms part of the present account.

⁵ For a now classic elaboration of this picture, see Martin 2001. See also Martin 2015 and 2019.
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representation is conceptual, requiring (e.g.) possession of the concept perception.
Nor does it require any cognitive attitude, such as a belief that the recalled event
occurred in one’s past. Consequently, there is no obvious reason to think that the
present picture is inconsistent with non-human animals who lack such concepts or
attitudes having episodic memories. Compare how we might happily attribute per-
ceptual object-representations to a non-human animal without requiring that they
possess the concept object.

A second familiar concern is that the process of episodic recall involves a great deal
of (re)construction and supplementation relative to impoverished traces.Many have
suggested that this rules out thinking of episodicmemory as genuinely renewing our
former apprehension or acquaintance.⁶ In reply, a perceptual analogy is helpful. In
vision, too, there is notorious underdetermination of what we see by the proximal
retinal image. In solving this underdetermination problem, a critical role is played
by inferential processes exploiting background knowledge (e.g., Bayesian inference
exploiting learned and/or innate perceptual priors).⁷ This is certainly an impressive
achievement. AsGregory famously puts it: ‘We are given tiny distorted upside-down
images in the eyes, and we see separate solid objects in surrounding space. From
the patterns of stimulation on the retinas we perceive the world of objects … this is
nothing short of a miracle’ (1966: 7). Yet, however seemingly miraculous, few con-
clude that vision does not afford us a way of perceiving environmental particulars
(though, see, e.g., Seth 2021). Instead, the relevant processes of supplementation
and reconstruction based on stored information are taken to be part of what allow
us to perceive our perceptual environments.⁸ It is not obviouswhy a similar response
cannot be given to the constructivist challenge in the case of episodic memory,
namely that we should think of the processes of (re)construction and supplementa-
tion involved in retrieval as what allow us to retain and renew acquaintance on the
basis of severely impoverished traces.⁹

A final concern is pressed by Aronowitz (forthcoming) who argues that retained
acquaintance is not the kind of thing that can be semanticized. The precise
issue here is delicate. Aronowitz presses it in light of two different (and nei-
ther uncontroversial) ways of conceptualizing semanticization, viz., Buzsáki and

⁶ Schacter and Addis review relevant empirical work, arguing that memory errors ‘provide critical evidence for
the fundamental idea that memory is not a literal reproduction of the past, but rather is a constructive process in
which bits and pieces of information from various sources are pulled together’ (2007: 773). Such ideas trace back
to Bartlett 1932. For philosophical discussion, see Michaelian 2012, 2016 and De Brigard 2014.

⁷ This at least is the classic view tracing back to vonHelmholtz 1910/1962, and elaborated in (e.g.) Gregory 1966,
Marr 1982, Rock 1983, and Knill and Richards 1996. For an alternative perspective, see Gibson 1979, reviewed in
Rogers 2021.

⁸ Some argue that whilst constructivist models of perception are compatible with the perception of environmen-
tal particulars, they are incompatible with relational or naïve realist accounts of perception. For a reply on behalf
of the naïve realist, see French and Phillips 2023, also Campbell 2002 and 2011. A related argument might be made
against the present view of episodic memory; I suggest that an analogous reply is available.

⁹ Of course, the perceptual analogy only goes so far and much more needs saying to provide a full defense of the
present picture of episodic memory. For instance, as Matthew Soteriou pointed out to me, a significant difference
between perception and memory is that in perception the question of which particular is being perceived is partly
a matter of which particular is presently triggering and sustaining one’s perceptual state. In contrast, memory is
a standing capacity which can be exercised in the absence of its object. As a result, one might argue that sensory
memory cannot alone secure reference to particular past episodes without the help of cognition.
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Moser’s (2003) navigational theory on which semanticization reflects computations
analogous to those involved in shifting from egocentric to allocentric encodings
of our spatial environments; and McClelland et al.’s (1995) complementary learn-
ing systems approach, on which semanticization involves extracting information
from richly detailed spatiotemporal representations through a process of repeated
offline ‘replay’ to produce abstract, general representations. On neither theory is it
entirely clear what constraint is imposed by recognizing that episodic contents must
be amenable to semanticization. Nor crucially is it clear that we should accept the
implicit assumption in play that the categories and (presumably, representational)
kinds of such theories neatlymap onto the categories and kinds of personal level psy-
chology (cf. the discussion of perceptual kinds in Phillips 2018; French and Phillips
2023; and Campbell 2011).

Again, however, it is worth noting that an analogous ‘interface problem’ arises in
the case of perception. Perception seemingly effortlessly revises, creates and updates
our beliefs. This undoubtedly poses an explanatory challenge. But it is far from obvi-
ous that it provides decisive reason to think that perception and cognition must
exploit a common format. To the contrary, many theorists insist that it is precisely
differences in format which help characterize the distinction between perception
and cognition. For instance, Burge (2022) holds that natural, and so human, percep-
tual representation is constitutively iconic and non-propositional (e.g., 2022: 331),
and Block (2023) makes the stronger claim that perception quite generally is con-
stitutively iconic and non-propositional (2023: Chs 4–5). And whilst it is true that
some theorists do argue in favour of architectural views and against format-based
accounts on the grounds that the best explanation of the ease with which perception
updates belief is that it outputs representations in the same discursive representa-
tional format as thought (e.g., Mandelbaum 2018; Quilty-Dunn 2022: 809), these
theorists face their own ‘interface problem’. This is because such theorists recognize
a plurality of representational formats within perception. They must then explain
how fast inferential processing can occur within perception despite such differences
of format, in turn raising the question of why any such explanation cannot explain
transitions between perception and cognition.

These considerations do not directly answer Aronowitz’s challenge. But to the
extent that one is sanguine that the analogous challenge can be met in relation
to perception, they suggest that we should not be over hasty in concluding that
semanticization is inconsistent with the picture of episodic memory here espoused.

Relatedly, and in line with what Andonovski calls the ‘transitional gradation
challenge’ (2020: §4.2), one might press that the gradual nature of the transitions
between forms of memory threatens a conception of episodic memory as retained
acquaintance. But the existence of a continuum of hybrid cases involving purely
episodic as well as more general elements (or similarly memories which summa-
rize two, three, four … episodic memories) does not call into question the existence
nor explanatory priority of purely episodic memories. In the same way, theorists
like Block and Burge can, and readily do, acknowledge that there exist a range of
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non-perceptual states which are immediately derived from and exploit or incorpo-
rate iconic and perceptual elements (see, e.g., Block 2022: 215 and Burge 2023: 332
on perceptual beliefs). This is consistent with the existence of purely iconic states.

With these preliminary remarks behind us, I now turn to the core questions of the
paper: To what extents, if any, is episodic memory spatial and temporal?

Is EpisodicMemoryConstitutively Spatial?

To address the central question of this section, I take as my stalking horse the view
proposed by David Rubin and Sharda Umanath in an important theoretical paper
from 2015.¹⁰ There, Rubin and Umanath distinguish between event memory and
semantic memory. On their account, the key feature distinguishing event memories
from semantic memories is their spatial content. Specifically, they tell us that ‘an
eventmemory is amentally constructed scene’, where a scene is ‘an organized spatial
layout that locates the person remembering relative to the rest of the scene’ (Rubin
2022: 467–68). For Rubin andUmanath, episodicmemories are a special subclass of
event memories marked out by further features in which the represented events are
unique, about the self, relived, and voluntarily constructed. However, being a sub-
class of eventmemories, episodicmemoriesmust also in their view have a distinctive
spatial content.

Rubin andUmanath’s view has been influential in philosophy. In particular, Boyle
(2021) suggests that we endorse their view as a view of episodic memory in gen-
eral, in other words, that we identify Rubin and Umanath’s event memories with
episodic memory—event memories being (as discussed above) the fundamental
natural kind which contrasts semantic memory. Rubin and Umanath’s view also has
various Kantian precedents. Consider, for instance, Russell and Hanna’s Kantian
Minimalism according to which ‘just as experience must involve an experiencer’s
spatial perspective on objects and events, so too must re-experience’ (2012: 33).¹¹

What argument do Rubin and Umanath give in favour of their picture? Here is
one key passage:

An eventmemorymust have spatial organization; without it, thememory…will be judged
as knowledge. … One would judge oneʼs recall to be a memory of an event only if it was
experienced as the recall of a [spatial] scene. (2015: 4)

Why think that it is true that without a spatial scene we would judge an event mem-
ory instead to be knowledge, i.e. a semantic memory? A clue comes in a second
passage, where Rubin and Umanath offer the following consideration.

¹⁰ Rubin and Umanath are far from alone amongst scientists in insisting on a tight connection between space
and episodic memory. For instance, Moser et al. aver that ‘space is a central element of all episodic … memories’
(2015: 3).

¹¹ Russell and Hanna make the same claim about time, taking experience to be necessarily spatiotemporal, and
therefore also in their view episodic memory conceived as ‘re-experience’.
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Because a scene cannot be imagined…without an assumed viewpoint, … the self enters
as a locus in space and time … from which the scene is remembered. … This egocen-
tric perspective from a specific spatial location is what distinguishes event memory from
knowledge in phenomenological terms. (2015: 1)

How should we reconstruct this argument? The basic idea appears to be that there
is a structural, phenomenological difference between event (or episodic) memory
and knowledge (or semantic memory). This structural difference is held essentially
to involve the presence of an egocentric perspective within the content of episodic
memory. This perspective is then claimed to be a spatial viewpoint on the recalled
scene. In turn, this warrants the conclusion that, to be distinguished from semantic
memory, episodic memory must involve a spatial viewpoint on a spatial scene.

Themost obvious concern with this argument is that, whilst it seems right to hold
that a spatial scene cannot be episodically recalled except from a spatial viewpoint
(and thus that episodic memories of spatial scenesmust involve a spatial viewpoint),
no reason is given for thinking that episodic memories in general must involve a
spatial viewpoint. To assume that all episodic memories are of spatial scenes would
simply beg the question.¹²

Let us then grant that episodic memory critically involves a represented
perspective—as we’ll see below in discussing the Dependency Thesis, we can think
of this perspective as the experiential perspective represented in memory. What
we need to ask here is: Must this represented perspective be a spatial perspec-
tive which the recalled contents are represented as related to, and so as spatial in
turn? Doubts on this score are most easily appreciated by consideration of putative
counterexamples.

Discussions of episodic memory are often visuocentric (witness the use of the
term ‘viewpoint’ as a synonym for ‘perspective’ in the second passage quoted above).
But we can of course enjoy non-visual memories. For instance, you might smell
a powerful aroma and then later recall having done so. Having once smelled ripe
durian fruit, you might never forget smelling its pungent odour of ‘turpentine and
onions, garnished with a gym sock’ (Sterling 2003: 102). Likewise, you might hear
a distinctive tune and long recall hearing it thereafter. Perhaps you can recall once
hearing a thrush nightingale sing.

Such memories may involve rich spatial scene construction—perhaps you recall
yourself smelling the fruit in the midst of a bustling Bangkok market, or hearing the
bird in the thick of a Romanian forest. But it is far from obvious they must. Simply
to recall that particular experience of the pungent odour, or that particular hearing
of the bird’s resonant high-pitched piuu, piuu, does not obviously require repre-
senting oneself as occupying any particular spatial location, nor spatially relating
any features to such a location. This is not because olfaction or audition in general

¹² Two further puzzles arise concerning the argument. The first concerns the assumption that the assumed view-
point will inevitably be the self. The second concerns the apparently differing attitudes to space and time. For whilst
the assumed viewpoint is initially introduced as ‘a locus in space and time’, it is only the spatial location of the
viewpoint which is subsequently drawn on to distinguish event from semantic memory.
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lack spatial content.¹³ It is because olfactory and auditory memories may sometimes
fail to specify any such content. Mohan Matthen contends: ‘Auditory memory is
hardly ever spatial: usually when you recall a tune, you don’t hear it as coming
from anywhere’ (2010: 14). I make no claim about frequency, which may well vary
by individual, but Matthen is plausibly right about the simple possibility of such
memories.

Examples of non-spatial memories in non-visual senses may not convince every-
one. One might suspect, for instance, that they simply involve extremely generic
spatial content (the tune coming from ‘somewhere’ or ‘nearabouts’, etc.). Or one
might be concerned that when fully deprived of spatial content, such memories
become general event memories as opposed to episodic memories proper. Fortu-
nately, we can set aside these concerns, since there is a much clearer case where
spatial scene construction can be absent from episodic memory, namely memories
of our mental actions, and specifically our thoughts.

As Michael Hasselmo describes at the start of his wonderful book, How We
Remember, what he calls ‘episodic trajectories are not necessarily limited to the
dimensions of physical time and space … I also remember my thoughts’ (2012: 7).
In remembering, in Browning’s phrase, being ‘stung by the splendour of a sudden
thought’, one need not remember any spatial content. You can simply remember
having the thought. It makes perfect sense to say, ‘I have no memory at all of where
or when it was, of what happened before or after etc., but I vividly remember think-
ing …’. To allow for the possibility of such memories, we must deny that all episodic
memories constitutively have spatial content. In consequence, Rubin andUmanath’s
claim that scene content distinguishes episodic from semantic memory must be
rejected.¹⁴

I do, however, think that an important idea in the vicinity of Rubin andUmanath’s
is correct. This is the idea that memory is a second-level phenomenon, in that it
involves the representation of a prior experience of yours.¹⁵ Thus, at the first level
we have some form of experience: seeing a scene, hearing a tune, thinking a thought.
Then, at the second level we represent not merely the scene, tune or thought, but
the seeing, hearing or thinking of the thought.¹⁶ This idea is sometimes called the
Dependency Thesis. According to it, to paraphrase Martin (2001), to episodically

¹³ Reid notoriously makes this claim about olfaction, suggesting: ‘It is evidently ridiculous, to ascribe to [a smell
or odour] figure, colour, extension, or any other quality of bodies. [One] cannot give it a place, any more than [one]
can give a place to melancholy or joy’ (1764/1997, I.i.2). For criticism of this tradition, see Richardson (2013) who
argues that we do perceive odours as external to our bodies, specifically as in the vicinity of our noses and as brought
into our noses by sniffing. For discussion of the spatial content of audition, see Nudds 2009.

¹⁴ A possible line of objection is that all memories include some awareness of one’s body, and so even in remem-
bering a thought we necessarily remember it in the context of some background of bodily sensation. Specifically,
Marcel Kinsbourne argues that a representation of the self is essential to episodic memory and claims that it is bod-
ily awareness which ‘puts the stamp of personal experience on the scene’ (1995: 218). What is unclear, however, is
why we should think of bodily awareness as either necessary or sufficient to secure the link between remembered
experience and self.

¹⁵ For detailed discussion of two-level accounts of experience more generally, see Martin 2019.
¹⁶ Note that where the first-level phenomenon involves acquaintance, we can think of memory as renewing

such acquaintance. However, no commitment is made here to the idea that all episodic memory involves renewed
acquaintance. Indeed, recognizing that we can episodically remember our thoughts puts pressure on that idea to
the extent that one might want to resist the idea that thought involved acquaintance.
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remember an event is to remember previously perceptually experiencing that event
or being the conscious agent of it.¹⁷

The Dependency Thesis helps us see what is right and wrong about Rubin and
Umanath’s argument, according to which episodic memory essentially involves a
spatial viewpoint on a scene. What is right is that a distinctive feature of episodic
memory is that it embeds a ‘viewpoint’: the subjective perspective of an experi-
ence of the recalled content. But what is wrong is the idea that this viewpoint
need necessarily bring with it any spatial content. It will only do so if the first-
level viewpoint must necessarily be represented as a spatial viewpoint. But our
cases of non-visual memory, and above all memories of thoughts, suggest that
this need not be the case. Arguably, the idea that episodic memory is essentially
spatial thus reflects a recognition of Dependency combined with an overly nar-
row focus on certain kinds of visual memory where an essential connection with
space is more plausible. In general, however, episodic memory is not constitutively
spatial.¹⁸

Dependency also allows us to see what is right and wrong about the common idea
that the phenomenology of memory is one of perceiving again. For instance, Fab-
rice Teroni suggests that the ‘phenomenology distinctive of memory’ involves ‘it’s
being for the subject as if she perceived particular events again’ (2017: 27). Taken
at face value, Teroni’s claim here is false. Episodic recall is not a form of halluci-
nation. Nonetheless, his claim rightly reflects the internal connection between the
phenomenology of episodic recall and perception, one captured by the dependency
of the former on the latter. What is right from the perspective of the Dependency
Thesis is that there is an internal connection between the phenomenology of percep-
tion and the phenomenology of memory—to remember is to remember perceiving
(or acting). What is wrong is to suggest that they have the very same structure. They
do not. Perception involves direct acquaintance with the environment. Memory
involves the representation of such acquaintance and thereby the experienced
environment.

¹⁷ As formulated, Dependency claims that to remember is to remember one’s own perceptual experience of an
event etc. This raises the question of what to say about so-called observer as opposed to fieldmemories: memories in
which we recall a past episode from a perspective distinct from that which we experienced it, perhaps even looking
at ourselves identified as such (seeNigro andNeisser 1983). One option here is to think of the perspectives taken-up
in these memories as genuinely our own viewpoints on the grounds that our perceptions contain both egocentric
and allocentric spatial information (for a rich discussion, see McCarroll 2018). A more straightforward reply is to
think of such memories as immediate cousins of episodic memories, though not strictly episodic memories proper.
One reason to insist on a close connection is that, like field memories, they arguably secure a link back to our own
experience insofar as the content of any experience represented in an observer memory must be properly inherited
from an earlier experience of our own. This allows for transformations to new perspectives in observer memories,
whilst preserving what Martin calls the Previous Awareness Condition, the idea that ‘one can remember an event
only where one previously witnessed it or was the conscious agent of it’ (2001: 261). Note further that the ‘fact
that certain elements of an experience depend on some present reconstruction [e.g., the transformation to a novel
perspective] does not imply that the whole experience could not possibly count as a memory at all’ (Debus 2007:
197, and her discussion in §5 more generally).

¹⁸ Might some extended or abstract notion of space (as in: pitch or color space) offer a way of recovering a
version of Rubin and Umanath’s claim that episodic memory is constitutively spatial? The existence of memories
for thoughts again makes me sceptical.
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Is EpisodicMemoryConstitutively Temporal?

Even if episodic memory is not constitutively spatial, one might think it far more
obvious that it has a constitutive connection to time. Here, however, it is impor-
tant to distinguish a number of quite different connections which one might
posit between episodic memory and time. With these distinctions in mind, I
now argue, contrary to various authors, that episodic memory has only a mini-
mal constitutive connection to time. I consider three putative connections. First,
the idea that episodic memories necessarily represent when their events occurred.
Second, the idea that episodic memories necessarily have tensed contents, rep-
resenting their contents as past. Third, the idea that episodic memories neces-
sarily have temporal contents, for instance, representing succession, duration and
change.

Remembering When

A first way in which episodic memory might be thought constitutively tempo-
ral is if it necessarily represented when its events occurred, either in terms of
absolute location or distance from the present moment. However, despite con-
tinuing claims to the contrary¹⁹, it is now a familiar point that it is ‘possible,
though rare, for one to re-experience an event memorially but have no robust
knowledge of how long ago it happened’ (Russell and Hanna 2012: 32).²⁰ Indeed,
a case can be made for the stronger view on which our knowledge of when a
recalled event occurred is largely, if not exclusively, a matter of non-temporal
features and background knowledge.²¹ Here we might compare memory to a pho-
tograph collection in which the photos lack labels, date stamps, or chronological
organization, leaving one to figure out from various clues (e.g., the type and fad-
ing of the photograph, background knowledge about the fashions and hairstyles
people are sporting, etc.) when each photo was taken. I return to the question
of the association between episodic memory and temporal organization in the
final section. For now, I simply accept the minimal point that some episodic
memories do not encode substantial information aboutwhen the remembered event
occurred.

¹⁹ For instance, Smith and Mizumori: ‘episodic memories, by definition, include information about the time
and place where the episode occurred’ (2006: 716). Cf. Clayton and Dickinson (1998) on episodic-like memory as
what–where–when memory.

²⁰ Boyle puts the point more strongly, holding that there are ‘a great many cases in which we have episodic
memories for events we are unable to temporally locate’ (2021: 2515).

²¹ See, e.g., Rubin and Umanath: ‘The time of an event need not be known, either in absolute terms or relative to
other events; deciding on when an event occurred is a separate set of processes from recalling other properties of
the event’ (2015: 2). Also, Friedman (1993): ‘time information is stored … in our more general body of knowledge
about time patterns’ (see also his 2004; Brewer 1986, 1996; Rubin & Baddeley 1989; St. Jacques et al. 2008). For
critical discussion, see Brown and Chater 2001: 102ff.
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Remembering as Past

Even if memories do not always encode when a remembered event occurred, one
might nonetheless think that memories at least represent events as past, and per-
haps locate when they occurred in that veryminimal sense (i.e., before now, the time
of recall). Indeed, the claim that whereas perception represents events as present,
episodic memory represents events as past is ubiquitous.²² Here, however, and
drawing on Martin’s (2001) discussion of the Dependency Thesis, I want to suggest
a more minimal picture which I suggest captures the intuitive data and yet denies
that episodic memories themselves have past tensed content. At the very least, I take
this more minimal picture to show that the claim that memories represent events in
a tensed fashion (i.e., as past) is not simply something that can be taken for granted
without argument.

According to the Dependency Thesis, episodic memory represents particular
experiences. Now, to the extent that we are in position to know what experiences
we are undergoing when we are undergoing them, when we remember a particular
experience, we are in a position to know (a) that we are not then undergoing it, and
(b) that it is nonetheless the representation of a particular experience.²³ Thus, we
can know that our memory is not of a present experience, but of some other par-
ticular experience. This leaves open two possibilities: either the recalled experience
occurred in the past or it will occur in the future. However, since the represented
experience is a particular experience, we can be sure, given the basic causal structure
of the universe we live in, that it must be located in our pasts. For only then could it
have left its causal mark on us in such a way that we could now be reacquainted
with that event in particular.²⁴ Our universe does not admit of precognition.²⁵
The upshot is that we can know that episodic memory links us to the past without
any need to postulate tensed content.²⁶ Put another way, the contents of our

²² A small sampling from philosophical discussions: ‘In the memory mode, the content is presented as true with
respect to a past perceptual situation, hence the scene represented is felt as past’ (Recanati 2007: 141–42); ‘Episodic
memories … represent themselves as having a certain causal history, namely … as coming from past perceptions
of objective facts’ (Fernández 2016: 636–37; cf. Searle 1983); ‘memory-experience presents itself as about the past’
(Matthen 2010: 8), ‘Episodicmemory is, in and of itself, an experience of an image as in the past’ (ibid.: 11); ‘We can
think of episodicmemory as an explicit representation of the past. Its functional value is rooted in its representation
of a past experience itself, that is, a representation of the past as past’ (Droege 2013: 183). Brown and Chater:
‘episodic remembering seems to require the ability to represent an event as having happened at a particular time
in the past’ (2001: 77, citing McCormack and Hoerl 1999). Finally, Russell: ‘what we remember … appears as past
and not as present’ (1912/2001: 26).

²³ In paradigm cases of episodic recollection, we know that we are recalling a particular episode as opposed to
imaging an event type. But it is by no means obvious that this is always the case. Certainly, sometimes we may
confuse genuine memory for mere imagination, and so fail to appreciate the particularity of the representation.
However, such cases alone do not suffice to show that we are not always in a position to know that we are recalling
not imagining.

²⁴ This point also rules out our memory being of a merely possible particular event.
²⁵ A link to our own past, as opposed to someone else’s, may also be secured in likemanner. On this view, episodic

memories would not represent past experiences as ours. Instead, our recognition that such memories must be from
our pasts would be grounded in an implicit appreciation of the fact that a link to a particular past experience could
not be secured by a chain or trace which took us outside of our own mind. Thus, just as our universe contains no
precognition, it also admits no telepathic transmission.

²⁶ For further discussion, see Martin 2001. Of course, such thoughts are not articulated by most people in their
ordinary thinking about memory; rather they make explicit what is implicit in and justifies our ordinary think-
ing. Note that generic event memories (e.g., reading bedtime stories to one’s child when young etc.) can still be
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memories in and of themselves do not determine that they are not ‘memories’ of
future particular experiences. This is ruled out instead by very general background
causal facts about our world.

Another analogy with photography may be helpful here (although as with all
analogies it has its limits). Imagine taking an old photograph back to the place where
it was taken, perhaps with the aim of taking a second photograph as in Figure 1.2.
Holding up the original photograph as the photographer has done here, theymay be
in a position to know that it depicts events which occurred in the past. But to explain
this, we need not attribute tensed contents to photographs. Instead, the photogra-
pher can simply reflect on the contrast between what he can currently see and what
is depicted in the photograph, a contrast which suffices to show that the photograph
does not depict things as they are now. He can then further reflect that the way our
world works precludes taking photographs of the future, for photography is a causal
and so forwards-only process, which thus can only record particular past occur-
rences and scenes. In this way, our photographer can know that his photograph
depicts the past. There is only re-photography, not pre-photography.²⁷

Figure 1.2 ʻLooking into the past—take 2 .̓ © Nomad Tales. Attribution-ShareAlike 2.0 Generic
(CC BY-SA 2.0). Example of rephotography. Original photograph of flooding on the High Street,
Maitland, NSW taken in 1955, second photograph of same high street, taken 2010.

The view here is not intended to impose substantive intellectual requirements
on episodic memory itself, and so again has no implications for the distribution of
episodic memory across humans and non-human animals. It does though imply
that appreciating that our episodic memories relate to our pasts (as opposed to our
futures or to merely possible events) is a cognitive achievement which goes beyond
simply having suchmemories. Just as the capture, use and collection of photographs

understood as located in our pasts, insofar as they are not purely general, but rather genericizations of particular
events.

²⁷ Note here the contrast with paintingswhich can depict future events, but cannot, independent of the intentions
of their painter, depict particular events (see here Martin 2001: 276). As with remembering, note that it is a non-
trivial achievement to appreciate that a print is indeed a photograph (as opposed, e.g., to a print of an entirely
AI-generated image) and so depicts a particular.
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is possible without any general understanding as to why photographs always depict
the past, so too a creature need not have any capacity to make explicit the reasoning
offered here in order to form, use and store episodic memories. One might object
here that episodic memories have a distinctive phenomenology, an immediate ‘felt-
as-past’ character, as it were. The view here denies this. What is critical to episodic
memory’s connection to the past is the particularity of its content and not its being
past tensed.

Remembering and Internal Temporal Content

Thus far, our discussion has been largely negative. However, I nowwant to explore a
more positive connection between episodic memory and time, a connection which
again relates to the Dependency Thesis discussed above.

Often the objects of memory are extended episodes: a live performance, a wed-
ding speech, a dramatic fall. In remembering them, we often represent their tempo-
ral features such as succession, duration or change. However, we should allow for
the possibility of snapshot memories.²⁸ Thus, in general, we should not insist that
memories must have such temporal features amongst their contents. On the other
hand, by Dependency, in the case of perceptual memories, when we remember a
past event, such as a performance, we remember previously perceptually experienc-
ing that event. This means that the contents of such perceptual memories do always
involve a minimal temporal aspect. This is because we not only remember the per-
formance which occurred and our hearing and seeing of it, but these as temporally
related to one another.

Elsewhere, I have defended a particular view about the relationship between the
timing of perceptual experience and the timing of its objects.²⁹ According to this
view, temporal features of experience are inherited from their objects. More pre-
cisely: for any temporal property apparently presented in perceptual experience,
experience itself has that same temporal property. In particular, the apparent tempo-
ral location and duration of an event determines the temporal location and duration
of our experience of said event. Inheritance articulates the idea that part of what it
is like to perceive the world from a perceiver’s own perspective is to be temporally
yoked to the world. Our stream of consciousness is manifestly concurrently shaped
by the events we consciously perceive.

By Dependency, perceptual memories involve representing being so temporally
yoked to the world. We thereby represent our stream of consciousness being deter-
mined in its temporal location and duration (if any) by the recalled event. To that
extent, episodic memory involves the representation of a temporal structure: an

²⁸ Compare Tulving, who describes his General Abstract Processing System framework as offering a ‘“snapshot
view” of episodic memory [focusing] on the conditions that bring about a slice of experience frozen in time which
we identify as “remembering”’, further proposing that episodic memory ‘produces many snapshots whose orderly
succession can create the mnemonic illusion of the flow of past time’ (1984: 231).

²⁹ See Phillips 2009, 2010, 2014a, reviewed in Phillips 2014b. For closely related ideas, see Soteriou 2010 and
2011.
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experience and its object, occurring (andperhaps unfolding) together in time. Recall
Rubin and Umanath’s argument that episodic memory essentially involves a spatial
viewpoint on a scene. I rejected this contention partly on the ground that we can
have non-spatial (e.g., auditory and olfactory) memories. However, we can now see
that there is a sense in which all perceptualmemories do essentially involve a tempo-
ral ‘viewpoint’: the subjective temporal perspective of our experience of the recalled
episode. There is then aminimal respect inwhich episodicmemory representswhen
an event occurs: it represents the event perceived as occurring contemporaneously
with our perceiving of it (and indeed as determining the temporal location of that
perceiving).³⁰

These claims relate specifically to perceptual memory. As against Rubin and
Umanath’s claim that episodic memory is constitutively spatial, I objected that we
can also remember our thoughts. The claims just made do not straightforwardly
extend to the case of recalled thought. For no analogue of inheritance applies to
thinking; the temporal locations and durations of our thoughts are not inherited
from their objects—you can ruminate for hours on a momentary incident, or for
just a moment about an epoch. On the other hand, in the case of conscious thought
it is far from obvious that we can genuinely make sense of snapshot memories. To
remember thinking, in a genuinely episodic manner (as opposed to simply that one
had a certain thought), it might seem necessary to involve recalling some (at least
briefly) extended episode.³¹ If this is right, then a more general claim about episodic
memory can still be made, namely that episodic memory constitutively has some
internal temporal content: minimally, duration in the case of recalled thought, and
simultaneity in the case of recalled perception.

Space, Time, and theOrganization andEncodingof Episodic
Memory

In this final section, I briefly consider whether what is known about the encod-
ing and organization of human and mammalian episodic memory motivates a
stronger link betweenmemory and spatiotemporal representation than theminimal
connection so far acknowledged.

In approaching this question, we must centre a feature of memory hitherto
neglected, namely storage and retrieval. Memory is not simply a depository where
event-representations are stored without any particular structure or system: a giant

³⁰ The discussion here is indebted to Soteriou’s (2018) rich defence of the idea that episodic memory constitutes
a form of ‘mental time travel’. Soteriou argues that episodic memory provides a ‘way of representing entities as tem-
porally present’ (2018: 308) which is distinct from past tensed thought. Specifically, he argues that in representing
a perceptual perspective on a past event (as Dependency holds one does in episodically remembering), one rep-
resents a temporal perspective whose temporal location is determined by the temporal location of the past event
itself. As a result, one represents a perspective distinct from one’s actual present perspective to which the past event
is present. I take the picture defended here to be close to Soteriou’s. However, it is neutral on whether there is strictly
any tensed representation in perception or memory (i.e., representation of events as temporally present).

³¹ For an argument that conscious thinking necessarily involves mental events with duration, see Soteriou 2009.
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pile of photographs tossed into a mental junk drawer. Rather, as Aronowitz pow-
erfully argues, a ‘core function of any memory system is to support accurate and
relevant retrieval’ (2019: 483). And if memories are to be retrievable in a timely and
contextually appropriate manner, they must be organized.

As Aronowitz (2019) discusses, there are important questions here as to how such
retrieval efficiencies are achieved. For example, do our memory systems index an
unorganized store, or organize memories into simplified models, or both? But in
either case, it will be necessary to use general, abstract ‘contextual’ features in index-
ing or modelling. Moreover, just as people typically organize their photographs
chronologically, it is natural to ask whether space and time provide special, perhaps
even naturally necessary, organizational dimensions in relation to episodic mem-
ory. If so, whilst particular episodic memories might lack spatiotemporal content,
in general, the association of episodic memories with information about spatiotem-
poral context would be critical to the proper functioning of the episodic memory
system. To take up our analogy with photographs once more, memory may be
like a chronologically organized photograph collection, in which, occasional stray
photographs aside, all collected photographs are associated at least with a relative
temporal position.

As discussed by Brown and Chater (2001, drawing on Anderson 1990), there are
clear adaptive reasons to suppose that memories will be organized spatiotemporally.
For suppose that retrieval is costly in terms of time and/or limited resources, then it
will be important to ensure that what is retrieved is maximally relevant. Moreover,
space and time are both externally and internally linked to relevance. In terms of
external linkages, and all else equal, the relevance of information declines mono-
tonically with distance from our current location. Arriving in Rome, we want to
recall how the Romans do things, not the Greeks, still less the Egyptians. Similarly,
for duration. In today’s Rome, information about current customs and conditions is
likely much more relevant than information about those during the 1960s, let alone
the height of the Republic.³² In terms of internal linkages, and again all else equal,
it is plausible that having accessed a memory concerning some location or time,
it is more likely that information concerning nearby times and places will be rel-
evant (cf. Aronowitz 2018 on temporally ordered retrieval, as in the familiar—but
effective—routine of trying to find a lost item by asking when you last saw it).³³

These considerations only take us so far. They show that there is adaptive
value in organizing memories spatiotemporally. But, as Brown and Chater concede
(2001: 102), they do not show that memories will exclusively exhibit spatiotemporal
organization. Indeed, similar adaptive arguments could bemade in support of orga-
nization along many other dimensions. Suppose I am trying to recall a tune. Since
tunes tend to continuewith notes nearby in pitch, having recalled a note, then all else

³² More precisely, and again all else equal, relevance declines monotonically with time since last retrieval
(Anderson and Schooler 1991).

³³ Of course, all else is often not equal, and context is crucial. Thus, information about the Roman Republic
might be a better guide to the politics of Washington, D.C. today than information about the east coast of America
even a thousand years after the fall of Rome. (Thanks to Simon Brown for the example.)
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equal, information concerning continuations close by in pitch will bemore relevant.
Or, to anticipate an example below, suppose I encounter (or recall) someone who
occupies a particular social standingwith respect tome, a powerful friend, or a help-
less stranger. All else equal, it will be most relevant to recall information concerning
encounters with others located similarly along such social dimensions of power or
affiliation. For I will want to recall how such people tend to act, what they tend to
like or need etc. Now, of course, unlike a physical photograph album, nothing pre-
vents memories being organized along multiple dimensions, either in the sense of
being searchable using a range of different dimensions, or in the sense of exhibiting
a pattern of activation dependencies along the lines discussed above. But once this
very general point is recognized, it is unclear what would justify the assumption that
time is ‘always a factor’ as Brown and Chater hold (2001: 102). Instead, the possibil-
ity arises not only that certain memories may be organized in non-spatiotemporal
ways but that some memories may not be organized spatiotemporally at all.

One important reason to think that space and/or time are always a factor is that
episodic memory systems have arguably evolved out of simpler systems appar-
ently dedicated to spatial navigation (O’Keefe and Nadel 1978; Buszáki 2005)
and time-dependent foraging (Gallistel 1990; Brown and Vousden 1998). Given
this phylogeny, we might expect systems like ours to exhibit spatiotemporal orga-
nization, even if in principle other organizations are possible. Space and time
might then be the basic or default mode of organization of human or mammalian
memory.

According to a highly influential proposal supported by a wealth of studies on
amnesic patients, hippocampal structures play a critical role in the coding of human
episodic memories (e.g., Vargha-Khadem et al. 1997; Tulving and Markowitsch
1998; Aggleton and Brown 1999). Yet, as we know from rodent studies, hippocam-
pus also plays a critical role in spatial navigation, being the site of so-called ‘place
cells’: cells which fire at high frequency when an animal occupies a particular region
of space and are thought to provide the basis for a rodent’s ‘cognitive map’ of their
spatial environment—a viewpoint independent representation (or better: overlap-
ping set of representations) of the relationships between features and locations in
the animal’s environment (O’Keefe and Dostrovsky 1971; O’Keefe and Nadel 1978;
Mizumori 2008).³⁴ So-called ‘time cells’ have also now been discovered in hip-
pocampus and entorhinal cortex (Pastalkova et al. 2008; MacDonald et al. 2011;
Kraus 2015; Salz 2016; Umbach 2020). These are cells which fire at specific time
points in a learned sequence even when the animal is stationary.

Together these findings raise the vexed question of how precisely such spatial
and temporal mapping functions in rodents relate to human episodic memory.
As Kathryn Jeffery argues: ‘If one assumes that there is a functional homology

³⁴ Several other types of spatially responsive cells are now recognized in hippocampus and entorhinal cortex, e.g.,
head-direction, boundary, and grid cells. For review, see Hartley et al. 2014. Note that as discussed shortly below it
should not be assumed that any of these cells only encode information about space. Nor should it be assumed that
spatial navigational processing is in any sense limited to such brain regions. There is clear evidence that this is not
the case, as discussed by Ekstrom and Ranganath (2018: 680–81).
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between rodents and humans with regard to the anatomy and mechanisms of
episodic memory, then spatial and episodic functions need somehow to be unified’
(2008: 69). Moreover, evidence of a broadly homologous basis for spatial naviga-
tion in humans (Ekstrom et al. 2003) raises the question directly of how episodic
memory and navigational functions relate in humans given their apparently shared
neuroanatomical basis.

There is now a great deal of evidence that non-spatiotemporal information is
encoded by place and other hippocampal and entorhinal cortex cells. For instance,
hippocampal cells have been found to respond strongly to many task-relevant stim-
uli such as odours, colours and visual-tactile cues (Eichenbaum et al. 1987; Igarashi
et al. 2014; Anderson and Jeffery 2003; Young et al. 1994; reviewed in Eichenbaum
et al. 1999). One way to understand this evidence is that hippocampal circuits³⁵ pro-
vide the basis of a spatiotemporal cognitive map which ‘is richly embellished by
nonspatial information to form a representation of [spatiotemporal] context, used
to (among other things) organize memories’ (Jeffery 2008: 65).³⁶ According to this
proposal, episodicmemories are organized by being ‘“attached” to amap’ (ibid.: 69),
where this map is fundamentally spatiotemporal, even if other features are encoded
as part of a richer spatiotemporal context. On this view, then, whilst individual
episodic memories themselves need not have spatiotemporal contents, a spatiotem-
poral framework forms the fundamental basis of episodic memory organization,
subserving its critical retrieval functions.

However, an alternative account denies that hippocampal encoding is inextrica-
bly spatiotemporal. On this alternative, hippocampusmaps relations quite generally,
encoding relationships between myriad encountered sensory features across all rel-
evant continuous dimensions. It is conceded that in everyday life, and perhaps
especially in traditional experimental tasks (e.g., those involvingmaze exploration),
that spatial information is typically such a reliable identifier of context ‘that its inclu-
sion in context representations is largely automatic’ (Smith and Mizumori 2006:
721), leading to the appearance that space is privileged. However, strictly speaking,
‘spatial information is but one of the many kinds of information that serves the gen-
eral context processing function of the hippocampus’ (ibid.: 727). Thus, memory
organization fundamentally involves an ‘interleaving of events and episodes into
relational networks’ with space and time just being examples amongst equals of
potential organizational relations (Eichenbaum and Cohen 2014: 764). From this
perspective, ‘place cells’ (etc.) are misnamed since they encode many other kinds of
contextual information depending on the task.

What considerationsmight be adduced in favour of this latter perspective? Aronov
et al. (2017) trained stationary rats to release a joystick when a sound reached a fixed

³⁵ Henceforth, I omit reference to other connected regions such as entorhinal and parahippocampal cortex.
³⁶ Jeffery focuses only on spatial context, whereas for reasons given in the main text, I broaden this to spatiotem-

poral context. Note that, though I do not explore it here, it is possible to resist the move beyond space to time in the
manner discussed below with respect to non-spatiotemporal dimensions.
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frequency range, decoupling pitch from temporal contingencies by randomly vary-
ing the speed of the frequency increase. Recordings of hippocampus and medial
entorhinal cortex showed cells forming ‘frequency fields’, analogous to the ‘place
fields’ famously associated with spatial navigation.³⁷ Aronov et al. take these results
to show that ‘spatial representation is just one example of amore generalmechanism
for encoding continuous, task-relevant variables’ (2017: 7). Even more abstractly,
Tavares et al. (2015; highlighted by Eichenbaum 2015) had human participants play
a role-playing game in which they had to move to a new town and find work and
housing. In the game, the characters with which participants interacted all occupied
varying positions in an egocentrically defined ‘social space’ with axes correspond-
ing to dimensions of power and affiliation (e.g., new boss, old friend). Tavares et al.
found that hippocampal activity correlated with vector angle in this space, suggest-
ing that hippocampal networks canmap even highly abstract, culturally constructed
spaces. Again, the authors construe this as evidence that neither space nor time pro-
vide a privileged organizational scheme for episodicmemory; any abstract structure
will do.

These considerations are not decisive. Evidence from such studies is consistent
with the view that whilst place cells ‘might be interested in more than just space …
they are primarily interested in space’ (Jeffery 2008: 69). More generally, as Ekstrom
andRanganath argue, extant evidence does not rule out the view that space and time
provide the ‘primary scaffold for defining contexts, and for organizing incoming
information within a context representation’ with other dimensions being ‘incor-
porated into the scaffold’ as relevant (2018: 685). For instance, concerning Aronov
et al.’s task, Ekstrom and Ranganath suggest that when the rats first entered the
testing chamber, their hippocampi would have encoded information about the
spatial and temporal structure of the chamber and task. Only later, after learn-
ing the task-specific pitch contingencies, would this dimension of their experience
have been added to their contextual representation (presumably without abolishing
ongoing spatiotemporal coding). Another possibility is that information about non-
spatial dimensions (frequency, social affiliation) becomes automatically associated
with spatial information, with the result that spatial representations are activated
in these tasks.³⁸

These issues are not yet settled and much remains unclear about the precise role
and cognitive function of hippocampus (as well as other areas such as parahip-
pocampal and entorhinal cortex). This said, the success of recent work (e.g., Whit-
tington et al. 2020; Benna and Fusi 2021; Momennejad 2020) in predicting specific
patterns of spatial and temporal neural responses simply by modelling the system
as aimed at abstracting, generalizable structure from sensory episodes, would most

³⁷ Place fields are regions of space in which corresponding ‘place cells’ fire at high frequency. Frequency fields
are thus pitch intervals in which corresponding cells fire at a high rate.

³⁸ Consider here too Walker et al. (2010) who provide evidence that cross-modal associations (such as between
pitch andheight) are present even in 3- to 4-month-old infants and so arguably reflect an innate aspect of perception.
(Thanks here to E. J. Green.)
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naturally appear to support a view on which spatiotemporal representations are
emergent features of a system which does not accord them any special privilege. On
this more parsimonious view of the role of hippocampus as an extractor of abstract,
generalizable structure, be it spatial or non-spatial, whilst of course we can expect
our memories to exhibit spatiotemporal organization, the sense, if any, in which
space and time are basic or default organizational dimensions of episodic encoding
will simply be that these are—as a matter of contingent fact—primary organiz-
ing dimensions of our perceptual experience. We are spatiotemporal rememberers
because we live in and perceive a spatiotemporal world.

Conclusion

I have considered four issues: the nature of episodic memory, whether it is consti-
tutively spatial, whether it is constitutively temporal, and whether space and time
provide fundamental principles for organizing episodic memory. In the main, my
answers have been negative. Episodic memory does not appear to be constitutively
spatial, and its constitutive connection with time is far more minimal than most
philosophers believe. Furthermore, whilst space and time do play a critical role
in the organization of episodic memory, this role is neither obviously unique nor
fundamental. On the other hand, I have defended a modest constitutive connec-
tion between episodic memory and time related to the temporal structure of its
contents.³⁹
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Researchers in psychology and neuroscience aim to find analytic categories, anal-
ogous to the concept of ‘element’ in chemistry or ‘species’ in biology, to facilitate
our understanding of cognition, emotion, and behaviour. However, arriving at the
right categories in any science is challenging because research is necessarily concept
laden, i.e., formulated using the very concepts that may turn out to be questionable
(Dubova & Goldstone 2023). Additionally, in cognitive science, we are uncertain
about whether we are aiming to characterize the mind and brain as composed of
distinct modules or as overlapping constructs instantiated in large neural networks
with considerable overlap as well as points of difference. There are various criteria
to address these issues, including patterns of cross-species variation, whether indi-
vidual differences are correlated, whether functions share common neural bases,
whether functions show double dissociations, and whether functions show coinci-
dent or sequential developmental emergence. However, it is rare to see systematic
evaluation using multiple criteria. This chapter considers memory and navigation
and argues for using developmental emergence as one tool in defining the rela-
tions among constructs. We begin by outlining the crucial conceptual distinctions
currently used in studying memory and navigation. We discuss how the proposed
constructs (semantic and episodic memory, egocentric and allocentric navigation)
may be related to each other, first for within-domain pairs and then across domains.

DefiningMemorySystemsandNavigationSystems

Memory refers to a variety of mental phenomena. For decades, researchers have
distinguished between explicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarativeexplicit/declarative and implicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memoryimplicit/procedural memory, with
explicit memory subdivided into semanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemanticsemantic and episodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicepisodicmemory (Squire et al. 1993;
Squire 2004; Tulving 1983). Semantic memory refers to general knowledge about
the world or fact-based knowledge (e.g., dogs bark), and episodic memory involves
storage of life events with their temporal and spatial context (e.g., Fido barked wildly
yesterday, standing at our front door when the newmail carrier was walking up to our
house). Although the boundary is not always clear (Renoult et al. 2019), the basic
contrast has been compelling and useful.
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Navigation is sometimes considered an aspect of ‘spatial cognition’. However,
that term is misleading; navigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigationnavigation and object-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulationobject-centred spatial manipulation are dis-
tinct from each other conceptually, evolutionarily, and neurally (Newcombe 2018).
Navigation involves encoding where things are in the wider world (e.g., how to
walk from my house to the post office) and planning how to move to goals within
that world. Object-centred spatial manipulation involves encoding how things are
shaped and how we can transform those internal spatial relations (e.g., folding a let-
ter so it fits an envelope). Navigation depends on two systems, one using body-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-basedbody-based
information and the other using world-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-basedworld-based information (Ekstrom & Isham 2017;
Newcombe 2018; Tansan et al. 2022). There are two kinds of body-based experi-
ences: egocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentricegocentric information, i.e., relations of objects in the world to a static person
viewing it, and inertial information generated when a person moves, e.g., a series of
translations and rotations that can be used to form a route using path integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integrationpath integration.
World-based or allocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentricallocentric knowledge for humans typically involves stable visual
landmarks that can also form a route description or provide an overall frame-
work. There is also available information from auditory, olfactory, or other senses,
sometimes forming a gradient and other times providing more punctate location
information.

Eventually, map-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representationsmap-based representations may emerge for some individuals in some
environments, although there is wide variation in whether they do (Peer et al.
2021). Environmental circumstances may favour certain strategies over others. For
example, rural settings seem to support the development of use of distal cues and
effective wayfinding, but city settings that occlude distal cues, especially if they
include a regular street grid, are associated with less well-developed navigational
ability (Coutrot et al. 2022; Hund et al. 2012).

HowAre theTwoKinds ofMemory and theTwoKinds
ofNavigationRelated?

Buzsáki and Moser (2013) proposed a model of the relations among types of mem-
ory and types of navigation that they succinctly summarized in Figure 2.1. Although
they meant to suggest contemporaneous relations and did not propose a develop-
mental model, if one mental faculty supports another one, it would be natural to
suppose that the more basic function comes first in development. However, con-
trary to the implication of Figure 2.1, semantic memory precedes episodic memory
rather than the opposite. Path integration and allocentric representations develop
in parallel, rather than path integration coming first. Semantic memory comes long
before map-based navigation, as well as before episodic memory. Episodic memory
and both forms of navigation develop largely in parallel.We review the four pairwise
relations in the next four sections. (See Figure 2.2 for a developmental timeline.) In
the concluding section, we briefly discuss how developmental facts can and should
constrain our models of the mind and brain.
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Figure 2.1 A proposed relationship between types of navigation and types of memory. Path
integration features similar processes to episodic memory due to the cognitive effort to tie
together parts of a whole. In path integration, two points may be known, and the navigator
infers the third connection based on self-reference relations. Episodic memories are
self-referenced and ease in recalling different features of the memory may prompt further
details recalled. Map-based navigation includes relations among visible landmarks and a
reconstructedmap based on navigation experience. Semantic memory is the explicit and
fact-based knowledge. Reproduced with permission from Buzsáki and Moser (2013), Springer
Nature license #5704250345999.

Semantic Memory Before Episodic Memory

Manymodels of humanmemory suggest that semanticmemory is based on abstrac-
tions froma series of related episodicmemories (e.g., Kumaran&McClelland 2012).
After repeated encounters with objects that enable sitting, sleeping, and eating in
indoor spaces, people might form the concept of ‘furniture’. After observing several
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Figure 2.2 Developmental timeline of semantic memory, episodic memory, egocentric
navigation, and allocentric navigation. The colour gradient indicates rates of change in
learning. Children rapidly acquire semantic concepts in early childhood then learning is
sustained through adolescence. Episodic memory follows a later emerging period of rapid
learning. Both egocentric and allocentric navigation are observed early in infancy and follow
longer lasting rates of change. However, egocentric navigation reaches adult-like levels earlier
than allocentric navigation. CC-By Attribution 4.0 International from Nguyen and Newcombe
(2024), osf.io/sntd2.

instances of a person painting or drawing, observersmight conclude that the person
is ‘artistic’. Or after observing repeated interactions of people in fast-food restau-
rants, peoplemight form a script for what happens in those contexts. Indeed,mature
adults show linkages of this kind between episodic and semantic memory (e.g.,
Reagh & Ranganath 2023).

However, infants and toddlers do not learn about the world this way. They are
rapidly acquiring concepts, categories, and vocabulary during the first two years of
life, at a time when their episodic memories are (at best) fragile. Infants as early
at 8 months can recognize statistical regularities of syllabic sounds in speech, with
as little as 2 minutes of exposure (Saffran et al. 1996). By the end of the first year
of life, babies comprehend many words and often produce a small number (Fen-
son et al. 1994). Over the next year, they rapidly learn to use hundreds of words
(Frank et al. 2017). This learning through extracting regularities in speech gives
rise to the rapid emergence of words, concepts, schemas, and scripts. In contrast,
episodic memory during the first year is limited, with convincing evidence of con-
textually modulated memory not emerging until the second half of the second year
(for review, see Newcombe et al. 2024). Most strikingly, older children and adults
do not recall autobiographical memories from the first two years of life (Hayne &
Jack 2011; Rubin 2000).

How do babies acquire concepts when their episodic memory is so limited?
One prominent possibility involves statistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learningstatistical learning, in which infants can learn
auditory and visual information by extracting statistical regularities of stimulus
presentation. Prediction errors when viewing statistically predictable sequences
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likely enable building event schemas (Wahlheim et al. 2022), and, even early in
infancy, we can see the emergence of simple visual anticipation (Canfield & Haith
1991). The fact that young children often engage in repeated series of actions (e.g.,
bedtime routines) and enjoy repetition (e.g., repeated singing of the alphabet song)
suggests the importance of this kind of learning. Associative and statistical learning
at 6 and 10 months also predict greater vocabulary size at 18 months (Gerbrand
et al. 2022).

Statistical learning may involve the monosynaptic pathway (MSP) relaying infor-
mation from the entorhinal cortex (EC) to the hippocampal (HC) subfield cornu
ammonis (CA) 1 and back to EC (Figure 2.3). In model simulation with a statistical
learning paradigm, the slower inhibition rate and slower learning rate of the MSP
better facilitated learning of regularities of overlapping representations (Schapiro
et al. 2017). In contrast, the trisynaptic pathway (TSP) relays information from the
EC -> dentate gyrus -> CA3 -> CA1 (Figure 2.3) and is vital for what-where-when
associations, representing distinct episodes (Schapiro et al. 2017; Schlichting et al.
2017). Further, the MST can function independently of the TSP, possibly support-
ing infants’ ability to acquire statistical information rapidly during infancy. CA1
develops before CA3, with a projection directly from entorhinal cortex (Lavenex
& Lavenex 2013). Ellis et al. (2021) report data regarding the neural bases of early
statistical learning. Infants from 3 to 23 months underwent fMRI scanning while
viewing a stream of images with statistical structure. Hippocampal activation was
mainly in the anterior HC, which may reflect the earlier-developing monosynaptic
pathway. The babies also exhibited activation of medial prefrontal cortex, an area
crucial for memory integration and generalization of information in adults (Raichle
et al. 2001).

Statistical learning via the monosynaptic pathway cannot be the only possible
route for the formation of semantic memory in the first years of life, however.
First, consider the phenomenon of developmental amnesia (Elward & Vargha-
Khadem 2018). Children who suffer hippocampal damage, often from anoxia at
birth, show preserved ability to learn semantic information (Vargha-Khadem et al.
1997; Vargha-Khadem & Cacucci 2021). An especially dramatic example comes
from a case report of a man who suffered exceptionally extensive HC damage,
including damage to CA1 (Jonin et al. 2018). Despite this widespread lesion, he
learned a great deal about the world. The famous patient HM could learn new
semantic knowledge after bilateral MTL damage, albeit with some impairments
(O’Kane et al. 2004). Second, we need to consider what kind of statistical learning
is present in infancy (Forest, Schlichting et al. 2023). The indirect measures mainly
used with infants, such as reaction time, looking time, and saccade latencies, show
little developmental change (Choi et al. 2020), but direct testing measures, in which
people must judge what they have seen or heard before, do change across childhood
(Raviv & Arnon 2018). Is the knowledge reflected in indirect measures sufficient
to support vocabulary growth and the building of scripts and routines? This idea
needs evaluation.



CA3

DG

ECin A
B

C
D
E
F

G
H

ECout

TSP
MSP

CA1
CA1: context-dependent
representations; visual

and verbal recall CA3: forming associations;
pattern completion

DG: pattern separation;
item discrimination and
interference reduction

Subiculum: visual
and verbal recall

EC: path integration;
positional relations

perforant
pathway

mossy fibers

Schaffer collaterals

CA2
CA3

CA4CA1

DG

EC

subiculum

Figure 2.3 Hippocampal subfields and pathways. Left: The model architecture of the monosynaptic pathway (MSP) and the trisynaptic pathway (TSP) from
Schapiro et al. (2017). The network model is trained to take entorhinal cortex inputs (ECin) through both pathways to learn episodic content. The learned
episode was successfully reproduced as EC output (ECout). Reproduced with permission from Schapiro et al. (2017), CCC license #1549648-1. Right: Diagram
of the HC subfields and associated proposed functions. Dotted arrow indicates the MSP, solid arrows indicate the TSP. CC-By Attribution 4.0 International
from Nguyen and Newcombe (2024), osf.io/sntd2.



Nora S. Newcombe and Kim V. Nguyen 35

What other routes to semantic learning might supplement or even substitute for
the monosynaptic pathway in building vocabulary and concepts? Research with
developmental amnesia patients shows that repeatedly encountering material leads
to them to develop a feeling of familiarity, as tapped by recognition testing. Famil-
iarity might support the acquisition of semantic information (Elward et al. 2024)
although as with indirect assessment of statistical learning, this idea requires eval-
uation. It is also possible, as Forest and her co-authors suggest, that infants may
form very short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memoriesvery short-lived episodic memories that might support the development of
gist memory, but the evidence for suchmemories is scanty (Forest, Schlichting et al.
2023).

The precedence of semantic over episodic memory is not confined to the first
two years of life. Even preschoolers, who do form episodic memories, show less
dependence on episodicmemory for forming semanticmemory than older children
and in adults. Instead, young children depend on their existing semantic networks
to support new generalizations. Ngo and colleagues (2021)measured generalization
success in relation to context binding, item conceptual specificity, and item per-
ceptual specificity. In adults, but not in young children, the ability to recall specific
contexts promoted generalization, in line with the idea that episodic instances form
the basis for a new semantic fact. In contrast, for young children, item conceptual
specificity and the semantic linkages among instances were significantly related to
successful generalization but episodic specificity was not. For slightly older children,
none of the variables tested related clearly to generalization, raising the mystery
of how transitions to mature episodic memory during elementary school relate to
semantic memory. Consolidation through sleep may be an added factor to this
relationship. After one night of sleep, older children had greater retention of gen-
eralized inferences than specific details of memories compared to younger children
(Buchberger et al. 2024).

The generalizations studied by Ngo et al. (2021) involved attributes of charac-
ters; generalization was over contexts in which the characters were seen. However,
a more powerful kind of generalization involves classes or categories. This sit-
uation also needs investigation. We do know that some kinds of generalization
appear only in middle childhood, when we see combination across multiple mem-
ories to generate new inferences, as when self-deriving new semantic knowledge
(Bauer et al. 2012, 2021), inferring novel associations between items indirectly
related through a common link (Schlichting et al. 2017, 2022; Shing et al. 2019),
or learning general rules in statistical learning paradigms (Forest, Abolghasem et al.
2023).

Overall, there are likely to be a variety of routes to concept formation, the
acquisition of scripts, and generalization of various kinds. Some routes may be
more utilized at specific developmental periods or in atypical development. In any
case, episodic memory does not seem necessary for semantic knowledge acqui-
sition and rapid generalization, although it is clearly sufficient for healthy young
adults.
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Intertwined Development of Path Integration and Map-Based
Navigation

We turn next to the idea that path integration precedes map-based navigation. In
rats, there is an established timeline for the emergence of the neurons that support
navigation, beginning with head direction cells at postnatal day 12 (P12), followed
by place cells, boundary cells and finally grid cells (Tan et al. 2017). Allocentric spa-
tial abilities appear during this rapid period of development, maturing from P16
to P25 depending on the paradigm and the behaviour (Brown & Whishaw 2000;
Shan et al. 2023). Thus, path integration (at least as picked up by the activity of head
direction cells) does appear to precede allocentric navigation. However, drawing an
inference about ordering of behavioural emergence in humans from the existing
data on rats may be unwarranted, given that very little behavioural work has been
done with developing rodents.

Nevertheless, it is striking that Piaget’s observations of his own children suggested
to him that egocentric spatial coding comes first in humandevelopment. Subsequent
research has suggested that egocentric responding dominates during a period when
babies have fewmotor capabilities and hence limited inertial information, andwhen
their access to the visualworldmay also be limited by a visual system that lacks acuity
for distal objects. Still, although at about 6 to 11 months infants often react to exter-
nal stimuli in an egocentric manner, turning their heads to a previously learned cue
(Acredolo 1978), in a landmark-rich room or familiar environment (such as their
home), infants of this age can exhibit allocentric search (Acredolo 1979; Acredolo
& Evans 1980).

Furthermore, egocentric coding is not the same as path integration, which
develops in conjunction with the unfolding of motor milestones. Once infants
become experienced crawlers around 8 or 9 months, they begin to code inertial
information as they explore their environments (Adolph 2008; Adolph & Tamis-
Lemonda 2014). They encounter obstacles and discern affordances while navigating
around 12 months (Kretch & Adolph 2013). Crawling offers a limited field of
view, however, so the onset of walking erect is another important milestone in
inertial navigation. Novice walkers do not carry over the benefits of crawling, lead-
ing to poor judgment of affordances and consequent risk of falling and tripping
(Adolph 2008; Kretch & Adolph 2013). Once children become strong walkers,
they gain a wider field of view and can traverse greater distances, feeding into
their developing navigation systems, both path integration and the allocentric
system.

Path integration is often tested by having children traverse a path and then
point or walk back to the starting position. Children as young as two years can
path integrate without visual information (Landau et al. 1981; Rider & Rieser
1988). Four-year-olds can point back to the start position with comparable
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accuracy as adults, although their orientation estimates are still lacking at this age
(Rieser & Rider 1991). When blindfolded, 90% of a sample of 5- to 9-year-old chil-
dren were able to path integrate back to a home position, but with less precision
than adults (Bostelmann et al. 2020). Only 64% of these children could build an
accurate cognitive map based on path information they learned without visual cues
(Bostelmann et al. 2020). In a triangle completion task, blindfolded children from
5 to 7 years were still improving, not yet at adult levels, in heading direction and
distance estimations to create a third, hypotenuse, vector connecting the two points
(Smith et al. 2013). In short, it takes years after children can walk independently for
them to hone their path integration system.

Allocentric navigation involvesmetric coding of distances, landmark use, and sur-
vey knowledge. By 16 to 24 months, children can use distance information to code
object location independent of landmark or body position, although they do not
seem to use categories to organize their environment into subsections until later
(Huttenlocher et al. 1994). Children’s metric coding accuracy continues to increase
with age (Lambert et al. 2015; Simmering et al. 2008). From 6 to 12 years, chil-
dren rely less on landmarks directly associated with turns (Jansen-Osmann& Fuchs
2006; Jansen-Osmann & Wiedenbauer 2004) and instead show flexible use of cues
within the environment anddistal cues (Buckley et al. 2015; Bullens, Iglói et al. 2010;
Bullens, Nardini et al. 2010; Laurance et al. 2003). Using a proximal landmark is
adult-like around 10 to 12 years, but using a boundary cue is not until 15 to 17 years
(Glöckner et al. 2021).

The combination of sensory cues is vital to effective navigation. Around 9 years,
children can optimally combine audio-visual cues (Negen et al. 2016), propriocep-
tive cues (Nardini et al. 2013), and metric information such as radius and angle
(Sandberg et al. 1996). Children in middle childhood can use a combination of
navigational frameworks and strategies to reconcile their goal-directed behaviour
(Negen et al. 2016, 2019). There are also developmental changes in the ability to
weigh and integrate the two systems. Cross-modal integration of spatial and sen-
sory information seems to follow a long period of development behaviourally (Gori
et al. 2008; Nardini et al. 2008, 2010) and neurally (Dekker et al. 2015), and the
development of multisensory spatial processing also extends into early adolescence
(Bruns & Röder 2023). By early adolescence we see adult levels of cognitive map-
ping (Bécu et al. 2020; Broadbent et al. 2014; Brucato et al. 2022; Bullens, Iglói et al.
2010; Glöckner et al. 2021; Nazareth et al. 2018; Nys et al. 2015).

Overall, the claim that egocentric spatial coding precedes allocentric coding has
some limited validity in the opening sequence of both rat and human develop-
ment. However, egocentric coding is not the same as inertial navigation or path
integration. Path integration develops in tandemwith allocentric coding, with a cul-
minating challenge for map-based navigation being to appropriately integrate the
two sources of information.



38 Developmental Sequences Constrain Models of the Mind

Semantic Memory Before Map-Based Navigation

Recently, some investigators have proposed that there are cognitive maps of world
knowledge (e.g., Behrens et al. 2018). These discussions assume the existence of a
Euclidean cognitive map, which is an idea that is hotly discussed among navigation
researchers (see Peer et al. 2021), and extend it to a wide variety of kinds of flexible
behaviour and the organization of systematic knowledge. They propose that map-
like knowledge emerges from principles of reinforcement learning, and hence is not
unique to the spatial domain.

However, there are reasons from thinking about developmental sequences to
question this idea. First, as we have already discussed, semantic memory and orga-
nized knowledge emerge in the first few years of life, whereas cognitive maps (of
the spatial variety) emerge much later, in early adolescence. Second, individuals
differ substantially in their ability to form such maps, but there are no data suggest-
ing that people who are navigationally challenged have difficulties with conceptual
knowledge, and individual differences seem unlikely to be correlated. Third, indi-
viduals with developmental or adult-onset amnesia often show great difficulties in
navigating and yet have good semantic knowledge.

One way to think about the hypothesis of cognitive maps of non-spatial knowl-
edge is that conceptual knowledge can be spatialized by mature adults, at least after
substantial effort. Most of the paradigms used in this line of research use very long
training procedures, which not all participants succeed in completing. They also
use knowledge domains that lend themselves to spatialization, e.g., arraying people
or animals or objects along continuous dimensions. Thus, as with spatial cogni-
tive maps, these conceptual maps likely depend on favourable circumstances and
considerable effort.

Intertwined Development of Episodic Memory and Navigation

It is generally agreed that human navigation draws frommemories of previous expe-
riences and that episodic memory requires contextualization (Burgess et al. 2002;
Ekstrom & Ranganath 2018). Several investigators suggest a direct link between
episodic memory and navigation. For instance, working with epilepsy patients
for whom intracranial electrodes can record neuronal firing, Miller et al. (2013)
observed evidence of place cell activity both when participants were playing a taxi
delivery game and during their subsequent free recall of locations visited. Of course,
in this situation, the episodic task of free recall may be especially tightly linked to
navigation, because most people follow a route as they engage in recall.

However, other investigators suggest only an indirect link between episodicmem-
ory and navigation, perhaps based on the common use of visuospatial imagery
or scene construction in both tasks (Clark et al. 2019; Fan et al. 2023; Hassabis
& Maguire 2007). Self-reported episodic memory and navigation form separate
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cognitive clusters (Fan et al. 2021), perhaps suggesting very little overlap (Fan
et al. 2023). Ekstrom and Hill (2023) point out that navigation requires sen-
sory and visual cues and the combined weighting of cues to determine naviga-
tional significance and uses metrics that are not relevant to episodic memory
such as distance estimations and visual/idiothetic integration (see Figure 2.4).
Episodic memory is more internally driven than navigation, often self-referenced
and not always tethered to spatial information (e.g., non-spatial associative
memory).
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Figure 2.4 (A) Visualization of a continuous axis with the demands on navigation andmemory
on either end. The continuous model shows possible use to these systems in conjunction in
some cases (e.g., wayfinding) and cases where memory and navigation are used uniquely (e.g.,
verbal free recall and estimating distance, respectively). (B) Venn diagram showing unique and
overlapping functions of navigation andmemory. Reproduced with permission from Ekstrom
and Hill (2023), Elsevier license #5916050861458.
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One argument for linkage between episodic memory and navigation, however,
is that, in early childhood, there are striking similarities between the age at the very
first appearance of episodicmemory (Bauer 2007; Bauer et al. 2000;Newcombe et al.
2014), and when we first see place learning (Balcomb et al. 2011; Newcombe et al.
1998), both at about 21 months. What about later development? We have already
seen that path integration and map-based navigation do not reach mature levels
until early adolescence. We see the same extended timeline for episodic memory,
although there is more substantial change from 2 to 8 years than from 8 years to
adolescence (Figure 2.2).

A thorough review of the development of episodic memory is available in New-
combe et al. (2024) but here are some illustrative studies. Recalling an episode that
includes who, what, and where (e.g., Sam went to the park with a picnic basket)
involves relational binding, which improves significantly from ages 4 to 6 years
(Lloyd et al. 2009; Ngo et al. 2018; Pathman et al. 2013; Riggins 2014; Sluzenski
et al. 2004). Children also show holistic recollection by 4 years, in which retrieval of
one pair of elements of the story (i.e., Sam and basket) is associated with retrieval
of another pair (i.e., Sam and park). However, the degree of dependency increases
into adulthood (Ngo, Horner et al. 2019). Precise memory for object details, often
called pattern separation also improves between 4 and 6 years (Ngo, Lin et al. 2019);
further, even 6-year-olds lag in establishing pattern separation for contexts (Benear
et al. 2021; Ngo, Horner et al. 2019).

Just as cognitive mapping continues to improve into early adolescence, episodic
memory continues to be refined (for an overview, see Ghetti & Fandakova 2020).
Interestingly, in terms of the relation between episodic memory and navigation,
and the idea that scene construction is a link between the two, Fandakova et al.
(2019) found that higher neural specificity in scene-specific regions is associated
concurrently with better memory.

Overall, the timelines for the development of episodic memory and the devel-
opment of map-based navigation are close enough to support the possibility of
important relationships, especially given a striking temporal coincidence at the
end of the second year. Future work will need to probe the question more closely
by looking at situations in which participants learn spatial layouts and acquire
episodic memories in the same situation at the same time, looking for correlations
of individual differences and common neural bases.

Developmental Sequences andCognitive Architecture

Considering the development of semantic and episodic memory in juxtaposi-
tion with the development of navigation suggests that semantic memory is early
and primary. Thus, understanding its unfolding and neural supports in the first
two years of life is key to understanding the origins of knowledge. Path integra-
tion is largely paced by motor maturation but as children grow physically and
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accumulate experience with wayfinding, they engage in an extended period of cali-
bration, within each relevant sense, across sensorymodalities andwith the informa-
tion derived from external landmarks. The earliest indications of what-where-when
memory coincide strikingly with the earliest indications of place learning, and
the development of these two functions has roughly the same timeline. However,
although there may be overlap between them, notably because both require scene
analysis and retention, there is currently little evidence that they should be grouped
together. Rather, there may simply be some componential overlap, along the lines
visualized in Figure 2.2.

This review of the currently available descriptions of development helps to eval-
uate the generality of several theories of cognitive functioning in adulthood. We
have seen reason to question two popular hypotheses in current psychology and
neuroscience: (1) the idea that semantic memory usually arises from abstraction
over individual related episodes, and (2) the idea that spatial and non-spatial
cognitive maps are the same entity. We have suggested that episodic memory
and navigation are related by partial overlap of component functions, although
we have yet to determine which ones. In highlighting a componential analysis
of the relation between episodic memory and navigation, we come back to the
dilemma with which we opened. Perhaps a construct like scene analysis is more
basic to our cognitive architecture than are constructs such as episodic memory
or navigation. Episodic memory and navigation both have adaptive functions, but
they may not be the basic ‘elements’ that we need to guide us to deep scientific
understanding.
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Space, Time, andMemory
György Buzsáki and János Végh

Time by itself does not exist . . . It must not be claimed that anyone can sense time
apart from the movement of things (Lucretius, Book 1).

Introduction

Nothing is more intuitive, yet more complex, than the concepts of space and time.
We can live without sight, sound, smell, touch, or even the ability to move, but
everything we do feels to occur in space and time. These concepts are built in our
language and thinking. For most cultures, space and time are used to explain the
contrast between us as individuals against the vastness and complexities of the uni-
verse. Time and space are often used interchangeably (‘my lab is 5 minutes from
here’; Boroditsky 2018) and ‘time’ is among the most frequently used words in all
cultures. Time is intimately related to movement and geometry. Scientific think-
ing has radically transformed these dimensionless concepts with the introduction of
measuring instruments. Space and time were replaced with their definable variants:
distance/displacement and duration/interval, which were quantified by the units of
human-made instruments, such as rulers and clocks, thereby giving them practical
meanings. As a result, the abstract concepts of space and time, defined as indepen-
dent a priori from each other and from everything else (Kant 1998), have become
constructed axioms of human thinking. The general appeal of space and timederives
from the Newtonian framework of physics, referring to absolute time and absolute
space, meaning that ‘events’ happen in a large ‘theatre’ (space) at some ‘time’ and any
observer anywhere notices the same event at the same time. In our language-guided
minds, time and space form the very basis of our imagination.

It would be hard to imagine and organize human life without clocks in the con-
temporary world. Time appears to be critical for all brain operations since every
neuronal operation evolves ‘in time’, from coordination of muscle contractions dur-
ing reaching to thinking and perhaps even dreaming (Tsao et al. 2022). Yet, when
human-invented instruments are taken away, space and time revert back to dimen-
sionless and ungrounded concepts. This happens because space and time, being
immaterial, cannot exert an impact on things, including the body and the brain.

György Buzsáki and János Végh, Space, Time, and Memory. In: Space, Time, and Memory. Edited by: Lynn Nadel and Sara
Aronowitz, Oxford University Press. © Oxford University Press (2025). DOI: 10.1093/oso/9780192882547.003.0003
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How are then brains of animals expected to ‘represent’ space and time and their rela-
tionship when they have no sensors for either space or time, and no clocks or rulers
to inspect? Furthermore, neither clocks nor brains ‘make’ time, only imagined con-
cepts of such a thing (Buzsáki & Llinás 2017). Finally, since space and time cannot
be studied directly, they cannot be derived from first principles. Yet, as we will dis-
cuss below, contemporary neuroscience research is still performed and interpreted
largely within the ‘theatre’ framework of classical physics, even though in contempo-
rary physics space is defined as the things themselves and there is no time ‘in which’
events occur.

As an alternative, we suggest that organization of brain dynamics offers a con-
straint how the brain interprets the relationships among objects and events out
in the world. The hippocampus, a postulated key player in spatial navigation and
memory, is the largest neuronal ‘graph’ in the brain, which constantly generates
neuronal sequences or trajectories (Pastalkova et al. 2008).We will discuss that time
and space are emergent properties of higher-order sequence learning (Buzsáki and
Tingley 2019; George et al. 2021). The hippocampus is ‘blind’ to sensory modal-
ities, concepts of space and time and, instead, performs a singular algorithm that
learns a sequential, relational structure of its ecological niche without a need for
spatial or time inputs or resorting to Euclidean assumptions. Geometric concepts
emerge from brain dynamics and therefore, space (and time) should not be the task
(‘things-to-be-explained’) for neuroscience.

WhatHappened toMe,Where, andWhen?

For the topic of this volume, time and space are special because of their postulated
roles in episodic memory. Cognitive neuroscience distinguishes two types of mem-
ories that we can verbally declared: memories for events, referred to as episodic
(or autobiographic) memory, and memories for facts, referred to as semantic mem-
ory (Squire 1992; Tulving 1972). Episodic events have a duration and take place
somewhere. In contrast to this time-directed and segment-defined type of mem-
ory, declarable semantic facts are abstracted punctate events; they define objects,
living things, and facts in the surrounding world. Semantic memories are gradually
formed frommultiple overlapping episodes with common items (junctions) among
the episodes (Buzsáki 2005; Buzsáki &Moser 2013; Nadel &Moscovitch 1997) and
through the repetitions the ‘what’ becomes invariant to the temporal and spatial
conditions of the individual episodes (Figure 3.1).

The separation and independence of the of what, where, and when and their
recombination for recall appear to be an efficient economic solution, compared
to an alternative in which every individual experience of our lifetime was stored
separately in an extraordinarily long list (Eichenbaum 2004; Tulving 1972; Squire
1992). An episode is an unfolding storyline in Newtonian space-time coordinates.
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For recall, we recombine the trajectory or sequence of events by multiplying the
marginals, akin to the hypothesized process of generating colour by multiply-
ing different portions of red, green, and blue wavelengths (Friston & Buzsáki
2016). By hypothesizing separate coordinates for the what, where, and when, it
appeared that neuroscience has identified a road map for uncovering the neuro-
physiological mechanisms of episodic memory (Eichenbaum 2014). By designat-
ing hippocampal neurons as ‘place cells’ (O’Keefe and Nadel 1978), superficial
entorhinal cortical neurons as ‘grid cells’ and calling the same neurons as ‘time
cells’ (Eichenbaum 2014; Istkov et al. 2011) gave an impetus to this research pro-
gramme. Yet, despite its appeal, this programme is based on an outdated framework
and space-time conceptualization. To illustrate this caveat, it is useful to reca-
pitulate briefly the evolution of thinking about space-time issues in physics and
mathematics.

W
he

re

Semantic

When

What

Episodic

Figure 3.1 Space-time representation of episodic and semantic memories. Episodic memory
evolves in space-time (what, where, when axes) with a corresponding neuronal trajectory
(colour lines). The trajectory is a vector that unfolds in space-time (i.e., a segment with
distance and duration). Only neuronal networks that generate such directional neuronal
trajectories (as opposed to bidirectional correlations or associations) can support episodic
memory. Three such trajectories (or episodes) are illustrated here. Intersection of multiple
trajectories through the same space state can be considered as a node (black circle) or a
snapshot in space-time (i.e., context-free semantic memory). Figure adapted
from Buzsáki (2019).
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Timeof Physics andTime in theBrain

Modern science, including neuroscience, is quantitative: ‘measure what is measur-
able, and make measurable what is not so’ (https://www.goodreads.com/author/
quotes/14,190.Galileo_Galilei). Measurements, in general, convert phenomena to
numbers so that the observations can be written in the language of mathematics.
In Newtonian physics, the objects on the scene of the theatre (i.e., space) inter-
act instantly, assuming that the interaction speed is infinitely large. The Newtonian
equations work reasonably well for describing the motion of the innermost planets
of the solar system.However, if the interactions took time, that is if speed needs to be
part of themodel, the Newtonianmodel would no longer hold. It took two centuries
to convincingly demonstrate that an observer can notice a distant event with a time
delay instead of ‘at the same time’.¹ From this new vantage point, modern physics did
not invalidate the classic science. Instead, it drew the limits of the approximation it
used and derived an approximation with extended range of validity (i.e., it offered
a more comprehensive theory) by pointing out that the interaction speed must be
considered explicitly.

Hermann Minkowski, Einstein’s adviser in mathematics, wondered how the
world would look like if the interaction speed between its objects were finite,
although without specifying what the nature of the hypothetical limiting speed was
(Pyenson 1977).² His model arose from experimental physics and through purely
mathematical reasoning it lead to modified ideas about space and time.³ The con-
nection between physics and mathematics was the positive parameter c, which in
the theory of special relativity was equated with the speed of light (Einstein 1905;
Das 1993), emphasizing a finite speed of interaction. As in classical physics, where
distance and duration are equated via speed and c is the key parameter in space-
time in the relativity theory. In contrast, neuroscience still considers space and time
as orthogonal dimensions, even though speed has been shown to be an important
gain factor in neuronal computation (Buzsáki 2019). Space and time can refer to
processes in the brain but also the animal’s actions. Speed in the brain has two com-
ponents which relates to computing and transfer. Perhaps it is justifiable to entertain
the idea that neuroscience can also exploit the Minkowski’s model by examining
the critical role of c, such as conduction speed of axons and locomotion speed (as
will be discussed below), at every level of neuroscientific inquiry, including the
investigation of memory.

¹ Experienced anomalies, for example deviations from the ‘ideal’ laws ofmotion of celestial bodies, did not imme-
diately lead to revisiting the model. Based on timing the eclipses of the Jovian moon Io, Rømer suggested that
the speed of light is finite (https://www.amnh.org/learn-teach/curriculum-collections/cosmic-horizons-book/ole-
roemerspeed-of-light). But deviations rarely result in the rejection of a model. Only replacing the old with a more
comprehensive model propels science forward.

² Minkowski’s model was a three and a half dimensional coordinate system, since the four coordinates were
linked through the interaction speed (as an external parameter for the model; Minkowski 1908).

³ Eucledian geometry was no longer adequate to the task of describing physical reality (only an approximation),
and had to be replaced by the geometry of a four-dimensional ‘world’. ‘Beyond the divisions of time and space which
are imposed on our experience, there lies a higher reality, changeless, and independent of observer’ (Galison 1979).

https://www.goodreads.com/author/quotes/14,190.Galileo_Galilei
https://www.goodreads.com/author/quotes/14,190.Galileo_Galilei
http://eclipses
http://Jovian
https://www.amnh.org/learn-teach/curriculum-collections/cosmic-horizons-book/ole-roemerspeed-of-light
https://www.amnh.org/learn-teach/curriculum-collections/cosmic-horizons-book/ole-roemerspeed-of-light
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Computing, ProcessingNeuronal Information,
andTimeDelays

The idea that the brain computes can be traced back to the computer metaphor of
von Neumann (1993). As result, ‘computing’, ‘processing’, and ‘information’ have
become frequently used words for describing observations in neuroscience exper-
iments, although without a consensus what these terms actually refer to (Krakauer
et al. 2017).

Von Neumann suggested that a computing element must have an ‘input section’
and an ‘output section’. In the case of chained (serial) operations, the data must be
first transferred to the input section of one unit before performing an operation, and
after the operation (‘transformation’ or ‘abstraction’ in neuroscience) the results are
transferred from its output section to the input section of the next computing unit.
All these changes evolve along a trajectory, where the rate of change can be conve-
niently compared to a reference clock time. In this formulation, the total operating
time is separated into transfer time and processing (or computing) time (Mizuseki
et al. 2011). In his classic computing paradigm, von Neumann omitted the trans-
fer time but warned that with the changing technology (‘using much faster vacuum
tubes’) the validity of that omission must be revisited. Further, he explicitly warned
that applying his simplified paradigm ‘to neural computing would be unsound’ (sic;
von Neumann 1993). However, he did not provide a solution for the general case of
computing when the transfer time component not only cannot be omitted but even
can dominate the total computing time, as is the case for the brain.

In the theory of special relativity all coordinates are distances and time is trans-
formed to distance using the propagation speed of light, therefore the abstracted
coordinate system is called ‘space-time’. In contrast, in modern electronics and
in the brain, the primary feature is time (duration) and distances are measured
along the path in which the signal is transformed to time, therefore, it can be
called time-space system. Transfer in any kind of computing needs finite time
because of the finite interaction speed in the implementation (Végh 2020, 2021;
Végh and Berki 2022). The implication of time delays for time-space can be illus-
trated by a general computing process in the 4-D coordinate system, an extension
of the famous ‘light propagation’ Gedankenexperiment (http://visualrelativity.com/
LIGHTCONE/minkowski.html), supplemented with the need for a finite time to
switch the light on (Figure 3.2). In the model, the light is emitted in the origin (the
first computing unit) and the observer (the second computing unit) is located at
the position marked by a circle. After the light is turned on, the second computing
unit must wait until after ‘future light cone’ reaches observer’s position. The arrows
at positions 1 and 2 show the timing relations for interaction speed differing by a
factor of 2 and ½, respectively.

The constraint (or perhaps evolutionary advantages) of temporal delays in
neuronal computation is a poorly investigated territory of neuroscience. Just two
hundred years ago, the vitalist thinking claimed that the speed of the mind is

http://visualrelativity.com/LIGHTCONE/minkowski.html
http://visualrelativity.com/LIGHTCONE/minkowski.html
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Figure 3.2 Critical importance of time delays in computation. The total computing time
comprises components transfer and processing time. The processing occurs ʻin placeʼ
(horizontal blue arrows) and the transfer between computing objects occurs ʻin timeʼ (vertical
green arrows). The two operations mutually annihilate each other (mixed colour arrows),
introducing inherent inefficiency into computing. The Minkowski-distance (red arrows)
between the beginning and the end of computation differs for different signal propagation
speeds. The computing time is a linear function of neither the transfer speed nor the
processing speed. Reproduced from Végh (2021).

infinitely fast or, if it has a speed, it cannot bemeasured (‘ignoramus et ignorabimus’;
Muller 1840), but soon von Helmholtz have demonstrated that the propagation of
electricity in the nerve is in fact quite slow (von Helmholz 1850). Subsequently it
was established that the propagation speed of the action potential varies orders of
magnitude in axons from tens ofmillimeters tometers/second, obeying a lognormal
distribution (Buzsáki andMizuseki 2014). An additional but small delay takes place
in the chemical synapse (~0.3 ms conversion time from electrical to chemical sig-
nalling; Somjen 1972; Johnston andWu 1994), leading to an analogue computation,
measured as depolarization or hyperpolarization of the target membrane segment
(Eccles 1957). A neuron integrates spike inputs from multiple upstream neurons in
an analogue manner and reconverts them into a digital pulse code (action poten-
tials or spikes) in the axon initial segment (Stuart et al. 1997). The transmission
speed from the action potentials of upstream neurons to a downstream target neu-
ron (‘spike transmission delay’) can vary substantially from a few milliseconds to
hundreds of milliseconds, depending on the instantaneous conductance of the inte-
grating neuron and the simultaneously acting feed-forward inhibition (Pouille and
Scanziani 2001). Thus, while the axon conduction speed is constant, the efficacy of
spike transmission varies across neurons and can vary as a function of the inter-
action of the neuron and the circuit in which the neuron is embedded. Therefore,
the delay between Von Neumann’s ‘input section’ and ‘output section’ can vary, in
contrast to digital computation. Such time-varying computation may be ‘most effi-
cient in its use of resources is neither analogue computation nor digital computation
but, rather, a mixture of the two forms’ (Strong et al. (1998). This distinction was
already foreseen by von Neumann: ‘The language of the brain not the language of
mathematics’ (von Neumann 2012).

The time delays in brain computation also impacts how the brain handles infor-
mation. The mathematical framework introduced by Claude Shannon (1948) for



György Buzsáki and János Végh 55

information transfer is connected to physical reality through an arbitrary external
parameter, the ‘allowed signals of duration T ’ (aka, channel capacity). In Shannon-
ian information theory interactions occurs at the speed of light and in practice the
mathematical handling corresponds to instantaneous interactions. Applying infor-
mation theory to brain computation with its millions of times lower interaction
speed and variable delays is therefore hard to justify (Shannon 1956; Végh and Berki
2022). Any communication, including electrical or neuronal, needs a carrier, such as
an electrical impulse or neural spike. Because this carrier has a temporal component,
the implication is that the information itself has a propagation speed. The speed of
information propagation in the Shannon model is that of the electromagnetic wave
and the information density is defined by the signal frequency. In contrast, in neural
communication a spike alone only represents the beginning of a new message (as
a synchronizing signal, it ‘wakes up’ the receiver), without any hint what ‘informa-
tion’ is being transmitted. Single spikes are not able to deliver information, in line
with the information theoretical conclusion that ‘if a source can produce only one
particular message its entropy is zero’ (Shannon 1948). Instead, neurons use tempo-
ral intervals to communicate, and logical operations (information processing) in an
analogue manner. Next, we will discuss how these considerations apply to neuronal
computation.

Time IsNeuronal Space in theBrain

‘Architecture makes music stand still. Here time turns into space’ (Robert Kelly:
‘Phases of the Earth’; https://www.visibleweather.com/home/tspace.html). This
poetic formulation of the relationship between space and time applies to the rela-
tionship between distance metric and duration metric in the brain. Simultaneity of
two (or more) events may be deemed synchronous (i.e., occurring within a defined
time interval of an observer) even if the two events occur at vastly different times.
For example, action potentials arriving at the same time onto the dendrite of a reader
neuron from a nearby and distant neuron exert a cooperative impact on discharge of
the reader (target) neuron, even though the spikes in the two upstreamneuronswere
generated tens ofmilliseconds apart (Figure 3.3A). Conversely, action potentials that
are generated at the same (clock) time in a nearby and distant neuron, will arrive to
the reader neuron tens ofmilliseconds apart (i.e., asynchronously; Figure 3.3B). This
observer or ‘reader’-defined synchrony is critical in brain operations. If the action
potentials from many upstream neurons arrive within the membrane time constant
of the target (reader) neuron (τ: 10–50 ms for a typical pyramidal neuron), their
combined action is cooperative because each of them contributes to the discharge of
the reader neuron. Action potentials arriving later can only contribute only to initiat-
ing another action potential. Thus, from the reader neuron’s point of view, upstream
partners that contribute to its spike discharge constitute a functional assembly (inte-
grated by the membrane time constant), whereas spikes outside this time window
can only be part of another assembly (Harris et al. 2003). This simple mechanism

https://www.visibleweather.com/home/tspace.html
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can thus both integrate and segregate upstream neurons into discrete assemblies,
irrespective of whether they are interconnected or not. The entire goal of syn-
chronous cooperation is to have an impact, i.e., trigger an action potential in target
neurons. Neurons which achieve this joint impact can be considered as a funda-
mental assembly. When the reader mechanism can integrate over longer time scales
(e.g., NMDA channels or neuronal circuits), several fundamental assemblies can be
concatenated.
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Figure 3.3 (A–C) Time is neuronal space. (A–B) Observer/reader-dependent definition of
synchrony. (A) Spikes from upstream neurons (Sender 1 and Sender 2, S1, S2) arrive ʻat the
same timeʼ to the dendrites of a reader neuron (R) but these spikes were initiated at different
times by S1 and S2. (B) Spikes initiated at the same time in S1 and S2 arrive at different times
to the Reader. The Reader-centric classification of spikes generalizes to populations as well. (C)
Space-duration readout of neuronal messages. Spikes from the hippocampus that arrive
within the time constant of the neocortical reader circuits R1 or R2 are integrated. Upstream
(hippocampal) neurons which send these spike messages are considered separate assemblies
by R1 and R2, respectively, due to timing of spikes and anatomical connectivity. The
hypothetical reader circuit R3 has a ʻpreformed anticipatory schemaʼ with a shared cipher
(theta cycle frame) that helps to select features that are characteristic for anticipated events or
activities and their change. Marking the message boundaries by cyclic inhibition partitions a
continuous stream of events into discrete units and forms the hypothetical basis for extraction
and synthesis of new information (a process called ʻabstractionʼ). In the example, the message
sent from the entire hippocampus occurs in half a theta cycle (~70 ms). Reprinted from Buzsáki
and Voroslakos (2023).
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This reader-centric view becomes of utmost importance when one wants to
understand communication across brain regions, such as the hippocampus and
neocortex (Figure 3.3C). Because of the slow communication across neurons via
the relatively slow conducting axons and charge time of the neuronal membrane,
computation and messaging are not instant but protracted over time. This slow
propagation of the activity within and across networks is reflected at themesoscopic
level as ‘traveling waves’ (Ermentrout and Kleinfeld 2001). For example, population
activity travels from the dorsal to the ventral pole of the hippocampus in half a theta
cycle (~70 ms; Figure 3.3C). Therefore, the question that arises when the entire
hippocampus takes part in a particular computation is: how does the neocortical
reader integrate (i.e., decode) neuronal messages from the hippocampus? As is the
case in human language communication, where even the last word of the sentence
can change the meaning of the sentence, the reader structure should know both
the beginning and end of each message—in our example, the spikes from the entire
hippocampal volume within 70ms timeframes. Separation of networks into senders
and receivers serves only didactic purposes. In the complex networks of the brain,
most structures are bidirectionally connected and can serve as both senders and
receivers, which functions can change rapidly by shifting the phases of the sender
and receiving partners.

In summary, communication across multiple neuronal circuits occurs in a time-
evolvedmanner. The term communication refers to an agreement between a sender
and receiver. This ‘agreement’ is called the cipher known to both parties. A key
aspect of the cipher is amethod bywhich themessages are broken down into smaller
information chunks or segments, the modus operandi by which the sent messages
are transcribed and translated by the receiver. Both the sent and received messages
must have a start and end time point and in these intervals a large neuronal ‘space’
(or volume) is involved. Chunking of messages by agreed rules allows the genera-
tion of and reading (i.e., ‘de-ciphering’) virtually infinite combinations from a finite
number of elements in human, sign, body, artificial, and computer languages,music,
and mathematical logic, and, presumably, in the brain. This small set of rules, usu-
ally referred to as syntax, governs the combination and temporal progression of
discrete elements (such as letters or musical notes) into ordered and hierarchical
relations (words, phrases, and sentences, or chords and chord progressions) that
allow the generation of messages, which when interpreted by the receiver becomes
information. Without a reader-interpreter neuronal ‘information’ does not have a
meaning. Since messages are sent to multiple targets with varying distances and
often distinct internal dynamics, the same exact action potential trains can be inter-
preted differently by the distinct readers. The potential substrate for a hypothetical
neuronal syntax in the brain is the constellation of brain rhythms (Buzsáki 2010).
The oscillation cycles serve as the cipher, marking the beginning and end of mes-
sages from short ‘neuronal letters’ (Harris et al. 2003), which are concatenated to
become ‘neuronal words’ by slower rhythms by cross-frequency phase-amplitude
coupling (Buzsáki and Draguhn 2004). The coordinating role of oscillation cycles
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across brain regions assures that messages from multiple sources arrive at the ‘same
time’ (phase), despite variable delays via multiple paths (Sirota et al. 2008).

Distance to TimeCompression via Speed

In the rodent hippocampus, neuronal activity is organized by a 6-10Hz theta oscilla-
tion (Buzsáki 2002) and its pyramidal neurons are believed to ‘respond’ to particular
constellation of the environment (‘place cells’; O’Keefe and Nadel 1978). The place
fields of place cells are typically several times larger than the length of the rat, and
place fields of several neurons overlap with each other over multiple theta cycles
during ambulation. In addition to this locomotion-related overlap at the seconds
scale, several place cells fire together in a given theta cycle such that the spike tim-
ing sequence of neuronal assemblies predicts the sequence of passed and upcoming
locations in the rat’s path, with larger time (phase) lags between spiking of place cells
within the theta cycle representing larger distances (Figure 3.4A–C; Skaggs et al.
1996; Dragoi and Buzsáki 2006; Diba and Buzsáki 2008; Bouffard et al. 2018). In
other words, if we take a ‘snapshot’ over a single theta cycle, the spike sequences
(or ‘neuronal trajectories’, Figure 3.1) correspond to the trajectory of place fields the
animal has just passed and is going to visit (‘spatial segment’ or distance; Figure 3.4).
One interpretation of this relationship is that distances in the world are transformed
to durations in the brain (‘space-time’ of physics) on the assumption that the phase
of spiking of hippocampal neurons are ‘driven’ by some external cues. A problem
with this interpretation is that the theta rhythm is induced in the brain and its phase
varies independently from the external cues so that upon repeated runs the phase
of theta varies randomly relative to the same spatial locations.

An alternative interpretation is that the primary mechanisms is an internally
maintained dynamics in the hippocampus, and this dynamics constrains how events
in the world are matched to this pre-existing dynamics (‘time-space’). In support of
the latter interpretation, the time (theta phase) offsets in the hippocampus remain
similar in different size environments, so that the same time segments (duration)
between place cell spikes now correspond to larger distances in larger environments
(Diba and Buzsáki 2008). From this perspective, the hippocampus can be viewed as
a time-space zoom in which the neuronal resources are determined by an internal
dynamics (the number of cell assemblies and the total number of spikes within theta
cycles remain the same; Figure 3.4), therefore the resolution of the environment
scales with its magnitude (in larger environments, the spatial resolution is poorer,
with larger place fields and larger distances between place fields; Diba and Buzsáki
2008; Kjelstrup et al. 2008).What is the conversionmechanism in the brain between
distance and duration?

In classical physics, distance and duration are equated via speed. One can expect
that this general law also applies to organisms moving through space. As just dis-
cussed, each theta cycle contains a segment of travel (distance) coded as a sweep of
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time (duration). How can this distance—duration relationship remain faithful when
the animal runs at different velocities? If the rat traverses the place field of a neu-
ron in 1 second during the first pass and then in half a second in the next pass, the
place cell will be active for 8 and 4 theta cycles, respectively (assuming 8Hz theta fre-
quency). An important experimental observation is that the number of spikeswithin
the place field remains the same even though the rat’s velocity changes (Figure 3.4).
For this reason, the number of spikes per theta wave and the overlap between spik-
ing of successive place cells approximately doubles. Due to this speed-related firing
rate gain per theta cycle, themagnitude of the cycle-to-cycle phase advance of spikes
increases proportionally. Thus, speed gain compensates for the shorter time spent
in the place field, leaving the relationship between theta phase and spatial position
relatively invariant (Figure 3.4). Because the brain has constant access to velocity
from the body and the vestibular system, time and distance travelled can be inter-
changeably calculated. Thus, the distance-to-duration compression may be only an
appearance. Instead, the internally organized cell assembly sequences are available
to match the animal’s position to occasional landmarks but the occurrence of theta
phase related spiking is notmicromanaged by environmental cues but are controlled
by internally generated dynamics.

The primacy of phase versus clock time (i.e., time related to a human-made
device) is further supported by experiments in which the medial septum (a key
structure that provides a ‘pacemaker’ theta signal to the hippocampus; Petsche et al.
1962) was cooled artificially to decrease the frequency of theta oscillation (Petersen
and Buzsáki 2020). Cooling affected the distance-to-time, but not the distance-to-
theta phase, conversion (Figure 3.4D, E). These findings revealed that cell assembly
sequences in the hippocampus are not related to the time of reference clocks but
to the phases of internally generated rhythms. In other words, brain ‘time’ and time
measured by clocks, while they can be related, are independent.

PlaceCells, TimeCells, EpisodeCells, ToneCells,
andManyOtherNames

A recent attempt to explain the role of time and relate it to space in cognitive phe-
nomena is to distinct neuronal ‘representations’ of the future and the past (Tsao et al.
2022). According to this model, durations that start in the present and end in the
future (‘prospective timing’) are supported ‘clock-like mechanism that accurately
tracks the continuing passage of time’, either periodic, such as brain oscillations
or cumulative. In contrast, durations that start in the past and end either in the
past or the present (‘retrospective timing’; ‘episodic timing’ or ‘remembered dura-
tion’) is ‘computed only from memory of the interval and events occurring within
it’ (Tsao et al. 2022; Friedman 1993; Ornstein 1969). Thus, retrospective timing
is ‘the conversion of memory representations into a duration value’ (Tsao et al.
2022). The main argument in favour of two distinct psychological times is that
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Figure 3.4 Distance-Theta Timescale Conversion. (A) Selected place fields in the left arm of
the maze before medial septum cooling. Each coloured line is shows the smoothed firing
rate of a place cell. (B) Within-theta cycle cell assemblies. Each row of dots is a trial of the
spiking activity of place cells (same colour code as in (A) in successive theta cycles),
organized into subsequent theta cycles, rather than distance or time. 0 is the theta cycle in
the middle of the left arm. Note that cell assembly sequences within theta cycles (from dark
blue to red) correspond to the order of place fields on the track. Note also that the phase
preference of place cell spikes are preserved during medial septum cooling, (right trace),
which manipulation decreased the oscillation frequency of the entire population. (C)
Relationship between distances of place field peaks across neuron pairs (y axis) as the rat
travels in the maze and their theta time-scale cross-correlogram lags (time lag on x axis)
during control trials. Green dashed line; distance-time compression index (slope), c = 0.54
cm/ms. Note the reliable relationship between place field distances and time offset of spikes
at theta (~100 ms) time scale. (D) Sum of the theta repeated spike cross-correlograms of
place field pairs. The red line is the sum of all dots in (C) (NoCooling); the blue line is the sum
of all dots of a similar graph during cooling. Vertical dashed line indicates that the oscillation
frequency of the spike cross-correlation before cooling (~85 ms) is faster that the frequency
of the population theta (~110 ms at 9 Hz). Note also that this relationship is increased during
cooling. (E) Similar to (D), but instead of time lags, within-theta phase lags between spikes
were calculated. Vertical dashed line indicates that the oscillation frequency of the spike
cross-correlation is faster than the frequency of the population theta (2π). Note that the
theta phase of spiking remained unaltered by slowing the theta frequency. After Petersen
and Buzsáki (2020).

remembered time (retrospective) corresponds to ‘significantly different duration
estimates for the same physical time intervals’ and the recall process is assisted by
event boundaries that serve as time stamps or ‘nows’ (i.e., time points; Tsao et al.
2022). Unfortunately, this approach does not clarify what ‘tracking of elapsed’ time
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Figure 3.5 Speed-gain for distance-time compression in the hippocampus. (A) Top, The
number of spikes (dots) within the neuronʼs place field is similar on slow and fast run trials.
Trials are sorted by velocity from slowest to fastest. Middle, Movement trajectories of a rat
through a place field on two trials with different speeds. Spikes (vertical ticks) and the
corresponding theta rhythm of the same two trials (colour code). Horizontal arrows indicate
the time it took for the rat to run through the place field. (B) Top, firing (place) field of the
neuron during slow and fast runs (top half and bottom half speeds). Middle and bottom, Spike
distributions within the place field as a function of the phase of the theta cycle during slow and
fast runs. Note that the slope of the phase shift within the field remained the same, indicating
that the position versus theta phase-spike relationship is preserved despite varying speed of
the rat. (C) Oscillation frequency (shown here as spike autocorrelograms) of the same neuron
during slow and fast trials. Note that the oscillation frequency of the place cell is faster during
the faster trials. The duration x speed then is responsible for the preserved relationship
between distance from the beginning of the place field and the ratʼs position. After Geisler et al.
(2007).

by brainmechanisms actuallymean. The tacit assumption is that through its sensors
the brain can read genuine temporal clues and units that exist ‘out in the world’.
Unfortunately, there are no genuine temporal clues to read out there. Sunrise is a reli-
ably recurring event that allows living things to anchor their biological processes but
in itself is neither a ‘time point’ or duration. For retrospective timing, in contrast, the
brain has to resort to reading its own dynamics without reference to outside events.
Yet, it is hard to justify the assumption of distinct mechanism and a separation of
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temporal phenomena. If the brain can generate its own time, why is there a need
to postulate tracking of external time? Such attempts follow the dominant trends in
current neuroscience that split complex problems arbitrarily, provide explanations
to parts and attempt to generalize from the partial observations.

Another split of temporal phenomena is to distinguish time points (time ‘stamps’,
such as now, tomorrow, calendar dates, etc.) fromduration (or interval) and use time
points for temporal ordering of events (Fraisse 1963; Buhusi andMeck; 2005; Mer-
chant et al. 2013). Notice that such practice also requires to refer to human-made
instruments or to world events which themselves are not inherently temporal (such
as spring or full moon). A deeper problem is the circular relationship between time
as duration and time as an event stamp. Time point is the end or beginning of dura-
tion. Conversely, duration is arbitrarily defined by accumulation of units between
two time points, analogous to the circular nature of distance and ‘here’ (i.e., a point
is space; Buzsáki and Llinás 2017).

Sequential Brain Activity as a Foundationof EventOrdering

The above discussion of time can bring us back to navigation and to memory, both
of which are inherently sequential, and thus may have a relationship to internally
generated neuronal assembly sequences (Figure 3.1). There is a clear parallel spatial
navigation and episodic memory, which can be referred to as mental or imagined
navigation back into the past (Tulving 1972). A main difference is that mental navi-
gation does not depend on immediate environmental or body-reafferent cues. It has
been postulated that neuronal mechanisms, which initially depended on external
cues in simple organisms, have become ‘internalized’ and disengaged from loco-
motion (Buzsáki 2005; Buzsáki and Moser 2013). Without external constraints,
disengaged processing in complex brains can create an internalized virtual world
and generate new knowledge through vicarious or imagined experience, tested
against pre-existing and stored knowledge. This preservation of neuronal sequences
can be demonstrated when a rodent is trained in amemory task without the translo-
cation of the head and body. Figure 3.6 illustrates such an experiment in which rats
learned to alternate between the left and right arms of a T maze. The key part of the
experiment is that a delay is introduced between the choices during which the ani-
mal is required to run in a running wheel at a constant speed while facing the same
direction on each run (Pastalkova et al. 2008). During running, theta oscillation is
sustained and spiking activity of pyramidal neurons display a continuous sequence
during the entire journey, with unique sequences for left and right choices. Thus,
one can predict the animal’s arm choice in the maze tens of seconds before it acts
out the plan with high accuracy, including maze arm choices on erroneous trials
(Pastalkova et al. 2008). Thus, the unique sequences predict ‘what’ will happen. The
duration, firing rate, theta phase offset relationships between neighboring neurons
within the sequence are identical to those of place cells during ambulation in the
maze arm.
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Figure 3.6 Time prediction from sequential neural activity in a memory task. (A) Spontaneous
alternation task. The rat was required to make a correct choice for water reward on the basis of
its previous choice (middle). Action potentials of different place cells are represented by
coloured dots. Left and right, Average raster of firing rates for a population of hippocampal
neurons during wheel running. Neurons are ordered according to the time of peak firing rate
during left trials. Each line is a neuron, hot colours indicate increased firing rates. (B) Time
detection on single trials using a time prediction model fit from all other trials. In each time
bin, elapsed time in the running wheel is inferred either from the population firing rate vector
(red) or the firing phases of active cells with respect to the theta oscillation (purple). In each
case, the prediction approximates well the true time (black). (C) Error of time estimation from
population vector of neuronal activity in three rats. Rat 1 had < 50 recorded neurons, rats 2 and
3 > 50 neurons. Note reliable estimation of running duration from neuronal activity. After Itskov
et al. (2011).

From the evolving sequences, both in the wheel and themaze, one can also calcu-
late the exact distance travelled by the animal and quantify the run distance against
the units of a ruler. Alternatively, one can compare the neuronal sequences against
the unit of a clock and report the elapsed time from the beginning of wheel run-
ning (Figure 3.6; Itskov et al. 2011). This relationship prompted Eichenbaum to
declare that there are ‘time cells’ in the hippocampus (Eichenbaum 2014). For a
moment, it appeared that the long search for the mechanism of episodic mem-
ory has been solved by identifying the what, where, and when in the hippocampus
(Figure 3.1; Eichenbaum 2014). But this may be only an illusion. Note that in this
prototype experiment, there is only one physical change, which is an internally gen-
erated sequence.When the same exact neuronal sequence or its individualmembers
are compared with future arm turns, units of rulers and clocks, it appears that they
‘represent’ different things. But the three names refer to only one mechanism.
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Here we need to refer back to the linear relationship between distance, duration
and speed. As we have discussed above, knowledge about locomotion speed is criti-
cal for advancing neuronal assemblies at appropriate rate of change (Figure 3.5), and
neurons, particularly inhibitory interneurons throughout the forebrain, vary their
firing rates with speed (Czurko et al. 1999; Kropff et al. 2015). Distances can be com-
puted from the product of the elapsed time and instantaneous speed. Vice versa,
time can be computed from product of the distance travelled and instantaneous
speed. Why do we expect then that brain circuits ‘code’ separately speed (‘speed
cells’ Kropff et al. 2015), distance (O’Keefe and Nadel 1978), and time (Eichen-
baum 2014), when any of these three variables can be computed from the remaining
two? Coding for three separate variables with a linear relationship among them is
redundant and would only lead to loss of precision.

Time IsMoney: A Social Agreement

We started our overview with the postulate that brains neither sense or make
immaterial space or time. Yet, throughout the discussion of the neuroscience obser-
vations we used these terms in their everyday meaning, as they refer to units of
human-invented instruments. It would be hard to describe any experimental obser-
vations without resorting to space and time, the axioms of human thinking. But
while physics have made strives to understand the content behind these terms, the
vocabulary of neuroscience has remained in the framework of theNewtonianworld.

If time is not perceived by the brain why do we feel that time pressure is our
number one enemy? Perhaps no other human-invented artifact has had a larger
impact on our lives than the clock. Over the past few millennia, time has become
themost precious commodity. It all started bymeasuring distance and duration, that
enabled to form amore concrete concept of space and time and their socially agreed
metrics. In turn, the ensuing collective knowledge shaped the concept formation
of individuals. While the lives of our hunter-gatherer predecessors were filled with
timeless ghosts and deities, the invented instruments with their communicable units
radically changed thinking of the emerging urban humans. With the help of cre-
ated artifacts, humans can use their brains in a way that no other animal can
approach and using language we can ‘fill’ the brains of our young with extraordi-
nary amount of semantic knowledge, without the need to go through individual
episodic experiences (Buzsáki et al. 2022).

To understand the apparent paradox between reality and feeling of reality, it
may be instructive to relate time to another abstract yet more tangible extension
of brain function: money. In a sense, money is an abstract representation of value.
In its origin, money meant to facilitate exchange of goods when hunter gatherers
settled and formed urban communities. Gold coins initially had the equivalent
value of exchanged goods but, in today’s world, it is simply a symbolic or virtual
value based on nothing else but a societal contract. Virtual money, such as a bank
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account, is immaterial, and like space and time, cannot exert a direct effect on any-
thing. It has no impact outside civilized humans. A hundred-dollar bill would mean
nothing to humans who lived just a few hundred years ago and it has no value
even today for isolated societies that live in the Amazon or the Australian desert,
not to mention non-human species. Yet, the money concept is regarded as one
of the strongest motivational forces, the primary driver of modern societies. But
once the social contract for a particular form of currency ends, it becomes irrele-
vant. Similarly, if human-invented rods and clocks are removed from the arsenal of
experimentation, space and time will revert back to dimensionless and ungrounded
concepts.

Money has no meaning or utility for an isolated individual because it is not a
product of a single brain. This may also be the case for space and time, which terms
help communicate our experiences about world events to others. The concepts of
space and time, likely money, are the product of a long-evolving societal agreement
yet feel very real in our minds. Yet, I assume no neuroscientist would endeavour to
study the impact of money per se on the brains of experimental animals. So why
are we searching for space and time cells in their brains then? We may not find
them. But we will find neuronal assembly sequences, which change at varying rates.
Change can occur only to things, such as neurons, and things can exert an effect
only on other things. Time is then an abstraction of change, not referring to anything
concrete, similar to numbers that are immaterial, abstracted quantities. Instead for
searching formechanisms (explanans) of concepts (explananda)we created,wemay
try to revert our thinking by taking the brain as a starting point.

It may well be that self-organized brain networks just do what they can do,
which is to generate sequentially active neuronal trajectories, which, in turn, can be
matched to our executed (postdiction) and planned (prediction) actions rather than
specifying time or space. These same internally generated sequences can index past
experiences for recall in the right order or in an imagined or socially agreed coor-
dinate system. The machinery that enabled navigation in the physical world have
been exapted for more complex roles, including memory, planning, and imagina-
tion, yet navigation in real andmental space appear to use the same general purpose
algorithm for tracking sequencies of events and mapping the relationship between
continuous variables (Buzsáki and Tingley 2018, 2023).

Actions of animals, simple or complex, are attempts to extract features of our
niche and the resulting knowledge is constrained by species specific brain wiring
and dynamics. Insects, birds, terrestrial and sea mammals may have very differ-
ent world concepts, biased by the interactions between their brains and differing
niches. Children below the age of 9 intuitively grasp the notion of speed but not
time. ‘Time relationships constructed by young children are so largely based on
what they hear from adults and not on their own experiences’ (Piaget 1946). Time
is learned through language. The world views of people living across the Andes–
Amazonia divide are quite different, as reflected by their distinct Quechua and
Arawak languages, respectively (Green 2007). Living in open areas with visible and
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identifiable mountain peaks facilitates landmark (allocentric) navigation, whereas
if all one can see all the time is just trees in the jungle, egocentric navigation may
be more efficient. The different actions taken by people in their own niche may
inevitably shape language and communication style with others as well as concept
formations about the world. Abstract space and time can afford concrete actions
only when we measure them with our instruments using socially agreed units. Only
in the context of these cultural innovations can one understand why space and time
dominate our current thinking. However, these same innovations place researchers
in an difficult situation when they are trying to find the ‘representations’ of space
and time in the brain.
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4
TheHippocampal CognitiveMap
andEpisodicMemory
John OʼKeefe

Introduction

In this paper I will set out an updated version of the hippocampal cognitive map
theory as formulated for the rodent and then speculate as to how it might provide
the basis for episodic memory in humans. According to the cognitive map the-
ory, the hippocampus serves 4 distinct but related functions in animals such as the
rodent. First, it locates the animal in a familiar environment and relates its location to
other locations in that environment to form a map-like representation (Figure 4.1)
(O’Keefe and Dostrovsky 1971; O’Keefe and Nadel 1978, 1979). Second, the hip-
pocampus represents the past, present, and potential future contents of each of those
locations. Third, it provides a flexible vector-basedmechanism formoving towards a
desirable location or away from a neutral or undesirable one by any available route.
Finally, the map incorporates an internal mechanism for originally creating maps
of unknown environments and for updating and incorporating changes to maps of
familiar known environments. In the next section, I will briefly elaborate on the
first three of these functions and show how they map onto the different activity pat-
terns of the hippocampal pyramidal cells; I will not consider further the 4th, map
updating, function. In the second half of the paper, I will propose extensions of the
basic spatial mapping system to account for the role of the hippocampus in the stor-
age and retrieval of human episodic memories. Here I am further developing ideas
originally presented in (O’Keefe 1993).These will include the addition of (1) a lin-
ear time stamp, (2) the ability to shift the current perceived location of the animal
in the map to places other than those currently occupied by the perceiver’s body,
(3) the addition of a representation of the self in the map, and (4) the incorporation
of language to the basic spatial memory/navigation system.

TheBasicMapComprises aCollectionof Place
Representations

As was set out in the original theory(O’Keefe and Nadel 1978, 1979), the
primary function of the hippocampus is to provide an interconnected set of

John O’Keefe, The Hippocampal Cognitive Map and Episodic Memory. In: Space, Time, and Memory. Edited by: Lynn Nadel and Sara
Aronowitz, Oxford University Press. © Oxford University Press (2025). DOI: 10.1093/oso/9780192882547.003.0004
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place representation. All the different hippocampal functions involve the basic place
function of the pyramidal cells in which each location in a familiar environment is
represented by the all-or-none firing patterns across large numbers of pyramidal
cells in the CA3/CA1 fields of the hippocampus (Figure 4.1). Additional functions
are superimposed upon andmake use of this basic function. As shown in Figure 4.1,
the locations in themap of 1830’s Bloomsbury designated by the oval, rectangle, and
hexagonal figures would be represented by different patterns of all-or-none activity
in the population of pyramidal cells. In small environments, each place cell usu-
ally only has a single preferred location but in larger environments, the number of
fields increases (Fenton et al. 2008), for example, increasing from 1.3 fields on aver-
age in a 0.68-metre cylinder to 4.0 fields in a more complex environment with a
1.4×1.5 m floor. In a 48 m long track 65% of the pyramidal cells have at least one
field with many having multiple fields irregularly spaced along the track (Rich et al.
2014). Extrapolating from this suggests that for long 500 m tracks (the range of wild
rats) 90% of cells would have one field. In an experiment in which CA3 pyramidal
cells were tested in eleven rooms, 210 of 342 (61%) were active in at least one envi-
ronment (Alme et al. 2014). It seems reasonable to assume that a large number of
pyramidal cells have place fields in at least one environment. The same place cell
can fire in multiple different environments which means that each location is repre-
sented by the pattern of activity across the population of pyramidal cells (Figure 4.1).
There appears to be a mechanism for producing coverage of an entire environment
within each group of place cells, perhaps using a dynamic first-past-the-post princi-
plewhere each place cell suppresses its neighbours through inhibitory interneuronal
connections ensuring complete coverage of the environment: there are no gaps in
the map. In general, most of these pyramidal cells are silent outside the place field
but their firing rate in the place field can vary depending on the contents of that
location (see next section).

How do place cells identify the relevant locations in an environment and how are
they connected together into a single map? They use information provided both
by exteroceptive environmental cues and by interoceptive path integration signals.
Environmental signals identifying locations probably reach the hippocampus via
the entorhinal cortex in the form of boundary-vector, object, and object-vector cells
and via the anterior cingulate in the form of simple feature cells. Boundary vector
cells respond to the presence of an environmental boundary in a particular allo-
centric direction from the animal (Burgess et al. 2000; Lever et al. 2009; O’Keefe
and Burgess 1996) whereas object vector cells have the same relationship to objects
(Deshmukh and Knierim 2013; Hoydal et al. 2019). Boundaries can be constituted
by the presence of a large obstruction such as a wall or the edge of an environment
such as a sheer drop. Landmark vector cells fire at a particular distance and direction
from an object in the environment and do so independently of the identity, size or
location of the object or the orientation of the animal’s body axis. A small number
of neurons in CA1 and CA3 increase firing at the locations where the objects used
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G

B

A

Figure 4.1 Schema of the basic locational and navigational components of the cognitive map
theory. Left, superimposed on amap of Bloomsbury London in 1830 are three locations
(University College London, green oval; Russell Square, black rectangle; junction of Keppel and
Gower Streets, blue hexagon). The crimson arrow shows the direct straight line between the
locations in Russell Square and University College and the light red arrows show a possible
route between the two locations via the third location at the junction of Keppel and Gower
streets. Right, each of the three locations is represented by different activation patterns across
a large number of CA1 and CA3 pyramidal cells, here represented by the 4 × 4 set of circles.
Black circles are active and white circles are not active. Some active cells are unique to each
location, whereas others are active inmore than one location (e.g., second cell from the right in
the top row). The minimum distance between Russell Square and UCL is represented by the
crimson vector G which can be broken down in the mapping system into its component
vectors, e.g., A and B to provide alternative routes for getting between RS and UCL. The core of
the mapping system is a vector processor capable of decomposing, adding, and subtracting
vectors.

to be after they had been removed (Deshmukh and Knierim 2013) presumably pro-
viding the basis for hippocampal/subicular object location memories(Poulter et al.
2021).

Place cells firing in an environment are also held together by the fact that they
all receive inputs from the same set of head direction cells, maintaining place cells
in the same relative orientation to the environment as a consequence (Knierim
et al. 1995; Yoganarasimha and Knierim 2005). HD cells (Taube et al. 1990b, 1990a)
depend in turn on environmental clues and on vestibular-based path integration
inputs and this dependence can be altered by the animal’s experience with the rel-
ative dependability of these two sources of information (Jeffery and O’Keefe 1999).
Movement of a visual cue in the animal’s presence can lead to less reliance on that
cue and greater reliance on the vestibular system by head direction cells. Finally,
when the animal is in one place, movement in a particular directionwill tend to acti-
vate the place cells representing the neighbouring location. As the animal explores
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the environment moving from place to place, the cognitive map builds up a set of
transition probabilities between the local place representations perhaps on the basis
of place cell by head direction cell activations. I note that recent work questions the
role of the head direction system in providing information about direction of move-
ment through the environment (Raudies et al. 2015). Given the evidence of large eye
movements compensating for head movements in the free-moving rodent (Meyer
et al. 2018;Meyer et al. 2020), it might be useful to look at whether these compensa-
tions result in eye-direction rather than head-direction providing a more veridical
index of direction-facing and movement direction.

TheCognitiveMapRepresents theContents of Places asWell
as thePlaces Themselves

The second important function of the hippocampal map is to represent the con-
tents of the individual locations in the map and this is done by varying the firing
rates of some of the cells representing that location (Figure 4.2). These contents can
vary from simple features such as the presence of a smell or taste in that location
but can be as complicated as the presence of an object, a reward, or a conspecific,
see (O’Keefe and Krupic 2021) for a review. When times of occurrence are added to
the map (see Figure 4.2), they can also represent events of the past and predictions
about events in the future. The prevalence of these feature-in-place responses (for
example 31% of place cells responding to odour-in-place following training on an
odour-in-place conjunctive task (Komorowski et al. 2009) and 24% of place cells
responding to a taste-in-place without any training (Herzog et al. 2019) suggests that
many place cells might respond to more than one type of feature in the same place.
O’Keefe and Conway (O’Keefe and Conway 1978) showed that different place cells
used different combinations of a light, a card, a buzzer, and a fan to identify the place
field. There is good evidence that single cue information reaches the hippocampus
from the anterior cingulate (AC) (Rajasethupathy et al. 2015). In a recent experi-
ment (Yadav et al. 2022), three sets of cues from four different modalities (auditory,
visual, tactile, and olfactory) were presented together forming three different con-
texts in a virtual environment. Each was accompanied by either a positive, neutral
or aversive liquid stimulus. Animals learned to increase licking to the first, inhibit
licking to the last, with no change to the neutral stimulus. Each stimulus combina-
tion activated hippocampal pyramidal cells presumably because the animal thought
they represented three different contexts each with a different valence. Following
learning, different cells responded to different combinations of stimuli (e.g., olfac-
tory plus tactile) but almost none (1% v 0.8% chance) to a single stimulus alone.
Nearly all neurons that responded to a particular stimulus also showed significant
and prominent responses to all other features of the same context group. In contrast,
neurons in the anterior cingulate which projects to the hippocampus responded to
the single features of the compounds. Inhibition of the AC population silenced the
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hippocampal compound cells suggesting that this is the source of the elemental fea-
ture input. This finding of responses to particular feature combinations but not to
the features themselves lends support to the idea that the hippocampal place cells
are part of the solution to the binding problem. The binding problem puzzles over
the ability of the nervous system to associate together two or more features of an
object with the object when the representation of these features is located in differ-
ent places in the neocortex (Treisman andGelade 1980). Faced with a blue cube and
a red prism how does one associate the blueness with the cubeness and the redness
with the prismness and not vice versa. The cognitive map suggests that the primary
association is made on the basis of location so that the representation of the two
features in the same place binds them together in the hippocampal representation
and secondarily might also serve to bind them together in their original cortical
representations.

UCL main
Entrance

I will go here
in 2 weeks

T S Eliot
worked here

Figure 4.2 Schema of the basic feature-in-locational components of the cognitive map theory.
Events occurring in the different locations shown on the left are represented by different firing
rate patterns in the place cells. Middle column, as in Figure 4.1: different locations are
represented by pattern of place cell firing across population place cells (black circles). Right
column: events occurring in these places are represented by increased firings in a
subpopulation of the cells representing those places (red circles). Illustrated are (top)
feature-in-place: entrance to UCL, green oval; (middle) prediction of a future event, blue
hexagon: I will visit this place; and (bottom) episodic memory, black rectangle: I saw a plaque
to the poet T. S. Eliot who worked in this place.

Whether rodent place cells can represent the time of occurrence of the feature-
location is still uncertain. It is clear that a linear time signal must be incorporated
into the hippocampal representation in humans in order to form an episodic mem-
ory system but whether this occurs in infra-human animals is still not clear. The
original formulation of the cognitive map theory could not see any reason to impute
a sense of linear time to non-human animals but evidence since then has suggested
that some cognitive capacities of rodents such as those underlying optimal foraging
might require this ability. For example, an animal might need to know how long ago
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it had visited a feeding site as well as how long it could expect the patch to contain
food and this information might be contained in the hippocampal representation
of the patch. Evidence in favour of a linear time representation in rodents and birds
has been reviewed in (O’Keefe and Krupic 2021). The best evidence that hippocam-
pal pyramidal cells might code for temporal as well as spatial variables comes from
single unit studies which suggest that the firing rate within the place field can vary
as a function of time in a way similar to firing rate variation with the contents of the
place, representing both short time intervals and longer ones. In one set of studies,
it was found that place cells increase their activity at a specific time after an event.
That is, they might have time fields analogous to place fields and fire after e.g. four
seconds have elapsed since a specific ‘starting’ event such as entering the place field
(Kraus et al. 2013; Salz et al. 2016). As far as I know, there is still no evidence that
these representations of time are independent of location since the studies usually
involve the animal moving in the same place and have not looked at the same time
coding in different contexts. An alternative way of coding time might be to repre-
sent elapsed time by a systematic deviation from the initial coding for a place or
an object-in-a-place either at the level of a single cell or of the population of CA1
cells (Geva et al. 2023; Mankin et al. 2012; Manns et al. 2007; Mau et al. 2018; Ziv
et al. 2013). Comparison of this deviated code with the original would act as a mea-
sure of time passed. In the Geva experiment (Geva et al. 2023) representation drift
in the firing rates was similar in different VR environments sampled at different
intervals suggesting that hippocampal place cells signalled the same elapsed time in
both environments. In contrast, amount of experience with each environment was
signalled by place field location drift.

We can speculate that the information about each specific feature (for example an
object or an animal) represented by the feature-in-place cells is broadcast to a large
population of pyramidal cells and that the place cells which become feature-in-place
cells do so by strengthening the synapses from the feature inputs onto the place cells
by some conjunctive process such as LTP. We can see this process in action in the
Komorowski (Komorowski et al. 2009) study described above.

Hippocampal CognitiveMap Is theBasis for a Flexible
NavigationSystem

The third function of the hippocampal cognitive map is to provide a flexible naviga-
tion system. To do this requires a signal identifying the direction and distance of the
goal as well as the animal’s current location. Our understanding of this role of the
hippocampus in navigation has been clarified by experiments in our laboratory on
the honeycomb maze (Wood et al. 2018), a sequential binary-choice dry-land ver-
sion of the Morris water maze task. The maze consists of thirty-seven or, in its most
recent instantiation, sixty-one individually raisable hexagonal platforms. During a
typical navigation task, the animal makes its way through a series of binary choices
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from different starting locations on the maze to a fixed goal platform. While con-
fined to each platform the animal is presented with two adjacent choice platforms
and its optimal performance is to select the platform with the smallest angular devi-
ation from the goal direction. One can think of the task as a sequence of binary
choices where the animal’s choices are controlled at each choice point in the maze
(Figure 4.3).

α
β

α
β Start platform

Goal platform

Correct platform

Incorrect platform

α
β

α
β

Figure 4.3 Honeycombmaze. Consists of thirty-seven (shown) or sixty-one (not shown)
hexagonal platforms configured in an overall hexagonal pattern where each of the platforms
can be individually raised or lowered. One platform is designated as a goal (red) and the animal
started from different locations on each trial. Each trial consists of a series of binary choices in
which the animal is asked to choose between two platforms (yellow and brown) adjacent to
the one it is situated on (blue) and is asked to choose the one which is closest to the direction
to the goal (in both examples, the yellow one). As in the examples shown, the choice platforms
can vary in the angle between them (β) and in the angles relative to the goal direction (α).

Rats with hippocampal lesions are severely deficient in learning to navigate to
a goal on the maze and the performance of both control and lesioned animals is
adversely affected by several factors: distance of the choice point from the goal, dif-
ference in the angle between the two platforms, and deviation of the best choice
platforms from the goal heading direction(Wood et al. 2018). On all these measures,
hippocampal damaged animals are worse than controls (Figure 4.4). In a follow-up
study, we (Ormond and O’Keefe 2022) recorded CA1 place cells on the standard
navigation task to see whether they would provide information supporting naviga-
tion. Fortuitously, as the animal waits on each platform for the next pair of platforms
to arise, it often circles around through a full 360∘, enabling us to see whether there
is a preferred direction of firing. During navigation on this maze, the firing of CA1
place cells is still localized to a part of the maze but become polarized and is not
omnidirectional as is usually found in open field foraging tasks where there is no
specific goal; the cells no longer fire equally strongly in all directions in the place
field but concentrate their firing in a preferred direction(Figure 4.5A). As the ani-
mal moves around within the place field, these preferred directions do not line up
in parallel as they would for head-direction cells but change their orientation to
remain pointing towards a specific location in the environment. The firing within
the place field can be characterized as a vector field pointing within the animal’s
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Figure 4.4 Behavioural results on the thirty-seven platform-honeycombmaze. (A) Rats with
hippocampal lesions are significantly impaired in learning the navigational task on honeycomb
maze. (B) Normal animals (blue) performworse as the angle between the two choice platforms
decreases, and hippocampal-lesioned animals (red) do relatively worse. (C) Normal animals
performworse as the distance from the choice to the goal increases (see inset) and
hippocampal-lesioned animals do relatively worse. (D) Normal animals performworse as the
angle between the best choice platform and goal direction increases, and
hippocampal-lesioned animals do relatively worse. After Wood et al. (2018).

egocentric polar coordinate framework to a particular location in the environment
(called the convergent sink or ConSink) (Figure 4.5B). Surprisingly only a few of
these ConSinks are located at the goal itself but most are scattered around the envi-
ronment at seemingly arbitrary positions(Figure 4.5C). However, importantly, the
average of these ConSinks is centred close to the goal location and in front of the
animal (0∘ in egocentric space). Averaging across all of the individual place cell vec-
tor fields recorded simultaneously in a given animal creates an average vector field
which flows towards the goal from every direction in the environment. Changing
the location of the goal changes the location of the ConSinks and their associated
vector fields to point to the new goal. Thus the ConSink vector field organization of
place cell firing contains sufficient information to solve the honeycomb maze task,
i.e., enabling the animal to make correct choices between a platform pointing to the
goal and one pointing in a different direction. In an unobstructed environment the
animal can reach the goal by following one of these beacon vectors to the goal. It is
important to note that the place and ConSink/vector field representations are rela-
tively independent as demonstrated by the fact that in non-polarized environments
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in which there is either no goal or many goals there are perfectly good place fields
in the absence of strong ConSink representations and vice versa that it is possible to
see a large change in ConSink representations together with only a small change in
place cell representations after the goal switch in the Ormond and O’Keefe exper-
iments. Importantly, both representations can only be seen at the cell population
level and neither the animal’s location nor the goal direction can be decoded from
the activity of a single cell.
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Figure 4.5 Place cell firing during navigation on the honeycombmaze can be characterized by
vector fields and convergence sinks (ConSinks). (A) Example Place-ConSink cell showing the
tracks of the animal (white) and spikes fired by the cell (red) on two trials as the animal
navigates to the goal (black hexagon). The next two panels show the firing field across all trials
as either heat map or raw spike and position data. The final two panels show the vector field
created by the directional firing at different locations on the maze. The ConSink (red circle) is
the point in the environment which best organizes the vector field. The relative direction of the
ConSink within egocentric polar coordinate framework centred on the animalʼs head shows
that the best orientation of this ConSink is slightly to the right of the animalʼs heading
direction. (B) is a schematic showing how the ConSink location is organized in the animals
egocentric coordinate system for a ConSink which is slightly to the left of centre. All of the
ConSinks calculated from the ConSink cells simultaneously recorded in one animal are spread
around the environment (red circles, C left). The overall population vector field created by
averaging all of the ConSinks from a single animal points towards a ConSink (red circle, C right)
located close to the goal (grey circle, C right) and the average sink direction is located in front
of the animal (C below). This is typical of all five animals recorded. After Ormond and
OʼKeefe (2022).

Can the cognitive map provide sufficient information to enable the animal to
make correct choices between two platforms neither of which points directly to
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the goal or in an environment with obstructions which need to be circumvented,
and thus support flexible navigation? A closer look at the vectorial ConSink
representation shows that this is the case. As the animal rotates within the place field,
the firing typically takes the form of an arc with maximum firing in the centre of the
arc, falling off in a monotonic fashion on either side of the maximum (Figure 4.6B).
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Figure 4.6 The vector field fantail provides a set of vectors pointing in all directions in the
animalʼs egocentric coordinate systemwhich collectively contain information about the
straight direction to the goal (A, large red arrow) but also in all other egocentric directions.
Importantly, the length of the vectors should fall off in a monotonic function with increasing
angle from the goal direction (small red arrows). (B) Fantails are created by the fact that the
place cell firing scallops created as an animal rotates around in place on each platform consist
of arcs in which the firing increases from aminimum at the beginning of the arc to a maximum
when the animal heads towards the ConSink and then diminishes as it continues to rotate,
creating a set of vectors whose lengths decrease as a function of angle with the ConSink
direction. Summing fantails across five animals results in the figure shown in (C) where there is
an orderly falloff with angular deviation from the goal direction. The data from all five animals
is highly consistent and creates a sinusoidal pattern. When offered a choice of two or more
directions, the system provides information for selecting the optimal direction (in the form of
the largest vector) even if that is not directly pointing to the goal. After Ormond and OʼKeefe
(2022).

This pattern can be characterized as a set of vectors, rather than a single vec-
tor, with the amplitude of each vector decreasing with increasing angle from the
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ConSink direction(Figure 4.6A). If one averages these vector sets across the pop-
ulation of ConSink cells for a given animal, we find that the largest vector points
towards the goal but in addition the average vector lengths decrease monotonically
as a function of the increasing angular distance from the goal, forming a fantail con-
figuration(Figure 4.6C, D). Another way of picturing this is shown in Figure 4.7
where the fantail changes orientation to keep it aligned with the goal direction as
the animal moves around the environment. Thus, even if the animal is not offered
a choice which leads in the direction of the goal, the output of the CA1 field will
provide the information about the best choice of the two (or more) offered allowing
the animal to navigate efficiently in obstructed environments.

Figure 4.7 Fantail orientation changes as a function of place in a familiar environment
providing a valence system about the goal-direction value of all possible directions in all
locations. As the animal moves around the environment, the fantail rotates appropriately to
maintain the largest vector pointing in the direction of the goal (grey hexagon). Based on data
in Ormond and OʼKeefe (2022).

Several features of the experiment provide additional information about this fan-
tail representation. First, the experimental paradigm involved a gap of about 10
seconds between the animal arriving at a new platform and it’s being afforded a
choice of two new choice platforms. During the first four seconds of this period,
before the new platforms begin to rise, the animal has no idea which choices it
will be offered. During this time, the animal continually rotates in place sampling
different directions making it possible to assess the fantail representation prior to
the animal having any knowledge about potential choices. On trials in which the
animal chooses correctly, the hippocampal fantail representation during this pre-
choice period accurately describes the value of the potential alternatives prior to
information about what choices will be available on that trial (Figure 4.8A left). As
the platforms begin to move and the choices become apparent, the fantail represen-
tation improves slightly (Figure 4.8B left). It is clear that the fantail firing pattern is an
abstract vectorial representation of the valence of possible choice-directions which
exist before the actual choices are known. Fantail representations on trials in which
the animal subsequently makes an incorrect choice are much less well formed and
point on average in a direction other than the goal direction (Figure 4.8A, B right).
The absolute firing rates on these error trials are also significantly lower than on cor-
rect choice trials (figure 4.8C, D). Although these experiments do not prove that the
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animal uses this fantail representation in order to guide its choice behaviour, they
are highly suggestive that this is the case.
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Figure 4.8 Hippocampal fantail is observable on correct choice trials while the animal waits to
be given its next choices (A, left). The organization of the fantail improves over the next period
as the platform choices become available with mean vector length increasing and angular
deviation from the goal decreasing (B, left). In contrast, on trials in which the animal
subsequently chooses incorrectly, the fantails are less concentrated (lower mean vector
length) and point in a non-goal direction (B, mean direction error 43∘ in contrast to 8∘on correct
trials). Firing rates are lower on incorrect trials (C, D). After Ormond and OʼKeefe (2022).

HippocampalMemoryMechanisms

The human hippocampus has long been recognized as a site of memory forma-
tion and storage, in particular for memories of an autobiographical or episodic
nature. In this section, I will examine the evidence that the rodent hippocampus is
the locus of several different types of plastic changes underlying memory. The first
type of memory formation is involved in the creation of feature-in-place represen-
tations. We have already seen in the Komorowski study described above that during
conjunctive odour-in-place training a large number of odour-in-place cells can be
recorded following successful learning. During the learning phase of the experiment
this number goes from an initial 6% of the cells recorded to 31% when learning
is complete. At the same time the total number of simple place cells stays roughly
constant throughout training and careful inspection of the data led Komorowski
to conclude that these percentages represent the conversion of simple place cells to
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odour-in-place cells during learning and the creation of new simple place cells to
make up for the loss of the former. Although there are other interpretations, these
observations suggest that there are two types of system plasticity learning taking
place at the same time over the course of learning. In the first process, inputs to place
cells conveying information about the two odours are strengthened. This could be
accomplished by something like a simple feature and place associative LTP mecha-
nism. One consequence of this increase in feature-in-place information might be
a relative decrease in overall place information and some places in the environ-
ment might fail to be adequately represented in the map. Cognitive map theory
postulates that there can be no ‘holes’ in the map representation of an environ-
ment and changes need to take place to fill in these newly acquired potential holes.
As mentioned above, one mechanism which might accomplish this is a first-past-
the-post system in which active place cells representing locations in a particular
environment act through the inhibitory interneuron network to suppress other local
pyramidal cells from firing in that location. The loss of this pure place cell fir-
ing would result in the uncovering of these silent place cells to fill in the potential
holes.

Two additional types of plasticity can be seen in the vector field representation
during the navigation task when the goal is abruptly shifted, and during succes-
sive trajectories to the original goal or after the goal has been shifted. During the
goal shift, most of the place cells with vector fields representing the new goal are
different from those representing the original goal. Most of the new ConSink rep-
resentation is carried by previously non-ConSink cells. In the small number of cells
which had significant ConSink vector field representations in both goal conditions,
eighteen of twenty-eight shifted in the direction of the new goal but ten cells did not
(Figure 4.9B). Importantly while the ConSink component of pyramidal cell firing
shifts dramatically after goal change, there is only a small (but significant) alteration
in place field location suggesting the relative independence of the two processes.

Another important type of plasticity in the ConSink representation is seen within
each series of trials to the same goal, whether it be the original goal or the newly
shifted goal. Here I focus on the shifted goal data. We did not have enough data to
look at changes in ConSink positions on a trial-by-trial basis but instead separated
the trials into first and second halves of seven trials each and averaged these to look
for any systematic movement (Figure 4.10). On average, there is a large shift of the
average ConSink towards the new goal between the first and second halves of the
session (Figure 4.10A vs B). This continuedmovement towards the goal seems to be
a general phenomenon. As noted above, movement of ConSinks towards the goal is
also seen within the original training to the first goal.

One can think of this as a movement of each ConSink along a vector from
its original position towards the goal (Figure 4.10C). As we saw earlier, many of
the ConSinks are located off the maze surface and therefore in empty locations
which the animal will never have visited. We can speculate that these ConSinks are
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Figure 4.9 Consink/vector field reorients towards the new goal after goal relocation. Example
ConSinks (A) and vector fields (C) from one animal showing reorientation to the new Goal 2
(right, pink hexagon) and away from the original Goal 1 (left, grey hexagon) after the animal
had been retrained to the new goal. Most of the cells forming the new ConSinks/vector field are
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small number of ConSink place cells that were involved in both are shown in (B). On average
across five animals, the ConSinks before the goal switch are closer to Goal 1 then Goal 2
(D, left), while afterwards they are closer to Goal 2 (D, right). After Ormond and OʼKeefe (2022).
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Figure 4.10 Movement of ConSinks closer to Goal with experience. Comparison of ConSinks
during the first half of recording session (A) with the second half (B) for a typical animal shows
movement of the ConSinks closer to the goal (C). Average of five animals shows significant
movement (D). After Ormond and OʼKeefe (2022).
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determined by environmental cues primarily located distant from the maze. In the
present experiment, the use of olfactory and tactile cues on themazewas obviated by
the rotation of the maze by + 60∘ or −60∘ from its original position between blocks
of trials. One way of thinking about the movement of the ConSinks is as an attempt
to minimize the difference between the cue configuration as seen from the current
ConSink and the same cue configuration as seen from the goal. It is unlikely that this
type of sophisticated learning mechanism will be explicable on the basis of simple
strengthening or weakening of synaptic connections. For example, one such mech-
anismmight involve the phasor notation in which theta sinusoids represent vectors,
vector length relates to sinusoid amplitude, and vector angle relates to phase shift rel-
ative to the population theta wave (O’Keefe 1991). On this model, translation and
rotation of vectors would involve phase shifts as well as amplitude changes.

Navigation on this view consists of the hippocampus providing the motor system
with the current fantail representation and instructing it to choose the path defined
by the largest vector available to it. Navigation itself is a sequence of vectors tak-
ing the animal from its current location to the goal. The goal is typically defined in
the usual animal experiments as ecologically determined primary reinforcers such
as food, water or conspecifics but they need not be so. For example, in higher-
order conditioning common features such as lights or tones can become goals by
secondary association with primary reinforcers. One possible location for the rep-
resentation of ecological goals is the amygdala which we have shown to contain cells
selective for female conspecifics, male conspecifics, foods, or prey-like mobile toys
(Mazuski and O’Keefe 2022). This information could come directly from the amyg-
dala or indirectly via the Anterior Cingulate/Prefrontal cortex (Rajasethupathy et al.
2015; Yadav et al. 2022). In the extension to the theory being proposed below, events
in the past (episodic memories) can also be identified as goals to be navigated to,
either directly or circuitously.

Extensionof theCognitiveMapTheory toHumans
andRelevance toHumanEpisodicMemory

From the outset, it was always envisaged that an understanding of the mechanisms
of the cognitivemap in animals would provide the basis for an understanding of spa-
tial and episodicmemory in humans (Burgess et al. 2002). FollowingTulving (1983),
we define episodic memory as that system which enables us to consciously recollect
personally experienced events. The cognitive map would not only store these expe-
riences as instances of visiting particular locations in the past and the events that
happened there, but also provide a mechanism for navigating to those representa-
tions in a spatiotemporal framework and, as part of this navigation, underpinning
some of the psychological properties which Tulving attributed to episodic memory
recall such as the concept of the self, autonoetic awareness, and subjectively sensed
time, e.g., Tulving (2002). Although Tulving felt that these attributes either did not
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exist in animals or, if they did, could not be demonstrated to do so, we shall see
that there are strong resonances between the retrieval of episodic memories and
some of the mechanisms proposed to underpin navigation in the current paper. In
our early writings, Nadel and I proposed that the cognitive map, in addition to its
navigational functions, would form the basis for episodic memory in humans with
extensions such as the incorporation of a sense of linear time, a representation of
the self and the use of the map to store linguistic information as well as information
derived from the physical world. We wrote:

The hippocampus is the neural substrate for one-trial episodic memories in which events
are related to each other in a long map extending from the past into the future. These
episodic memories can be retrieved directly by the activation of the items themselves, or
indirectly by events occurring before or after the event, or by the spatial context in which
the event occurred. (OʼKeefe and Nadel 1979: 494)

and
The right hippocampus of the human functions in a manner similar to that of the rat,

acting as a one-trial episodic memory framework which stores items and events within a
spatiotemporal context. The left human hippocampus provides a linguistic framework for
the organization of narratives, a frameworkwith properties similar to thosewhich linguists
have ascribed to semantic deep structure. (OʼKeefe and Nadel 1979: 493)

There is considerable evidence that the human hippocampus is involved in spatial
and episodic memory, and navigation (Burgess et al. 2002) and is activated by scene
construction, whether real or imagined (Hassabis et al. 2007) and by navigation in
virtual reality environments (Maguire et al. 1998; Hassabis et al. 2009; Brown et al.
2010; Hartley et al. 2003). In this section, I want to discuss how our understand-
ing of the role of the hippocampus in navigation might shed light on its role in
episodic memory. Let me begin by leveraging our understanding of the role of the
hippocampus in flexible navigation in rodents to consider mental spatial travel in
humans. In rats, the animal’s ego centre is roughly located close to or at the head. I
say roughly because there is some evidence that the place cell representation moves
a small amount in front of the animal’s current location when it forages for food in
a two dimensional open field environment (Chaudhuri-Vayalambrone et al. 2023;
Muller and Kubie 1989) or when it is trying to make a choice at the junction in a T-
maze (Johnson and Redish 2007). In humans it is clearly possible to move one’s ego
away from the body location as for example in out-of-body experiences. An inter-
esting fMRI decoding study (Guterstam et al. 2015b; Guterstam et al. 2015a) found
that the representation of the subject’s location in the human hippocampus during
out of body experiences sited the subject at his or her subjective location and not at
the objective location of their body. Interestingly, episodic memory for events which
took place during the out of body experience were less well remembered than those
during in body experiences (Bergouignan et al. 2014). In our current understanding
of the hippocampal role in flexible navigation, we would say that the centre of the
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fantail can be shifted to any location in the environment within the mapping sys-
tem. Computationally, this mechanism would be similar to the mechanism which is
envisaged to guide the animal from its current location to the goal location during
navigation. In this case the movement would be a fictive one with no actual move-
ment of the physical body itself. If we now have a mechanism for moving the centre
of the fantail to any location in a known environment and also simultaneously mov-
ing the representation of the body to the same location, we have the beginnings of a
mechanism for episodic memory retrievals.

Of course, episodic memory means retrieving the trace of experiences in the past
and for this we need to add a temporal component to the spatial representation. In
the original version of the cognitive map theory (O’Keefe and Nadel 1978, 1979),
we proposed that the human hippocampus incorporated a linear time stamp which
allowed it to store episodic memories as well as purely spatial memories. In contrast
we could see no reason why animals such as rodents would need such a time stamp
nor was there any evidence to that effect. Subsequently it has become clear that they
do possess some temporal component to the spatial system and Julija Krupic and I
have summarized that evidence (O’Keefe and Krupic 2021). It is still not clear how
this temporal information is incorporated into the cognitive map but the existence
of time cells, pyramidal cells which show increased firing after a short period fol-
lowing an event (Kraus et al. 2013; Macdonald et al. 2011; Pastalkova et al. 2008),
and the gradual systematic variations in the population firing rates of place cells
since the first time of entry to environment suggest possible mechanisms (Mankin
et al. 2012; Ziv et al. 2013). We can assume that one of the primary functions of this
temporal component to the cognitive map in rodents is to aid the use of the map
during foraging behaviour where the animal might need to know in which order
it had visited different food patches or how long ago it has been since it visited a
particular food patch. Whether this temporal signal rises to the specificity of tem-
poral discrimination necessary for a human episodic memory is not clear. It is still
not clear what form this time component needs to take. We have previously dis-
cussed the different kinds of temporal representations which have been found in
the hippocampal formation of rodents (O’Keefe and Krupic 2021). Introspectively,
we humans seem to have a fully metricized temporal representation of events in
the last day or two but the metrics quickly deteriorate with time elapsed since our
ability to judge the relationship between two events in the past is not much better
than representation on an ordinal scale, i.e., one happened before or after the other.
Time cells in the hippocampal formation can represent the occurrence of any events
up to a few tens of seconds with reasonable temporal fidelity and it is possible that
variations in the pattern of activation of place cells over time could be used as a
temporal marker but this has not yet been demonstrated. One possibility is that the
time signal is treated in the same way as other features and stored as a pattern of
firing rates across the place cells representing the location of the past event. Were
something like this the case then we could conceive of episodic memory retrieval as
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analogous to spatial goal retrieval where the perceiver-based fantails start from the
present spatiotemporal location and navigate to find the target memory following
a four-dimensional spatiotemporal trajectory. The event in the past would func-
tion analogously to the goal in our simple spatial navigation task. Rather than being
directed to a physical location, the cognitive map would need to form a fantail start-
ing from the subject’s spatial location in the present time and proceed to generate
a set of vectors with the largest vector in the direction of the stored spatiotemporal
goal. By analogy to the sequence of fantails representing possible pathways to the
goal, we would have a fantail sequence directed towards the memory. This would
explain the indirect process of retrieval of memory where, for example, one could
use the knowledge that the event in question happened near a particular location or
some time close to another event in order to ‘find’ the desiredmemory. As suggested
above that memory would normally consist of the particular event in a particular
location at a particular time but could also be associated with a particular person in
this case the subject of the experience. Full elaboration of this idea would involve
the representation of the subject as being the sort of agent which has a mind and
therefore contains spatiotemporal representations of which the desired memory is
one such case.

TheCognitiveMapandVectorGrammar

One of the great challenges for the cognitive map theory is to show how it can be
used for processing and storing linguistic information. Following the original idea in
(O’Keefe and Nadel 1978), I have suggested how the map could be used to support
a language system called Vector Grammar (O’Keefe 1996, 2003). It starts from the
observation that many sentences about physical location and displacement through
space make use of prepositions and in the case of inflected languages, the case end-
ings of the nouns, and that most prepositions and many case endings have at their
basis spatial, or with a few exceptions temporal, meanings. It follows that if we can
show how the cognitive map might represent the ideas of simple spatial location
and displacement, we might have the beginning of a computational basis for spatial
language. The basic idea is that relationships represented by the prepositions and
additionally, the case system of cognitive linguistics (Fillmore 1968) can be cap-
tured by sets of vectors, and further that non-spatial uses of prepositions and cases
may be achieved by metaphorical extension of the spatial meanings (Lakoff 1980).
These vectors were originally thought to be set within an allocentric framework but
ourmore recent work on the use of the rodent cognitive map for navigation suggests
that they can also be specified egocentrically. The basic notion is that in addition
to storing and manipulating representations identifying objects and their locations
as is done in non-human animals, the human cognitive map carries out the same
operations on linguistic entities such as nouns.
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To take a few simple examples, the deep structure for the sentence:

1) Kristle leaves Russell Square.

would be represented as shown in Figure 4.11 (left) where Kristle is represented as
moving from that location along an unspecified displacement vector drawn from
the divergence vector set represented by the red arrows, and the deep structure for:

2) Kristle goes to University College London

would be represented as shown in Figure 4.11 (right) where Kristle is represented
as moving to the UCL location along any of the displacement vectors drawn from
the convergence vector field represented by the blue arrows. On this reading, from
specifies the location of the set of tails of the divergent translation vectors and to
represents the set of heads of the convergent translation vectors. These two vector
fields can be represented together as in the sentence about a past event:

3) Kristle left from Russell Square and went to UCL

As can be seen in Figure 4.12, this simple sentence is represented by a large number
of potential paths from Russell Square to UCL equivalent to all of the intersections
between the two elementary vector fields. Selection amongst these potential paths
can bemade by the use of the prepositions via or by way of denoted by the aqua and
yellow hexagons. The paths selected by the yellow hexagon corresponds to:

4) Kristle went from Russell Square to University College London via the junc-
tion of Keppel and Gower Streets.

While the path represented by the aqua hexagon corresponds to:

5) Kristle went directly from Russell Square to University College London by
way of the shortest possible route.

The use of vector fields rather than simple vectors to represent the meaning of
ostensibly simple prepositions such as from and to serves to capture the ambiguity
underlying these prepositions which is one of the hallmarks of language.

In the examples shown in Figures 4.11 and 4.12, the nominal Kristle stands for
the item or feature which is translated from one location to the other and in many
languages would be represented by the nominative case.

A further elaboration of vector grammar relies on the observation that most of
the languages of the world are inflected with different roles specified by different
cases, and thatmost of these cases are either locative, specifying locations of items or
translocative specifying the movements of items from one location, to another loca-
tion, or via a third. In Table 4.1, I have depicted some of the locative cases from the
language Tsez, a Northeast Caucasian language with about 15,000 speakers spoken
by the Tsez, a Muslim people in the mountainous Tsunta District of southwestern
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From Russell Square To University College london

Figure 4.11 Prepositions used in descriptions of paths from and to locations are specified by
divergent and convergent vector fields respectively.

From Russell Sq to UCL ( via Keppel St )

Figure 4.12 Prepositional phrase used in descriptions of pathways between two locations are
specified by combinations of divergent and convergent vector fields. The prepositions via or by
way of (yellow and acqua hexagons) further constrain the pathways between the two locations.

Dagestan in Russia and considered to be one of the most complex language existing
today. Of the sixty-seven cases in Tsez, fifty-six are spatial. These are formed by com-
binations of seven locational cases: in (in hollow space), in (inmass), under, on, near,
near/behind, at/on (vertical space) (shown in the rows) multiplied by four direc-
tional movements relative to those locations: at, to, from, towards/through (shown
in the columns).

Thus for example, there is a case representing the object from on top of which
something moves and another representing the object towards the underside of
which something moves. Furthermore, there are two forms of each of these cases,
one of which denotes distal and the other proximal locations. The spatial cases of
the nouns in inflected languages can be viewed as reflecting three different aspects
of hippocampal function. The locative cases (e.g., in Russell Square) represent the
positional state of the hippocampus reflected in the firing of the place cells when
the subject identified by the noun is located in that place. The ablative cases (e.g.,
away from Russell Square) represent the (theta-related movement) stage in which
there is movement away from the current location in the absence of a specified goal.
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Table 4.1 after (Comrie 1998)

Tsez Local Cases (Non-Distal)
ESS LAT ABL ALLAT

IN -ā -ā-r -āy -ā ɣor ‘in (a hollow obj)’
CONT -ł -ł-er -ł-āy -ł-xor ‘in (a mass), among’
SUPER -λ̄’(o) -λ̄’o-r -λ̄’-āy -λ̄’-āɣor, -λ̄’-ā-r ‘on (horizontal)’
SUB -λ̄ -λ̄-er -λ̄-āy -λ̄-xor ‘under’
AD -x(o) -xo-r -x-āy -x-āɣor,-x-ā-r ‘at’
APUD -de -de-r -d-āy -d-āɣor, -d-ā-r ‘near’
POSS -q(o) -qo-r -q-āy -q-āɣor, -q-ā-r ‘on (vertical)’

‘at’ ‘to’ ‘form’ ‘towards’

Tsez Local Cases (Distal)
ESS LAT ABL ALLAT

IN -āz -āz-a-r -āz-ay -āz-a
CONT -ł-āz -ł-āz-a-r -ł-āz-ay -ł-āz-a
SUPER -λ̄’-āz -λ̄’-āz-a-r -λ̄’-āz-ay -λ̄’-āz-a
SUB -λ̄-āz -λ̄-āz-a-r -λ̄-āz-ay -λ̄-āz-a
AD -x-āz -x-āz-a-r -x-āz-ay -x-āz-a
APUD -d-āz -d-āz-a-r -d-āz-ay -d-āz-a
POSS -q-āz -q-āz-a-r -q-āz-ay -q-āz-a

This would be represented by the nondirectional firing of the place cells and can be
represented mathematically as the vector field consisting of all vectors with their
tails originating at Russell Square as a divergent vector field source (DivSource)
(Figure 4.11, left). And finally, the allative cases show movement to or into a loca-
tion (e.g., to or into University College London) (Figure 4.11, right). These cases
would be represented mathematically by the vector field consisting of all the vectors
with their heads ending at University College or equivalently the convergence vector
field sink (ConSink). The combination of the latter two cases (ablative and allative
cases) would identify the vector field consisting of all vectors originating at Rus-
sell Square and terminating at University College London (Figure 4.12). The large
number of vector sequences specifying thismovement (potential paths fromRussell
Square to University College London) can be greatly reduced by additional infor-
mation such as a location via or through which the path must go. One such location
(the intersection of Keppel Street and Gower Street) would be specified by another
case, the prelative case, in a small group of inflected languages but more usually by
the prepositions via or through.



John OʼKeefe 91

In its simplest form therefore spatial language can be viewed as identifying places,
and potential movements to or away from them, with sets of vector fields coding for
all the possible vectors originating and terminating in those places together with
the identification of intermediate places which would constrain the subset of poten-
tially infinite pathways. Further constraining information could be provided in the
form of directional andmetrical constraints, e.g., go from Russell Square to UCL by
heading north for ½ km.

Summary

The latest version of the cognitive map theory shows how it can be used to iden-
tify locations in a familiar environment and to navigate between them in a flexible
manner. This involves the generation of vector fields representing the direction and
distance to the goal from any location in the environment. These goal-oriented vec-
tor fields represent a combination of allocentric (current location) and egocentric
(direction of ConSinks) coding which at the neuronal population level provides
information about the goal from every location in the environment. This new view
of the role of the hippocampus in navigation suggests a mechanism to underpin
episodic memory formation and retrieval in humans. The extensions necessary to
the rodent hippocampal mapping system to support this role in episodic memory
include the ability to code events in the past and to use the navigational capacities
of the hippocampus to navigate to those events. An important extension would be
the ability to create linguistic events as descriptions of physical events which would
enable the human hippocampal system to code for narratives and other linguistic
phenomena in addition to locations and navigations in the space of the physical
world.
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5
Space, andNot Time, Provides theBasic
Structure ofMemory
Sara Aronowitz and Lynn Nadel

Memory makes it possible to apply previously acquired knowledge about the world
to one’s current circumstances.¹ Having a storehouse of knowledge, however, is but a
starting point. Only knowledge that is relevant to the current situation is of use, and
one needs a way to pick out what is relevant andwhat is irrelevant given the quantity
of information available. Consider an example: if you were to meet a friend at a
familiar art museum, several kinds of knowledge from memory would be relevant.
You might want to access memories tied directly or indirectly to your friend, such
as the last message she sent you about her job and a story you read online about a
political movement that is worrying her. Once at the museum it would be relevant
to access information about how the exhibits were organized last time you were
there, as well as the fact that the audio guides can be quite helpful. This is a mix
between episodic and semantic knowledge, and reflects a wide variety of particular
and contingent connections to the present moment. However, among other more
context-specific ties, thememory ofwhat happened onprevious trips to themuseum
can be particularly useful.

This example highlights the fact that upon returning to a familiar place, one is
highly likely to retrieve memories of what occurred there in the past. Location-
cued retrieval is an adaptive approach to determining relevance: to the extent events
occurring in the same place follow the same trajectory, memories of the past enable
one to anticipate, and act adaptively, in the present. What we will be calling a
location-cueing heuristic attests to a deep linkage between space and memory.
As this heuristic is used generally but not universally, we are not proposing that
episodicmemory is constitutively spatial, a view that Phillips (this volume) evaluates
and rejects.

This spatial heuristic is obvious almost to the point of triviality. But is there a
parallel temporal heuristic? Space and time are often treated together in memory
and elsewhere: they are both organizing dimensions of an internal world in which
we locate parts of the past, and the cognitive/neural systems underlying spatial and

¹ Thanks to Nora Newcombe and Carl Craver for very helpful comments on a draft, and to all workshop
participants for inspiring conversation.
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temporal organization may be tightly related or even identical. Yet it would appear
that there is no direct temporal parallel for the spatial heuristic we just discussed.
This is because one cannot literally return to the same time, in the way that one can
return to what one considers to be the same place.

The brain does seem to honour certain kinds of temporal heuristics—one of these
is that events happening nearby² in time are often related to each other. Temporal
contiguity has long been thought to drive associative learning, and the memo-
ries resulting from such learning. Neurobiological mechanisms that might partially
underlie such temporal contiguity effects have been uncovered, influencing the pro-
cesses by which neurons are allocated to the encoding of new information (e.g., de
Sousa et al., 2021).

A related but distinct temporal structure is order. Temporal order is one ingre-
dient in learning causal and statistical relationships. Order, however, is observed
in combination with other event features to build contingency relations that can
powerfully drive associative learning (Rescorla &Wagner, 1972). Critically, gauging
contingencies demands that organisms aggregate information (statistics) aboutmul-
tiple experiences in an environment, often spread over substantial swaths of time.
Doing so, it would seem, requires activating the relevant context representations so
that newly acquired information is integrated appropriately.

Temporal contiguity and order are combined in the case of temporal cueing: a
temporally contiguous event serves as a reliable cue to a neighbour event in a way
that depends on both closeness and order (i.e., the first event ismore likely to cue the
second event than the reverse). These cues, however, typically share other contex-
tual elements besides time—andwhen temporally near events are distinct in context,
as when they are separated by an event boundary such as switching between two
rooms, the cue reliability is weakened (Horner et al., 2016).

These considerations suggest that there is a relationship between time and mem-
ory different than the linkage between space and memory. The latter is directly
about where a remembered event transpired, including information about spatial
transformations during the temporal course of the event. The former seems predom-
inantly about these transformations over time, and only secondarily about when in
an individual’s history a given event occurred. Memories of events occur over time,
and are about actions that take place sequentially, in a specific temporal order. But
they may not be organized around time in the way that memories are organized
around space.

In this chapter, we’ll start by laying out the problem of relevance in memory in a
way that applies to even very basic uses of memory in animals. Within this setting,
we’ll then explore why and when the location-cueing heuristic is useful. The next

² ‘Nearby’ is of course vague, in that it could be a matter of milliseconds, seconds, hours, or even days. The same
issue arises for spatial nearness: in inches, feet, or miles? The relevant scale depends on features of the thinker and
the situation, and so there is no absolute notion of nearness in space or in time that captures meaningful nearness
across situations.
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section will ask: is there a way to think of a temporal heuristic that could capture
something about relevance beyond the here and now? In failing to find a version that
succeeds, we’ll then consider and ultimately dismiss a joint spatial-temporal heuris-
tic. The remainder of the chapter will draw out the consequences of this asymmetry
between space and time in memory, and connect this conceptual fact to features of
our actual memory systems.

TheRelevanceProblem

In order to discuss spatial and temporal heuristics in memory, it’s first necessary to
lay out the problem for which these heuristics are an approximate solution. This is
the problem of relevance, of mobilizing information that optimizes one’s chance of
success in the current situation. Information demands, as just described, may seem
reactive—as if demands are always created by the appearance of an unfamiliar situ-
ation. But information demands may be anticipatory rather than reactive in nature,
such as when you ask yourself how to prepare for what will happen in the museum.
In this case, before you enter a given situation, you draw on stored information to
make a plan. Thus, information demands are generated throughout a loop between
acting, predicting, and observing, rather than following after observation in some
absolute sense.

The relevance problem refers to the need to direct memory search and construc-
tion in order to satisfy information demands. Consider a rat which encounters a
novel object. This object triggers an information demand: has she seen or smelled
something similar before? This can be thought of as a sub-question under the
demand to know what the object is and what she should do with it, if anything.
This demand structures a search through her memories. Since time is limited and
her memories are extensive, an answer to the relevance problem addresses how to
proceed when seeking to retrieve useful information: where is the best place to start
and where should she look next.

An answer to the relevance problem is rarely optimal due to the computational
intractability of the problem—we simply have too much stored information to con-
duct an exhaustive search. Instead, it can be approximated with a heuristic. These
heuristics take the form of questions or question-types that are reused across a set
of contexts.

What would an optimal solution to the relevance problem look like? The open-
ended nature of the information demand makes a clear solution hard to formulate,
and in lieu of an optimal solution to the relevance problem, we can see the value of
relevance heuristics. They allow us to understand search behaviours in connection
to a notion of optimality without supposing a full solution to the relevance problem,
and set the stage for our main question: do spatial and temporal relations make for
effective relevance heuristics? And are they part of the relevance heuristics that we
and other animals actually use to access useful information?
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Spatial Heuristics

The critical importance of spatial heuristics is readily seen in the following scenario,
that plays out every day in nature: an animal, let’s say a common desert rat, is out
and about, searching its home territory for something to eat. It enters a region of the
territory (call it area A) it hasn’t been in for a while. what happens next?

It turns out this is not the only question one should be asking. Another critical
question is what happened before? And the answer to that question goes some-
thing like this: having felt hungry while nesting, the rat exited the nest with a
clear expectation of what it would encounter in its home territory. Using previously
stored knowledge about the environment, the rat’s brain continuously predicted, in
real time, what would happen next. When the rat entered area A, it did not do so
with a blank mind, but instead with the expectation that it would find the food it
remembers being available from prior experiences in that space, or context.

The question of ‘what happened before’ is relevant in another way here. In order
for the rat to have acquired knowledge about its home territory it had to first
learn about it. Let’s consider this earlier stage, when the rat, perhaps having been
exiled from its former home as a no-longer juvenile, seeks to establish a new home
base. It enters many unfamiliar places³, without specific expectations. But our rat
is equipped with some general expectations, about the kind of places that might
be safe, or dangerous, for example. Rodents in general are prey species, and hence
stay out of the limelight if they can. They explore new places with trepidation, but
explore theymust, because the acquisition of reliablemodels of theworld—cognitive
maps—is essential to survival.

These internal models, built up through exploration of what initially were unfa-
miliar places, are the basis for the memories that are retrieved when a rat, or a
person, re-enters a previously visited place. Without them, one would be maladap-
tively prone to act in contextually inappropriate ways. With them, one can access
relevant information, to answer quite specific questions, only some of which are
explicitly about time: what is this place like? Is it a safe place? When was I here last?
What happened here before?

All of these questions are centred around places, even as they are also about time.
The rat retrieves information related to this place from memory in order to gener-
ate expectations of what can happen here. This happens in two ways. In answer to
an information demand, the rat might retrieve a specific event that occurred at that
location at a different time, such as the presence of a predator. This retrieval heuris-
tic might be something like ‘what happened here last time?’ Second, the rat might
have formed a general, tenseless representation of this place, for instance, a statisti-
cal representation of the likelihood of encountering a predator. This representation,
even before it is linked to the current retrieval context, is spatially organized: it com-
bines events at different times in the same space in order to track general features

³ For the purposes of this chapter, places are assumed to be regions of the environment, not unique points.
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of that environment. While distinguishing between event memory and memory for
tenseless environmental statistics is important for comparing episodic memory in
humans and other animals, among other things, both of these modes of retrieval are
inherently spatial.

If spatial retrieval heuristics are common and fundamental, we would expect ani-
mals to prioritize both learning about space, and then use spatial information to
guide their behaviour in the future. The former is clearly demonstrated by the ‘pre-
exposure effect’ experiments (e.g., Fanselow, 1990), in which rats exposed to a new
environment were shocked either shortly after exposure to the environment, or after
a two-minute delay. Only the rats who had two minutes to explore and learn about
the new context acquired fear of that specific context when shocked in it—the rats
who were shocked shortly after exposure to the context did not learn to associate the
shock with the specific context in which it occurred, because they were not given
sufficient opportunity to first learn about the context. That spatial information is
preferentially used to guide action is beautifully shown in a study using humming-
birds, which demonstrated that their behaviour (returning to a previously visited
flower) was controlled by where the flower was located, rather than the stimulus
characteristics of the flower itself (Hurley and Healy, 1996).

These empirical findings about the importance of space in retrieval heuristics and
generalization make sense in light of the learning problem animals face. In most of
the natural world, places have substantial inertia. This fact about the natural world
did not go unnoticed in the course of evolution—research has shown that it is pre-
dominantly the most stable elements in a place that come to identify that place (e.g.,
Jeffery, 1998). Given that, places either change only gradually or evolve by a function
that can be learned. A tree that proves a good source of acorns early in the day will
likely still do so later on, and even a month or a year later. This regularity, though
common, is not necessary, and some animals live in niches that lack meaningful
predictability over the relevant timescales—for instance, Modlinska et al. (2016)
observed a colony of rats that lived in a barn feeding on irregularly placed items
stored by humans there, and whose nests were often disrupted. These rats, interest-
ingly, did not show the avoidance of new foods (neophobia) that is common inmost
rodent populations. Similarly, Odling-Smee&Braithwaite (2003) showed that land-
marks are only reliable indicators of location for fish in pond-like habitats, which are
relatively stable. River-dwelling fish rely much less on landmarks, given that turbu-
lence and river flow render the visual environment unstable. But since most animals
live in locations with meaningful regularities, spatial heuristics are generally effec-
tive for organizing behaviour. Long-term memory primarily conveys an adaptive
advantage through connecting organisms with information beyond the here and
now, a kind of action at a distance (cf., Nadel, 2021). Spatial heuristics bridge time
to combine information gathered over multiple visits to a place, enabling adaptive
behaviour in that place in the future.

To foreshadow our conclusion, spatial and temporal heuristics are different even
at this highly theoretical level. Events near each other in space, as we’ve seen, are
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often mutually informative in the environments most animals inhabit. Events near
each other in time but not in space surely do not share meaningful similarity, nor
do events near each other in time across the span of environments that one animal
visits from day to day. For a rat who roams over fields, swamps, and forests, there
is no reason to suspect events happening in all of these places at midday yesterday
havemuch to dowith one another. Agent-independent temporal closeness tends not
to be meaningful.

Events occurring near each other in time can be related, such as when the pattern
of a gust of wind and a fallen nut might permit an observer to draw a causal infer-
ence between the two. But note that these events are not just related in time—they
are also both in the same place. This spatial conjunction seems needed for causal
connection.

Our felt experience of space is one of staying in the same place from moment
to moment, until and unless we cross some physical boundary, such as a doorway
(e.g., Radvansky, 2012), at which point we concludewe are in a different place. These
spatial boundaries are similar to (and drivers of ) ‘event’ boundaries, but as we see
below, there are some crucial differences that have significant implications for what
we remember and for how space and time separately interact with memory.

TemporalHeuristics

In contrast to the casewith space, wherewe assumewe remain in the same place over
time, time never stands still. Our felt experience is one of being inside an ‘event’ that
unfolds over time. In fact, we often use the word ‘time’ interchangeably with ‘event’.
When we ask someone ‘do you remember the time we went to the museum, or ball
game’, we don’t expect them to retrieve a factual memory of the actual date and
time when it happened, though they might be able to do so if asked. Rather, we are
prompting them to recall the event, extended in time. Absent some life-changing
punctate event, we are generally aware of the steady movement of time within an
event rather than having themoremolar temporal experience of simply being in that
event, with no attention paid to the unfolding specifics. When one is at a baseball
game one might sometimes spend one’s time thinking about the ‘occasion’—amolar
description of the event. But often one instead attends primarily to the stuff that is
happening in time, moment tomoment, then and there. This contrasts with space—
here we are aware of where we remain over time, paying little attention to the details
that variably define the place from moment to moment.

How does this essential difference influence the ways in which time could plausi-
bly be used by organisms as heuristics? To start, the temporal relations among the
elements of an event are often crucial. It matters whether A precedes B or B precedes
A—we seem to come equipped with a bias to assume that what comes first can cause
what comes next, but not vice versa. This is a useful heuristic, and the nervous sys-
tem takes advantage of it in several ways. For example, a premium is put on learning
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sequences, as many (e.g., Dragoi & Buzsaki, 2006; Dragoi, 2020) have shown in the
hippocampus and its neighbours, the subiculum and entorhinal cortex. But there
are times when temporal order can be misleading. Often events are linked in time
of observation just because an organism goes to one place, and then to another, for
quite unrelated reasons.

In the next sections, we’ll build on the conceptual differences between space and
time in retrieval heuristics that we partially spelled out above. Our first task is to
consider evidence of how animals actually use time to organize events in memory.
As we have seen, a spatial heuristic allows animals to collapse across time and bring
together information occurring in the same space. We could imagine several par-
allel temporal heuristics. In the case of causation already mentioned, I might take
a slice of all the events happening just before the effect and generalize across them
to specify the causal conditions for the subsequent effect. Is this kind of heuristic
commonly applied?

Time in Events: Contiguity and Cyclical Time Indices

While in some cases temporal contiguity facilitates causal attribution (Shanks et al.,
1989), this is not universally true. Unsurprisingly, in a paradigm where participants
expected the type of effect to take some time to develop after the cause, Buehner &
McGregor (2006) found that adults were less likely to attribute causation when the
temporal connection between putative cause and effect was tighter. Consider what
you would think if you planted a seed in your garden and then saw a fully grown
plant five minutes later, and you weren’t inside a Jack and the Beanstalk story.

The demise of pure temporal contiguity as the driver of conditioning dates partly
to the experiments on ‘prepared associations’, as best exemplified by thework ofGar-
cia and his colleagues (e.g., Garcia &Koelling, 1966) on what has come to be known
as the ‘taste aversion’ effect. Rats are more likely to associate getting sick with a food
(typically novel) ingested some hours ago than with a tone heard a fewminutes ago.
Similarly, they are more likely to associate foot-shocks received through a grid floor
with a tone heard some hours ago thanwith a food just recently ingested. These clas-
sic experiments demonstrated that temporal contiguity can be overridden by other
factors, in this case whether the cues and consequences have been linked through
phylogeny—establishing heuristics that preferentially associate certain kinds of con-
sequences with certain kinds of stimuli. While heuristics need not hold in every
context, these food, tone, and shock relationships are basic to many learning tasks
in rodents and, given their centrality in what we know about rodentmemory, should
not be dismissed as exceptions to a rule.

A very different kind of temporal heuristic would be to link events not in abso-
lute time, but in cyclical measures of time such as a day. Were this a basic memory
heuristic, we would expect to see events that occurred in the morning recalled more
easily on subsequent mornings rather than nights. Similarly, it would be easier to
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learn statistical regularities that depended on the time of day, such as the likeli-
hood of seeing a predator after a birdcall at dusk. Such effects have occasionally
been reported, within a ‘state-dependent’ learning framework, but they are small
and elusive. Further, while one can imagine a potential environment making such
a temporal heuristic adaptive, most animals do not live in such environments. If a
generalization of the following sort—birdcall at dawn correlates with food, at dusk
correlates with danger—were the rule rather than the exception, animals would
profit from employing a heuristic that organized events by time of day. While
these types of regularities exist in the environmental niches occupied by some ani-
mals, they are not pervasive enough to have elicited, over the course of evolution,
widespread learning biases shaped around the day, month, or year.

Time Between Events: Structure, Context, and Order

Another way to think of time as organizing memory is through the temporal rela-
tionship betweenmemory encoding and recall. Chater and Brown (2001) argue that
memory organization is fundamentally temporal, in that it is structured by the age
of a memory. They provide several lines of evidence, but the most relevant to our
discussion are: (a) memory errors that involve confusing events that are tempo-
rally close, (b) the ability and ease with which animals learn timing-based rules,
and (c) rational analysis models including Anderson and Schooler’s (1991) ‘need
probability’ account. This type of temporal organization is relative, rather than abso-
lute, and as Chater and Brown note, seems to decrease in significance as memories
become more distant.

Do these findings support the conclusion that the memory system is ‘chronolog-
ically organized’? Anderson’s model draws on a statistical relationship between the
likelihood that information is needed and the times at which it was last accessed.
This parallels, in his example, the relationship between the likelihood that a library
book is needed and the times at which it was last accessed. In both cases, a steep
forgetting curve makes it such that an item that has not been recalled recently is
unlikely to be needed now. But to reflect ‘need probability’ in a memory system is
not necessarily to adopt temporal heuristics in the sense we’ve been discussing. To
see this, imagine a library that uses need probability to modulate retrieval: in this
library, the need probability estimate is used to rank books in a search engine, such
that lower probability items rank lower. The simplest way to institute such a system
would be to weight the estimate of how well the book fits the search criteria by the
need probability.

This library would not count as employing a temporal heuristic. Why not?
Because the temporal weighting only operates over a separate relevance rank-
ing, making it a modulating factor. By analogy, emotional memories are certainly
recalled with higher probability than non-emotional ones, but this does not entail
that the structure of memory is emotional. These modulating factors differ in two
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key ways from organizing dimensions: (a) they are not used on their own, and
(b) they do not meaningfully interact with the other components of the ranking
system, in this case the relevance estimate. By contrast, a spatial heuristic does oper-
ate alone, for instance, when we have a spontaneous memory of something else that
happened in a place, and doesmeaningfully interact with other elements ofmemory
relevance, such as demarcating places by schematic relationships (the place I’m in
now is located spatially in my map of Toronto, but also linked conceptually to other
offices, inside other universities, and so on).

This bare notion of time is connected to the notion of temporal context (e.g.,
Howard & Kahana, 2002). A key feature of temporal context is the idea that, rather
than selecting out a particular representation, e.g., linking the cat on the table to the
clock striking twelve, some relationships are tied to the entire state of the brain at a
time (seeDeBrigard, this volume; Ranganath, this volume). Unlike every other kind
of temporal organization, temporal context is entirely devoid of structure: rather
than form a model of when things happen that can be shifted and altered as we
learn more, temporal context provides a basic dimension across which brain states
are organized. While the temporal context model (TCM) provides useful explana-
tions for such things as serial recall, it remains unclear how, if at all, temporal context
can be used to retrieve specific memories.

Temporal heuristicsmight be employed in the sense that events are organized and
rememberedwith an internal and external order. The event of Ava knocking over the
cup and the dog barking is sharply distinguishable from the event of the dog bark-
ing and Ava knocking over the cup. Children and adults attend to the ends of events
more than the beginnings (Papafragou, 2010; He & Arunachalam, 2017), a regu-
larity which is reflected in many languages. The very concept of an event arguably
privileges temporal relationships: events necessarily play out over time, in a specific
sequence. And while events also necessarily occur in space, this spatial component
can be relatively unimportant.

Does the fundamentality of temporal order in event structure support the idea of a
temporal heuristic? Despite appearances, we think it does not. First, the significance
of temporal order within events does not imply the same level of salience across
events. I might have a library where every book is internally organized by temporal
sequence, but where the books are organized by author name (see Hasselmo, this
volume).

Second, temporal order within events is neither temporal contiguity (though
often involving it), nor any bare measure of location in time: instead, event order
is a measure that relates sub-events in a meaningful sequence. For instance, in
Papafragou’s study, event onsets are glossed as sources, whereas end points are goals:
a source (the fairy begins in the tree) and goal (the fairy ends on a flower) are not
just organized in time but have a schematic relationship based on assumptions about
the causes of the fairy’s motion. That is, the end of the motion is a point in time and
space that is picked out by its content, not a bare marker—this allows us to adjust it
in space and time. Likewise, the event onset picks out a particular part of the event
that may have a temporal and spatial address, but is not just an address.
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Event boundaries are formed based on information including place and agent-
centred factors like surprise. These boundaries, therefore, are not a form of pure
temporal organization but a way of organizing events into meaningful units. Thus,
we conclude that internal event structure is deeply and essentially temporal, but
across-event memory heuristics do not typically draw on temporal order alone.

There is one last form of evidence concerning temporal structure in memory that
should be addressed: the well-known retrograde amnesia gradient, in which amne-
sia seems to effect parts of our access to the past based on time. How could this
occur, one might ask, unless the gross structure of memory were in some sense tem-
poral? Recent evidence (see Nadel &Moscovitch, 1997 for an early review) suggests
that the retrograde gradient only applies to semantic knowledge—detailed episodic
memories are subject to loss in amnesia no matter how remote. But even the exis-
tence of a temporal gradient in the impact of amnesia on semantic knowledge does
not support the notion that memory is structured temporally in some molar sense.
It is entirely unclear how the brain could use the decaying strength of a memory as
a useful clue to when something was learned. This would require, at a minimum,
that the system was ‘aware’ of how strong the memory was when first acquired,
and beyond that, how much interfering experience had occurred since this initial
learning. Neither of these seem biologically plausible.

We’ve now considered many kinds of temporal involvement in memory, and in
each case argued that either the temporal effect is not as widespread as it seems,
or that what was presented as a purely temporal relationship is actually equally
drawing on non-temporal features such as event structure and spatial context. The
fact that these temporal effects are intertwined with non-temporal features does not
mean they are insignificant, but it does entail that they are not purely temporal. This
matters, as we’ll now discuss, because spatial organization can be purely spatial.

Probing theDifferencebetweenSpace andTime

We have discussed a way in which space, but not time, structures memory. Now we
want to consider why this might be. Our hypothesis is that it reflects both concep-
tual and empirical differences between time and space. By conceptual differences, we
mean differences between space and time that would hold for more or less any crea-
ture that might exist in a world with the same basic metaphysical structure as ours,
rather than purely a priori features. Empirical differences are differences that reflect
the spatial and temporal environments in which vertebrates actually developed and
currently live. While the task of distinguishing space and time metaphysically is
beyond the scope of this paper, we can distinguish space and time conceptually and
empirically (see Tables 5.1, 5.2).

Repeatability is about the uniqueness of the spatial and temporal index. Spatial
indices are not unique, meaning that just by telling you where something happened
tome, I haven’t necessarily picked out a unique event sincemany things can happen
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Table 5.1 Conceptual differences

Feature Space Time

Repeatable Yes No
Direction of motion Any (no privileged direction) One direction
Control of motion Often Never

Table 5.2 Empirical differences

Feature Space Time

Meaningful statistical correlations Often Rarely
Presence of landmarks Almost always Rarely
Flow/passage Marked Inferred

to me in the same place. Time lacks repeatability because, while many events unfold
simultaneously, we only have one experience at each time. The direction of motion
refers to the fact that there is no canonical direction that animals move in space,
whereas we all move forward in time. Time is deeply asymmetrical with respect
to our experience. Relatedly, control of motion means that while we often, but not
always, decide how to move in space, our motion and speed in time is not up to us.
All of these differences may depend on our contingent natures, but it’s hard to see
how they could be otherwise.

On the other hand, the empirical differences between space and time above are
easier to imagine changing. Space is a site of useful statistical correlations in many
environments, such as when a mountaintop area has a different distribution of
animal activity and plant species than other locations. A fish living in a fish tank
would find much to rely on in terms of correlations between parts of the tank and
things that matter to a fish such as food and safety. Temporal regions are not usually
so informative for us, but there are certainly environments that are very different
at different points in cyclical time, such as a tidepool. Passing through space, in
most human environments, means passing through visible, meaningful landmarks,
whereas the passage of time is measured relative not to landmarks but to intrinsic
temporal features like calendar time. However, there are some cases of temporal
landmarks, such as sunset, and some cases where space is unmarked, such as an
aerial environment with poor visual acuity. Note, however, that while we can think
of cases of temporal landmarks in cyclical time, it’s hard to imagine objective time
having a perceptible landmark, e.g., a visual or sensory feature that lets us know it
must be this particular time. The final feature we list is closely related to landmarks:
the feeling of the passage of space is given by, for instance, optical flow (Lee, 1980),
whereas the passage of time is thought to be tracked internally or inferred indirectly
(Ivry & Sclerf, 2008).
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We highlight these two kinds of differences in connection to our main argument.
Many of the differences between the role of space and time in retrieval heuristics
reflect at least one of these features. For instance, Brown and Chater utilize repeata-
bility in their argument for the fundamentality of time, noting that a key difference
between space and time is that events have a ‘unique address’ in egocentric time,
whereas spatial locations are repeatable features of objects. While they view this as a
reason why temporal organization should be more fundamental than spatial orga-
nization, for retrieval heuristics and statistical learning, the opposite would appear
to be true. A unique address in egocentric time does not allow events to be brought
together, whereas the spatial memory mechanisms we’ve been discussing can bring
a set of events together based on their shared location.

These empirical differences between space and time can be linked tomemory dif-
ferences as well. The difference in generalizations tied to space versus time explains
why the spatial retrieval heuristic is useful and the temporal one less so: by bring-
ing together past encounters at different times in the same space, the spatial heuristic
allows us to learn and use these generalizations. The presence of external perceptual
cues for landmarks and flow in space means that this process can work accurately,
since one memory of a space can be linked to another of the same space by tak-
ing advantage of these similarities. Our ability to re-identify places is dependent on
these capacities to identify space in the first place. When it comes to time, on the
other hand, it is hard to take two detailed event descriptions and determine that
they were simultaneous in time or separated in time unless the event descriptions
contained explicit temporal information or enough indirect details to make a guess
about order (such as a person having long hair in one event and short hair in the
other).

For animal-like creatures in any environment, space and time have some differ-
ences: time moves only in one direction, does not repeat, and its passage is outside
the control of the creature. These are compounded by the differences between space
and time in our actual environments, where spatial associations are both more
significant and more learnable than temporal associations due to the presence of
landmarks and signs of the passage of space, along with meaningful correlations.
These two types of comparisons help make sense of the differences we’ve observed
in memory retrieval: it is no surprise that we tie generalizations to space and use
location-cueing as a frequent default, since space is a useful structure for linking
events.

WhatDoes This Tell Us AboutMemoryOrganization?

In contexts ranging from theoretical physics to organizing a library book collec-
tion, space and time are dimensions that jointly structure a four-dimensional space.
Here space and time play the same structural role, and perhaps even are the same
in a deeper sense. But as we’ve shown, the organizational roles of space and time
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in memory retrieval are not like this. Instead, a default and central organizational
feature of memory links events that occur in the same place across different times.
This fact might explain the overlap between the neural systems engaged in learning
about or navigating through spaces, and our memory for events—the very expe-
riences that generate the internal models required to efficiently move through the
world.

With the exception of memory for events, our encoding of time inmemory is typ-
ically implicit—action sequences, for example, are precisely encoded and retrieved,
but we are unaware of these underlying mechanics and cannot use them to retrieve
a sense of time. The passage of time in a particular space does not change our under-
standing of that space—when we retrieve amemory of a place that we’ve visited, our
sense of that space is not noticeably altered by how much time we’ve spent in it. In
contrast, our estimation of both elapsed time and the temporal order of events is
strongly influenced by changes in context, typically spatial location (Horner et al.,
2016).

Another way in which time is less stable than space is across the dimension of
value. We discount the value of expected rewards the further out in time they may
be expected to occur, but the value of a given place remains the same, independent of
time, unless some very significant change happens. Paris is, and in one’s experience
typically remains, Paris. This fact reflects a point we made earlier—it is the most
stable elements that define a place.

This leads us to the key point. In all the ways we have described, placing an event
in space is already to begin to generalize. This is not true of placing an event in
time. As we’ve detailed, putting an event in spatial context is the basis of learning
regularities of that particular environment.Making links between events across time
by their spatial correspondence is thus a form of abstracting away from time.

If a rat encounters a tasty piece of pizza in a subway station several times across
a few visits, she first co-locates these separate events in space. But once she has, and
starts to think of the place itself as rewarding, she is now modelling a feature of
that place independently from a particular trajectory she took in the environment
on a particular visit. In this sense, her representation goes from one that is centred
on herself, to one that is centred around a feature of the environment. Situating an
event in time does not have this feature, in part due to the nature of time as we expe-
rience it (as not repeatable), and in part due to the nature of the things we’re most
often interested in learning (properties of places rather than properties of cyclical
time alone). In line with O’Keefe and Nadel (1978, 1979), this explanation takes for
granted an allocentric understanding of space.

Seeing spatial location as a basic form of generalization has consequences for the
episodic/semantic distinction, for the role of the hippocampus in schematic knowl-
edge, and for the relationship between human memory and that of other animals.
We’ll discuss each in turn.

First, seeing spatial organization as fundamental in memory and also a
form of generalization emphasizes a functional continuity between episodic and
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semantic memory. Tulving’s discussion of the features of episodic memory includes
that they reference personally experienced episodes (2002). Our conclusion, on the
other hand, suggests that when events are organized in space along with time, they
are related to other events in that same space in ways that are neither unique nor
essentially reference personal experience. When we situate an event in space and
time, as Tulving would have it in the case of episodic memory, we also situate it in
space alone, and by doing so build a model in memory that is not solely episodic.
Computational approaches (Kumaran&McClelland, 2012) and empirical evidence
(e.g., Schapiro et al., 2016, 2017) show that the hippocampal system, central to
episodic memory, is also capable of deriving statistical regularities across multiple
related experiences. Thus by dividing spatial episodic memory from general seman-
tic memory, we are missing a conceptual and cognitive connection between space
and generalization.

Finally, we can now deal with a puzzling loose end. We’ve argued that spatial
heuristics are a basic and fundamental form of memory retrieval, and our evidence
for this mostly comes from work on non-human animals. In an adult human, the
question of what comes to mind by default is almost impossible to answer. Seeing
a piece of paper float over train tracks might remind you immediately and directly
of a documentary you saw seven years ago about an anthropomorphized ‘morning
wind’ that blows around Iran. Humans, that is, often engage with our environments
in ways that are mediated by a particular and complex set of abstract concepts. The
concept of a morning wind is a temporal one, and it is also highly abstract—for
instance, in the case of the Iranian documentary, the morning wind is linked to
myths about nature. It is hard to imagine similar concepts in other animals, though
perhaps not impossible.

This explains why our conclusion, that temporal location does not necessarily
involve generalization the way that spatial location does, is not blatantly obvious.
When we locate events in time, we can also link them in complex ways to temporal
concepts, and doing so is of course a kind of generalization.We can learn regularities
such as the kind of thoughts one has as a teenager, the way a friend acts before he
drinks his coffee, and so on. But it would be a mistake to assume that these ways
of thinking about time provide meaningful structure to memory. As we’ve shown,
there is a more basic form of temporal location, distinct from generalization, that
does not serve as a default memory heuristic or structure. The differences played
by space and time in organizing memory encoding and retrieval are revealed at this
basic level.

We have considered behavioural and neural evidence in animals to argue that
spatial relationships are treated as default heuristics in retrieval and structure learn-
ing in ways that temporal relationships are not. The history of the study of animal
learning demonstrates the inability of temporal contiguity to serve as a core learning
dimension—while important in many instances, temporal contiguity alone cannot
provide a useful heuristic in structuring memory. We conclude that space plays a
fundamental role in memory processes that is not matched by time. It provides the
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basis for important generalizations that facilitate adaptive updating of our knowl-
edge base, and it does this by providing a critical heuristic that allows for efficient
search and retrieval through this base. Space, and not time, is the backbone of
memory search and the beginning of generalization.
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6
APlace for theMemoryTrace
Sarah Robins

Introduction

Aristotle characterized memory traces as impressions in wax.¹ Experiences are
stamped on the mind ‘just as persons do who make an impression with a
seal’ (de Memoria et Reminiscentia, 450a). The successful formation, retention, and
reanimation of such a trace requires that the mind’s wax be in the right condition:
just malleable enough. Too firm and it will fail to leave behind any impression at all.
Too soft and it will be easily overridden by subsequent impressions.

Aristotle’s depiction is, on the one hand, quaint. On the other, it shares impor-
tant similarities with contemporary theorizing about memory. When pressed to
define memory, appeals to representations remain a common feature. Take, for
example, Yadin Dudai’s (2007) definition of memory as ‘the retention over time of
experience-dependent representations’ (p. 15), or Morris Moscovitch’s (2007) con-
strual of memory as the ‘lasting internal representation of a past event or experience
(or some aspect of it) that is reflected in thought or behavior’ (p. 17).

Wax of course no longer works as a metaphor. Wax tablets were traded in for
parchment and then for paper. Subsequent upgrades include the camera obscura,
the phonographic record, the computer hard drive, the cloud.²While themetaphors
have changed, the reliance on metaphor to build an analogy between memory and
forms of information encoding, recording, and transfer continues. The memory
trace thus remains as puzzling as it is persistent.

The lack of attention to the memory trace concept is shared amongst philoso-
phers, psychologists, and neuroscientists—although the oversight manifests differ-
ently across disciplines. Philosophers are increasingly wary of memory traces and
the need for them to account for memory. This is perhaps best evidenced by the
recent emergence and growing popularity of simulationist accounts of memory,
according to which memory is a way of imagining the past—a capacity whose relia-
bility is not underwritten by traces (e.g., Michaelian 2021;Munro 2021). Even those
who want to keep memory traces make a point of diluting the concept so as to ren-
der itmore palatable. For example, some propose that traces are dispositional, rather

¹ Plato first proposed, but dismissed, the wax tablet view in the Theatetus.
² See Draaisma (2000) for an excellent overview of memory metaphors throughout history.
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than explicit (De Brigard 2020, this volume). Others pull back from the idea of local-
ization, characterizing traces as distributed (Bernecker 2010). Still others cast the
scope of traces wider, eschewing their dependence on the mind/brain and allowing
traces to be embodied and extended (Sutton 2008). And still others keep the focus on
traces as internal, but construe them as content free (Hutto & Peeters 2018) or min-
imal (Werning 2020). The range of proposals on offer reveals an underlying issue.
While many who continue to think of memory traces as important, it is unclear
whether there is any further consensus amongst them about what traces are, or the
features of them that are critical to retain. The lack of internal agreement raises fur-
ther questions about what is being rejected by simulationism and other purportedly
non-trace accounts and whether the disagreements are substantive or semantic.

Amongst psychologists and neuroscientists, the commitment to memory traces
remains more firmly in place, but there is little explicit attention given to what
this entails. This is due in part to interest in exploring memory’s role in a broader
understanding of cognitive and neural dynamics—e.g., how memory is influenced
by the brain’s oscillatory dynamics in general and the production of spatiotempo-
ral trajectories in particular (Buzsaki 2019), or accounts of episodic memory as
a byproduct of a larger system for episodic simulation (Schacter & Addis 2007)
or scene construction (Maguire & Mullally 2013). The neglect is also due to the
concept’s centrality; it is often simply ‘baked in’ to how memory is understood.
Consider, for example, the book Science of Memory: Concepts (Roediger, Dudai,
& Fitzpatrick 2007), which identifies sixteen key concepts for memory science and
features short reflections from three or four leading researchers on that concept.
The list of concepts includes encoding, transfer, forgetting … but not the memory
trace. Memory traces do, however, find their way into the book. They are the focus
of entries on the introductory concept: memory. The quotations from Dudai and
Moscovitch at the outset of this chapter were, in fact, drawn from those entries. This
is of course only an anecdote, but it illustrates how the importance of a concept can
coexist with its neglect. Memory, the capacity, involves retention of memories. A
commitment at this level of generality is sufficient for extensive and fruitful inves-
tigation of the factors that influence what and whether remembering occurs and
identification of the underlying cognitive and neural mechanisms. Such inquiry has
produced many key insights about memory, but there is widespread acknowledge-
ment that little progress has been made in understanding precisely what is stored
and how (Maguire 2022; Poeppel & Idsardi 2022).

The aim of this chapter is to explore whether there is a place for the memory
trace in our theorizing about and investigation of memory. To do so, I set aside
these acknowledged differences in how philosophers and memory scientists engage
with memory traces, exploring instead how reflection on the concept could be
generally beneficial. I propose stepping back to evaluate the various explanatory
roles for which memory traces are invoked in both philosophical and empirical
contexts. Making these background, often implicit lines of reasoning explicit pro-
vides an opportunity to subject them to scrutiny. We can consider whether these



114 A Place for the Memory Trace

explanatory roles are well motivated and well reasoned—and whether they in fact
compel memory traces. We can also get a clearer sense of how memory traces are
being understood, as distinct explanatory roles are likely to invoke distinct fea-
tures. This provides a way of sorting amongst various philosophical views and their
varying commitments. Whether a particular feature can be removed or diluted will
depend, in part, on what role the trace is playing. It also makes evident the way
that one’s conception of the memory trace frames the empirical study of memory,
shaping experimental design, investigation, and interpretation. Taking the time to
make these guiding assumptions explicit and subject them to scrutiny can serve
as an important reflection on experimental practice—perhaps suggesting reforms,
but also identifying exciting new ways to move forward. To that end, the remaining
discussion is guided by the following two questions:

1) What role are memory traces thought to play in an account of memory?
2) What must memory traces be like in order to play that role?

I divide exploration of these questions into philosophy-first and science-first
approaches, covered in sections 2 and 3, respectively. In Section 2, I identify three
standard lines of reasoning by which philosophers invoke memory traces, illus-
trating the distinct view of memory traces that comes from each. While none of
the arguments is particularly successful in articulating a compelling and plausible
account of memory traces, distinguishing amongst them may promote the develop-
ment of further alternatives. The science-first approach in Section 3 highlights a way
to identify such alternatives: from reflection on areas and eras of memory science
where appeal to the trace concept is particularly useful. Here I focus on extract-
ing an argument for memory traces from the recent resurgence of interest in the
engram in neurobiology, arguing that it provides a novel and fruitful conception of
the memory trace.

Philosophy-First Arguments forMemoryTraces

Below I survey three general lines of reasoning that philosophers have used to argue
for the existence of memory traces.³ Each subsection concludes with a brief evalua-
tion. As will be shown, none of the available accounts offer a particularly compelling
argument for the existence of memory traces. Each faces significant challenges, both
in terms of the coherence of the explanatory role proposed and in terms of the
empirical plausibility of traces that have the features such a role requires. The final
subsection, 2d, provides some reflections on this analysis and what it suggests as the
way forward.

³ The arguments identified in this section derive from my earlier survey of memory traces (Robins 2017).
The current form involves some updates, most notably to ways of thinking about the features of memory traces
corresponding to each explanatory role.
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Representing the Past: Memory Traces as Mental Images

The first account of memory traces emerges from the need to explain our ability to
represent past events or experiences. This route to traces can begin from a num-
ber of distinct philosophical commitments. One may, for example, subscribe to the
view that all mental processes are representational, and so consider memory traces
to be the particular form of representation required for memory. Augustine (2002)
endorses a version of this view. This line of reasoning is best associated with the
indirect realism of Locke (1975) and Hume (1978), according to which mental pro-
cesses like perception and memory make us directly aware of representations and
only indirectly aware of the features of the world that they represent. One could
also have a more restricted sense of when mental representations are required and
conclude that remembering requires memory traces, either because it has to be dif-
ferentiated from perception (Martin 2001) or because remembering involves events
or experiences that are no longer present or occurrent (VonLeyden 1961). Addition-
ally, one could be led to this view ofmemory traces by considering the act of retrieval
in particular. Retrieval involves selecting one past event from the set of such events
retained in memory. The ability to do this requires explanation and so the memory
trace is invoked to explain how retrieval is possible (e.g., James 1890). What must
memory traces be like in order to play this role? While these arguments differ in
scope, they converge on a view of memory traces as mental images: depictions of
the prior events or experiences for which they stand in. Often, these are conceived
of as visual, but could be images based in other sensory formats—a song’s chorus,
the musky scent of your grandmother’s perfume. If the trace were not a replica of
the past event, then it could not fulfill its role as the object of thought or goal of
retrieval. I can, for example, remember my 8th birthday party. The event itself is
not available for me, as an adult, to perceive. A representation of the event stands in.
Similarly, when attempting to remember this birthday party, I may have the expe-
rience of scanning back through a host of mental images of childhood parties and
events.My search stops, and remembering occurs, once I find the image that depicts
my 8th birthday party. Importantly, on this view, memory traces are personal level
entities.⁴ That is, they focus on the role of traces in the act of remembering as it is
experienced by the rememberer herself. Thememory trace is what a person is aware
of when thinking about the past. The memory trace of my 8th birthday party is the
mental image that I ‘see’ in mymind, depicting the features of that experience I have
retained.

The need to represent the past provides a role for memory traces that is easy to
describe, but difficult to codify into an actual mechanism or process. In order for
memory traces to play the role assigned to them, they must not only be mental

⁴ The intended contrast here is with the subpersonal level. Philosophers draw the personal/subpersonal distinc-
tion in subtly distinct ways (e.g., Drayson 2014; Westfall 2024; Dennett 1969; Stich 1978). The sense appealed to
here is broadly compatible with the range of views on offer, emphasizing the difference between what is available
from a first-person, introspective perspective and what is only available from a third-person perspective.
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images, but mental images that render their identity apparent. That is, a memory
trace must not only depict the past experience, it must also make clear that what is
being depicted (1) is of a particular experience (vs. some other experience) and (2) is
amemory (vs. an imagination, hallucination, etc.). Each of these requirements poses
a problem. Attempts to meet the first requirement make clear that the explanatory
role of memory traces in retrieval is unstable. The argument is meant to show that
retrieval requires a memory trace. But how is it that I know which trace to retrieve?
That is: even if it ‘looks like’ my 8th birthday, how do I know what my 8th birth-
day looks like such that I can recognize it amongst images of other past events? If
I know what it looks like already, then the initial motivation for the memory trace
is undercut. A memory trace is not required for retrieval, as the argument initially
supposed; the work is being done instead by knowledge I already possess. The other
alternative thus seems preferable: it is not that I know in advance what I want to
remember, but that I remember how to navigate to that item in my memory or rec-
ognize it upon presentation. But this route also leads to problems. The argument
began from the claim that remembering requires a trace. In explaining how the trace
is identified, appeal is made to another instance of remembering—remembering
where this trace can be found or what features to look for. This remembering, too,
must require a trace. A memory of how to locate or recognize a trace would be
required for each trace. So the question can be raised again for this trace: how is
the correct one identified? And so on. The need to account for each subsequent
appeal to remembering presents the dilemma anew. Either this continues indefi-
nitely, an infinite regress through which the traces required for a single instance of
remembering pile up, or it stops with a form of remembering that does not require
the retrieval of a trace—an abandonment of the central claim from which this
began.⁵

Even if this line of argument were more successful, there is independent reason
to be skeptical of the view of memory traces it entails. Consideration of what rep-
resenting the past entails leads to a view of memory traces as mental images that
are recognizable as depictions of past experiences. But there is significant reason
to doubt the existence of any such identifying marker. Specific proposals are often
subject to targeted criticism, as in Reid’s (2002) challenge to Hume’s (1978) claim
that ‘vivacity’ is what distinguishes memory images from those of perception, imag-
ination, and the like. The more general concern derives from decades of empirical
research. It is not simply that the feeling of remembering is hard to render pre-
cise, but that the various candidate markers are licentious—often accompanying
inaccurate depictions of the past or representations of events that never occurred
(e.g., Bernstein & Loftus 2009).

⁵ A version of this argument can be found in Heil (1978).
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Sustaining Causation: Memory Traces as Filling the Gap

The second account of memory traces begins with reflection on a widely accepted
claim: Remembering is a diachronic process. It involves an initial event or experi-
ence that is recalled during a subsequent experience. Memory traces are invoked as
the intermediaries required to explain this temporally extended process. By themid-
dle of the twentieth century, it was especially common to understand remembering’s
diachronic nature in causal terms—i.e., as seeing the subsequent recall of an event
like one’s 8th birthday party as an effect of the original event, the 8th birthday party
itself.⁶ From here, the commitment to memory traces falls out of an understanding
of the nature of causation and what is required for sustaining a diachronic causal
process.

There are many theories of causation available—and correspondingly, many par-
ticular ways to generate thememory trace commitment fromone’s view of causation.
The commitment could arise from a general constraint on the nature of causation,
specifically from the denial of action at a distance. Suspicion of remote causes is fre-
quently found in discussions of causation, as in Leibniz’s (2000) critique of Newton’s
invocation of gravity as an appeal to occult forces. Remembering is, in this respect,
much like gravity: alleged to provide a causal influence on events from which it
is spatiotemporally distant. Appeal to the memory trace as an intermediary pre-
cludes any accusations of the occult. On the broadly Humean view of causation,
causes must precede their effects and immediately so. Otherwise, there is a tempo-
ral gap by which the presumed or intended cause could be pre-empted. Memories
may be effects of experience, but they rarely if ever follow directly from an experi-
ence. An intervening trace, formed as the result of experience and sustained until
the time of remembering, provides the requisite contiguity (Bernecker 2008). The
causal commitment tomemory traces could also emerge fromwithin a process view
of causation (e.g., Salmon 1984; Dowe 1992), where causal relations are understood
in terms of conserved quantities or mark transmission. On such a view, the mem-
ory trace would be the quantity conserved or the mark transmitted. Across these
distinct views of causation, a core commitment emerges—the need for a memory
trace to sustain the temporally extended process of remembering.

To play this role, a memory trace must be the kind of thing that can participate
in causal relations—i.e., it must be physical.⁷ It must also have features that sup-
port its intermediary, connective task. Cases of remembering can occur long after
the experiences from which they derive, demanding the trace cover an extended

⁶ Commitment to this causal understanding of memory can be seen, for example, in Ayer (1956), Martin and
Deutscher (1966), Shoemaker (1970), Anscombe (1981), and Armstrong (1987).

⁷ Within this generic physicalist commitment, particular views of causation characterize causal relata differently,
which could result in a number of distinct particular commitments: to the memory trace as an object, event, fact,
conserved quantity, etc.
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temporal gap. The trace must therefore be the kind of physical thing that can per-
sist across time. It must be stable, perhaps even static—capable of preserving the
past experience’s causal influence over extended periods, without disruption or
deterrence from other influences.

The success of this argument for memory traces is dependent upon the success
of these ways of thinking about the nature of causation. This is already suspi-
cious. It would be preferable for the commitment to memory traces to derive from
consideration of what remembering requires. Tying its fate to a particular way
of thinking about causation opens up the possibility that the need for memory
traces will dissolve if/when an alternative way of thinking about causation emerges.
Indeed, this has happened. Concerns about action at a distance are less com-
pelling given the kinds of things that are now thought to be capable of standing
in causal relations. Moreover, there are counterfactual (Lewis 1973) and manipu-
lability (Woodward 2003) theories of causation that lack contiguity, conservation,
or transmission constraints. Such approaches to causation are increasingly popu-
lar, especially amongst those working in the biological and social sciences where
processes like remembering are investigated.

There are additional problems with the memory traces themselves, as they are
understood on this account. The memory trace earns its place by being stable and
static, providing a past experience with a direct route toward expression in the
present. But the brain in which such traces are presumed to reside seems an unlikely
host.Neuroscientists are increasingly interested in thinking about the brain as a fluid
system, better understood through dynamics and probabilities than stable struc-
tures and serial processes (e.g., Gerstner, Kistler, Naud, & Paninski 2014). As Lynn
Nadel (2007) has noted, this field-wide focus entails the ‘demise for the fixed trace’
(p. 181). There is, more generally, a lack of clarity in understanding how the conti-
guity requirement on remembering should be applied to the neural processes that
underlie it. How close is close enough? One could, for instance, worry about the
insistence on spatiotemporal contiguity and the endorsement of the nearly consen-
sus view of memory traces as synaptic. Synapses are, after all, gaps. It’s hard to take
this seriously as an objection; it seems both unfair and uninformed about neural sys-
tems. But even so it doesmake clear that which kinds of gaps in spatial and temporal
relations are regarded as significant is likely to vary with both the systems under
investigation and our interests in studying such systems. Contiguity itself does not
provide much of a guide for identifying or understanding memory traces, or any
other causes.

Remembering vs. Relearning: Memory Traces
as Internal States

A final role for traces emerges from a tried-and-true philosophical method of con-
ceptual analysis. Much of contemporary philosophy in the English-speaking world
involves the analysis of linguistic predicates (i.e. concepts) and how to define them,
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or capture all and only their features or requirements.⁸ Here the claim is that an anal-
ysis of remembering reveals memory traces to be a necessary feature, component,
or requirement. Memory traces are simply built in to what it means to remem-
ber. The analysis proceeds via the method of cases (Machery 2017). One considers
a range of scenarios, often hypothetical, where candidate features of the concept
under scrutiny are lacking or altered. Responses to the case—e.g., determination of
whether the scenario presented involves remembering or not—are used to establish
what the concept requires.⁹

Martin andDeutscher’s (1966)Remembering is a primary example of thismethod,
applied—as the title of their paper suggests—to remembering. Subsequent work by
Bernecker (2010) and Debus (2010) add further cases to the analysis. Martin and
Deutscher begin their analysis from the presumption that remembering requires,
at a minimum, an accurate representation of something that has happened to the
would-be rememberer. In order to remember my 8th birthday party, it must first
be the case that I had such a party and also that my thinking about it now captures
what happened.¹⁰ They then go on to generate a range of hypothetical cases where
both of these conditions are met and yet remembering does not occur. The key case
that they consider is one of relearning: a case where a person learns something, for-
gets it, and then reacquires it from another source. Their example involves a person
named Kent, who is in an accident and later suffers amnesia that causes him to for-
get the accident (and other events). Kent is then provided with information about
the event from another source, allowing him to re-represent it. In such a case, it is
proposed, Kent has relearned, not remembered, the event.¹¹ To account for the differ-
ence between remembering and relearning, remembering must have a feature that
is missing or malformed in the relearning case. The feature that is missing in cases
of relearning is the memory trace. In cases of relearning, the memory trace has been
lost. In cases of remembering, it has been retained.

So what would a memory trace have to be like in order to support this dis-
tinction? The case of relearning is designed so that it matches remembering on a
number of features. Kent’s case is meant to be like remembering in the existence of
the remembered event (the accident), the accuracy of the current thoughts about
that event—and even in the causal connection between the past event and the
current thoughts about it.¹² The key difference between the two cases is the rela-
tion of that causal chain to the would-be rememberer. In remembering, but not

⁸ This chapter, with its focus on what memory traces could be, is hardly an exception.
⁹ Whether responses to thought experiments should be understood as intuitions, reasoned judgements, etc. is a

matter of current debate in philosophy. Nothing in the brief characterization here should be taken as favoring any
particular view on this issue.

¹⁰ Martin andDeutscher do not providemuch further elaboration on what accuracy requires. There are a host of
further questions one can press about this requirement (e.g., are omissions and commissions equally problematic?
How much must be represented in order to achieve accuracy?), but I am setting them aside for present purposes.

¹¹ When psychologists talk about relearning, they are often referring to a slightly different phenomenon: the re-
exposure to information when one has not previously forgotten that information. The ‘savings during relearning’
paradigm can be traced to Ebbinghaus (see Nelson 1985).

¹² In this way, Martin and Deutscher’s analysis of remembering includes commitment to a causal condition on
remembering. It could be possible for someone to develop an alternative analysis that advocates for distinguishing
remembering from relearning without the causal condition.
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in relearning, the causal chain stays inside the person, in some intuitive, but dif-
ficult to articulate sense. The distinction is best understood, I have argued (Robins
2016), as a cognitive difference. It is an assessment of the causal history of the cur-
rent thought about the past event. Is the capacity to produce it something that
has been retained or something that has been regained? To be remembering, that
capacity must reside inside the cognitive system that produces the thought being
assessed.

This of course gives rise to questions about the mind’s perimeter. The cog-
nitive boundary has been challenged from many directions in recent decades,
as philosophers and cognitive scientists have argued that the mind extends out
into the world and other people, as well as down into various parts of the body.
Luckily, differentiating remembering from relearning does not require settling
this issue. Wherever that boundary is drawn, remembering will fall inside it and
relearning outside. Memory traces are internal states that produce instances of
remembering.

The biggest challenge to this argument for memory traces is the number of
philosophers who are not convinced by consideration of relearning. The case of
Kent, for some, fails to elicit the presumed response. Kent is remembering—or at
least the possibility that Kent is remembering is not ruled out by the conditions as
stated byMartin andDeutscher (Michaelian 2016). It is further unclear whether the
distinction between remembering and relearning matters beyond contrived philo-
sophical contexts. There are some instances where it seems tomatter: the distinction
between testimony and hearsay, or a perfect exam that results from studying ver-
sus a cheat sheet. But in many cases, even if the difference is understood, it is
impossible to tell. As Martin and Deutscher (1966) themselves note, many recol-
lections from early childhood are like this. We often do not know whether events
from our early years are ones we remember or ones we remember the retelling of
from others.

Even if this line of argument in favour of memory traces were particularly com-
pelling, it does not provide an especially rich account of memory traces. It tells
us only that they are states internal to the cognitive system, derived from past
experiences.

SoWhat Now?

Above I identified three distinct lines of argument that lead to a commitment to
memory traces, each yielding a distinct conception of what traces are like: themem-
ory trace as mental image, the memory trace as stable causal force, and the memory
trace as internally maintained state. None of the features identified were in and of
themselves surprising: representational, causal, and historical features are familiar
to accounts of memory traces, as the definitions from the introduction illustrate.
What is interesting, however, is how the features align with particular arguments.
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While these features are often lumped together in discussions both for and against
traces, the above analysis makes clear how distinct features are connected to distinct
ways of arguing for traces.

For example, the representational, imagistic features of memory traces are essen-
tial for accounts concernedwith representing the past. Such views need not have any
additional requirement that memory traces be internal or supported by the right
kind of causal linkages. Representational views could even deny that remember-
ing is causal. Conversely, views that derive from a commitment to remembering as
causal could eschew any commitment to representational or imagistic features and
characterize traces as merely sustaining a causal connection (e.g., Werning 2020).
Even the view of memory traces that derives from considering cases of relearning
can be formulated without the features that stem from the other two lines of argu-
ment. The internal stages need not support mental imagery. And while it is true
that Martin and Deutscher’s (1966) analysis does presuppose that remembering is
causal, this need not lead to a requirement that that traces be static and stable. They
could simply endorse one of the available views of causation that does not preclude
spatiotemporal gaps.

The above evaluation demonstrates the importance of excavating the line of
reasoning being used to defend the idea of memory traces, as it is critical for deter-
miningwhich of themyriad features often associatedwithmemory traces are needed
for the argument at hand. Unfortunately, it also demonstrates something else: none
of these lines of argument is particularly successful. Each is ineffective at securing a
clear and compelling explanatory role for memory traces. And, in each case, there
are also independent reasons to be suspicious about the existence of memory traces
with the requisite features. In searching for a place for the memory trace, it seems
that it would be more profitable to go in a new direction.

Science-First Arguments forMemoryTraces

In this section, I turn to what I loosely describe as science-first ways of argu-
ing for memory traces. As stated in the introduction, the memory trace often
serves as a background commitment for empirical investigation of memory mecha-
nisms. There are times, however, when the concept receives more explicit attention.
Although the focus in such times is not generally on arguing formemory traces, such
an argumentmay be identifiable from theway inwhich the interest in and usefulness
of the trace emerges.

To this end, I am particularly interested in the resurgence of work on the engram
in contemporary neurobiology. Elsewhere I have argued that this line of research
marks a significant change in the kinds of inquiry into memory mechanisms that
neurobiologists ofmemory are conducting (Robins 2018; Robins 2023).Here I focus
on the motivation for that change and how it might be built up into an argument for
memory traces. In 3a, I discuss engram research and its significance in the current
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context. In 3b, I identify the explanandum and how it might be developed into an
argument for memory traces. In 3c, I assess its explanatory adequacy in comparison
to other approaches.

The Engram Renaissance

The neurobiology of memory is currently experiencing an ‘engram renaissance’
(Josselyn, Köhler, & Frankland 2017: 4647). Researchers working in this area do
not regularly refer to their work in this way, and indeed the use of this phrase in the
paper just cited is something of an offhand remark. I have amplified it here because
it is apt for characterizing the significant change the field is undergoing. As the term
renaissance implies, the current fervour does not involve a new idea or concept,
but the rebirth of an old one. ‘Engram’ was coined by the zoologist Richard Semon
(1904/1921)more than a century ago. The termhas been in use since, but only inter-
mittently. A Web of Science search shows that Semon’s book was cited more in the
decade from 2010 to 2020 than in the previous ten and half decades since its initial
publication.¹³ Renaissance also implies a time of new discovery and the exploration
of themes and connections that disrupt established boundaries of inquiry. In this
way, research into the engram has been exciting not only for what it reveals about
the basic mechanisms of memory, but for the opportunities it provides to connect
with broader areas of memory science: investigations of false memory in cognitive
psychology, models of long-term memory consolidation in neuropsychology, and
the treatment of Alzheimer’s.

To make clear how the engram renaissance is relevant to this investigation of
memory traces requires saying more about both the engram and recent discover-
ies. First, the engram. Semon (1921) defined the engram as the physical or chemical
change to the brain that results from learning. Semon coined the term to guide
inquiry, not to label a discovery. In this way, the engram is a more technical, sci-
entific version of the memory trace. How much overlap there is between the two
terms depends on how widely one’s scope of inquiry is drawn. As we saw above in
Section 2, thememory trace can be understood inmanyways, not all ofwhich invoke
physical features, much less the brain. For philosophers, then, the two concepts can
diverge significantly. Amongst memory scientists who are focused on cognitive and
neural systems, however, the two are generally treated as synonyms. Insofar as the
engram is a way of conceiving of memory traces, here I will follow the scientific
practice of treating ‘memory trace’ and ‘engram’ as interchangeable.

In the neurobiology of memory, the engram has long persisted as something of
a regulatory ideal: a commitment that guides inquiry but is not taken too literally.
That is, the investigation of the mechanisms of memory is framed around the pre-
sumption that memory involves the encoding, storage, and retrieval of engrams,

¹³ Eighty-three vs. twenty-nine. Search conducted January 2021.
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but studies are designed around the general investigation of these processes, not the
search for individual engrams. With the development of new experimental tools,
this has changed. Advances in activity-dependent cell-labelling (Mayford 2014), in
vivo calcium imaging (Yang & Yuste 2017), and chemogenetics (Armbruster et al.
2007) have brought increased precision to the investigation and manipulation of
memory mechanisms. But the real driver of change has been optogenetics, a tech-
nique for controlling neural activity with light (Deisseroth 2010). Optogenetics
allows neuroscientists to target a selective group of neurons and activate or inhibit
their expression in living, behaving organisms.

In application to memory, this has meant the ability to create light-responsive
engrams (Liu et al. 2012). Working mostly with mice, researchers have shown that
optogenetics can be coupled with standard spatial memory paradigms so that the
neurons active during the encoding of a spatial memory will subsequently express a
light-sensitive protein. The expression of this protein makes it possible to reactivate
the neurons that encoded the memory by exposing them to light. Memory retrieval
via light switch.¹⁴ The availability of this new formof intervention affords researchers
a host of opportunities to explore the features of memory formation, storage, and
reactivation under a host of conditions. This has led to a range of fascinating discov-
eries, including: the production of false memory in non-human animals (Ramirez
et al. 2013); the ability to change the valence of a memory from positive to negative
and vice versa (Redondo et al. 2014); recovery of memory in early stage Alzheimer’s
models (Roy et al. 2016); and the creation and implantation of an artificial engram
(Vetere et al. 2019).

My interest here is not in a direct assessment of this research programme, nor the
validity or significance of any of these results. Regardless of how one views this line
of research, its growth and prominence is undeniable.My interest is in the role of the
engram/memory trace within this research programme. Why is this new approach
to investigating memory re-exciting talk of the engram? It cannot be written off
as simply the result of a new investigative tool or discovery. After all, there have
been many such tools over time. Viewed from a wider lens, the broad consensus
that now exists about the mechanisms of memory is the result of a steady stream of
tool development and discovery across several decades and areas of neuroscience
(Craver 2003; Silva, Landreth, & Bickle 2014). My question is: why is the engram
concept of such interest, now as opposed to other significant moments in the history
of memory investigation? Why did it not occur alongside the development of fMRI
or CRISPR?

I want to suggest that the answer to this question has to dowith the specific kind of
change that optogenetic interventionhas brought about. There has been a shift, from
investigating mechanisms to investigating memories. The neuroscience of memory
has long been a study of memory’s mechanisms (Craver 2007). How are long-term

¹⁴ A more thorough review of the method can be found in Robins (2023).
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memories formed? What is the nature of consolidation (and reconsolidation)?
These questions are answered by identifying neural mechanisms, organized clumps
of entities and activities, andby characterizing how their interactions change under a
range of conditions, perturbations, and interventions. Now, with the advent of opto-
genetics, researchers can use this general mechanistic understanding to explore the
formation, persistence, andmodification of particularmemories. That is, optogenet-
ics allows for the identification, investigation, and manipulation of token activities
in the memory system.

This provides an answer to the question with which this section began: the
memory trace/engram becomes relevant and interesting when researchers have the
capacity to identify, isolate, andmanipulatememories of particular past experiences.
As the available tools make it possible to study the retention of specific, token occur-
rences, the idea of the engram returns. Can this be used to develop a new line of
argument for memory traces—an argument built around their role in explaining
the retention of particular past experiences? I explore this in the next subsection
below.

Retaining Particulars

First, we must determine whether the retention of particulars is a phenomenon
worth explaining. If it rarely occurred, or occurred only in limited or contrived
contexts, or was marginal in some other way, then this would not be a particularly
promising line of inquiry.

We do in fact remember particular past encounters—at least sometimes. I will
substantiate this claimwith evidence below, but its truth should (I hope) seem fairly
clear to most readers simply from experience. It occurs in cases of one-shot learn-
ing and instances of episodic remembering. Of course, not all learning happens this
way and not all attempts at episodic remembering are successful. What matters for
present purposes is that it does happen. The scope of ‘we’ in this claim is intended
to be vague and somewhat broad. I have in mind not only humans, but also other
animals whose memories are well studied (e.g., mice, scrub jays), possibly more. I
do, however, take ‘remember’ to be something of a success term here. The intention
is to highlight cases where we get it right, without worrying (at least for now) about
how to set specific standards of accuracy and correctness. ‘Particular past encoun-
ters’ is a mouthful, but the aim of such a term is to remain neutral amongst memory
taxonomies and ways of defining episodic or event memory while still highlighting
token occurrences. How tokening occurs, how the boundaries of tokens are set, etc.
are interesting puzzles, but not ones that need to be settled for establishing this basic
claim about retaining particulars. The spatiotemporal boundaries of token occur-
rences are likely to be set by mechanisms of event segmentation, which may vary
across species, individuals, and/or contexts.
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The retention of particular past experiences is something that a theory of
remembering ought to be able to explain. Retaining specific facts, ideas, and expe-
riences is a quintessential form of memory. When asked to think of a memory,
such occurrences are often what’s selected. It is an emblematic form of memory,
arguably where it’s most distinct from other capacities like perception and belief.
Appeal to a memory, or engram, provides a straightforward explanation of it: fea-
tures of the occurrence are encoded, retained, and later reactivated. Whether such
an explanation is compelling enough to support an argument in favour of memory
traces depends on whether there are other ways of explaining the retention of par-
ticulars and, if so, their comparative strength. That is, the appeal to memory traces
to explain the retention of token occurrences could amount to a successful argu-
ment for the existence of memory traces if it can be shown to be the best possible
explanation of this phenomenon.¹⁵

Successful retention of particulars has not received a lot of direct attention in the
past several decades. Instead, explanatory frameworks have been centred around
(1) memory errors and (2) the role of patterns, generalizations, and abstractions in
remembering processes, both as a way of accounting for (1) and in attempt to align
memory with theories of cognitive architecture more generally.

Approaches to memory mechanisms that highlight their role in broader cognitive
and neural processes, like those identified in the introduction, are prime examples.
Such views are at pains to explain how memory errors can occur as frequently and
systematically as they do. Dan Schachter, a leading proponent of the episodic simu-
lation hypothesis, describes how evidence of false memory has shaped his thinking
about the nature and function of memory more generally, saying that ‘it makes lit-
tle sense that evolution would have yielded such a deeply flawed system’ (2019:
265). Instead, he and others have come to support an alternative way of looking at
memory systems, such that memory errors are viewed ‘as byproducts of otherwise
adaptive features ofmemory’ (Schacter 2019: 265). Similarly, philosophers have rec-
ommended reorienting our thinking about the relation between memory’s failures
and successes such that they can both be understood as cases of the memory system
‘doing what it is supposed to do’ (De Brigard 2013: 172).

What is it that memory is supposed to be doing? What are its adaptive fea-
tures? There are a range of distinct positive proposals on offer. They all supplant
the standard approach to memory as a faculty for retention, and with it the
encoding-storage-retrieval approach through which memory traces may play a
role. They highlight instead a broader cognitive aim—e.g., prediction, inference,
decision-making, narrative, or schematic cohesion—and posit a more generalized
and distributed form of information storage suited to this aim. Addis (2020), for
example, thinks of constructive episodic simulation as a critical cognitive capacity.

¹⁵ De Brigard (2020) offers a similar Inference to the Best Explanation argument formemory traces, where what’s
being explained is the causal connection between an experience and its subsequent recollection.
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Constructive episodic simulation is here understood as the ability to generate repre-
sentations of what the world is like from a first-person (episodic) perspective across
temporal and conceptual dimensions. I can construct episodic simulations about
what I will do tomorrow, or next month, or ten years from now, or in retirement.
I can also construct episodic simulations of what I should have done yesterday, or
what I would have done if circumstances had been otherwise, or what I would do
now with difference resources, or what I could do if anything were possible. To
support these simulations, the underlying cognitive system is organized to support
schematic representations and associations between concepts and other event com-
ponents. Schemas provide general, thematic structures for events and activities and
associationist networks provide further information about things and features that
tend to co-occur. Together, these can be used to build compelling episodic simula-
tions of events—ones that should happen, might have happened, or could happen
in the future.

Remembering what did happen in the past is, on this view, yet another partic-
ular application of this general capacity. Event schemas and associated features
are used to build a plausible representation of the past. This works reasonably
well. When the events we are trying to remember fit with these schemas and
associations, the resultant simulations get it right, or mostly so. It also explains
how memory errors occur, as the influence of schemas and associations may lead
to the insertion of themes and elements that were not a part of the past event
in question. While the influence on remembering is bothersome, it is useful for
other forms of episodic simulation, and so understandable as a feature of this
system.

Addis’s (2018, 2020) view is only one example, but it is reflective of a gen-
eral explanatory strategy that de-emphasizes traces. No one denies that successful
remembering occurs. And gestures are often made to suggest how such cases could
be explained in terms of these overall frameworks. Still, the focus is elsewhere—on
broader cognitive tasks and the architectural principles by which cognitive systems
achieve them. By highlighting the retention of particulars, work on the engram in
neurobiology offers an opportunity to direct some of our attention back to this phe-
nomenon and whether it is explained well enough on such approaches. I take this
up in the next section.

Memory Traces and Explanatory Adequacy

Some views of memory are focused on accounting for memory errors and/or mem-
ory as a sub-component of more general cognitive processes. On such approaches,
successful retention of particulars is not denied, it is just not given much attention.
The lack of attention has consequences, which challenges the explanatory adequacy
of such proposals.
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This is well illustrated in a recent study by Diamond and colleagues (2020) that
explores the accuracy of event memory in real-world contexts. They measured
memory for two ‘complex and immersive yet verifiable real-world experiences’
(p. 1545): (1) a training onmask-fitting procedure given to hospital employees, and
(2) a tour of a hospital foyer with lots of distinctive art and architecture. Impor-
tantly, participants were recruited to the study after their respective experience,
removing concerns about experimental context and participant expectations from
the encoding process. Once participants were recruited to the study, the researchers
used free recall techniques to elicit memories and measure how much of the initial
information had been retained, at intervals ranging from two days (for the hos-
pital tour) to two years (for the mask-fitting training). Across both experiences,
they found that participants were able to provide many event-specific details in
their recollections—and, importantly, the details providedwere highly accurate. For
example, participants who experienced themask-fitting training were able to gener-
ate an average of forty to fifty details about the experience, more than 95% of which
were confirmed as accurate, even when tested one to two years after it occurred.

Alongside these measures, Diamond and colleagues (2020) conducted a survey
of memory scientists and other academics, where they presented survey partic-
ipants with hypothetical cases modelled on the real-world experiences assessed
above, asking them to estimate how accurate a person’s recall would be in such
a scenario. Survey responses showed low confidence in people’s capacity for
accurate retention. When asked, for instance, to estimate how well a healthy 30-
year-old would perform when recalling the details of a museum tour two days
after the experience, the researchers surveyed estimated that accuracy would be
between 20 and 30%. For the hospital tour participants in this age range, accuracy
was around 94%.

The Diamond et al. (2020) study demonstrates that successful retention of partic-
ular past experiences occurs and illustrates an ingenious way of uncovering it. The
study simultaneously shows the problems that can arise when theoretical and empir-
ical inquiry is too focused on memory errors. As they state, the results show that
many researcher’s ‘views of human memory accuracy are overly pessimistic’ (2020:
1552). This finding matters not only because of the disconnect it reveals between
everyday remembering phenomena and researchers’ suppositions about it, but also
because these expectations are ones that researchers are unlikely to correct if they are
not motivated to investigate. One’s estimate of how likely successful retention is will
shape one’s expectation of whether it is fruitful to explore empirically or incorporate
into one’s theoretical framework.

With these expectations of memory’s accuracy challenged, we are then free to
explore and notice other domains where retention of particulars occurs. This could
include cases of highly superior autobiographical memory (LePort et al. 2017) or
broader investigations of expertise, both memory-specific (Foer 2011) and more
generally (Ericsson&Lehman 1996).Wemight also find cases in less obvious places,
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like models of PTSD (Zhang et al. 2020) and addiction (Chiew & Adcock 2019),
where the retention of particulars has less positive consequences.

This may also, in turn, lead to critical reflection on the explanatory adequacy of
false memory frameworks for the very phenomena they were developed to explain.
Eyewitness testimony has, for example, been one of the key forms of false memory
to generate attention and concern. Evidence of the ease and extent to which first-
hand reports of past experiences can be manipulated and distorted has challenged
how many think about the significance of testimony, challenging its long-standing
pride of place in legal contexts (Loftus 2003 for review). While the effects of inter-
rogation techniques on testimony are clear and well documented, their overall
prevalence and significance may have been overstated. As Wixted and colleagues
(2018) argue, our understanding of how errors can come about in testimony is con-
sistent with a view that such testimony can be accurate when such forces are kept
at bay.

How troubled one is by cases that do not fit the general pattern of explanation crit-
ically depends on how many cases one thinks there are. If there are only a handful
of such cases, then even the realization that they are not captured well, or at all, by
one’s frameworkmay not be particularly concerning and could possibly be absorbed
with little to no alteration to one’s theoretical commitments. A view of remember-
ing as supported by a cognitive system of schemas and associations, like Addis’s
(2020) view above, could likely take on board a few non-schematic, individual event
representations. As more such cases need to be accommodated, this becomes more
difficult and continuing to absorb the anomalies becomes inadvisable. Taking on
too many exceptions risks negating the explanatory virtues of the proposed archi-
tecture. Appeal to schemas is meant to provide an account of how information
can be efficiently and effectively organized. As the amount of non-schematically
organized information grows, the ability for schemas to play their organizational,
streamlining role is complicated. So too for systems built around principles of asso-
ciation, frequency, narrative cohesion, etc. The power and explanatory benefit of
such organizational frameworks comes from their breadth. This is not, of course,
to say that schemas have no role to play in scaffolding particular memories. It
seems plausible that they play a key role in preserving content, facilitating pattern
completion, etc.¹⁶

This criticism should not be understood as a recommendation that such cog-
nitive frameworks be rejected. Schematic, associationist, and frequentist processes
clearly play a role in many cognitive operations. The question, as I see it, is how to
understand the scope of their explanatory power. Should they be used to explain all
processes and operations? If we identify phenomena/systems/processes that do not
fit well into these frameworks, should we attempt to subsume them or make space
for distinct, complementary architectures? My preference is to support the latter.
Setting constraints on the applicability of these pattern-based processes would be a

¹⁶ Thanks to Sara Aronowitz for pressing this point.
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way to retain their explanatory virtues, while allowing for alternative explanation of
phenomena that are ill-suited to that framework.What the details of such a proposal
(likely multiple proposals) would look like is still far from clear. But it’s still progress
to recognize the work that needs to be done.

To summarize this section, I have used the case of the engram renaissance in neu-
robiology to argue that the memory trace is a useful concept for memory scientists
when they are exploring the retention of particular past experiences. In reflecting on
this phenomenon of retaining particulars, we can come to see that it is an important,
central phenomenon to be explained. As the situation stands currently, trace-based
explanations of our ability to retain particular past occurrences fare better than alter-
natives focused on the role of more general cognitive processes. It is possible that
this apparent advantage is illusory. As noted above, the need to explain retention of
particulars does not receive much direct attention. It could be that, once they do so,
more plausible and competitive explanations will emerge. For now, there is at least
a place for the memory trace worth investigating further.

Memory Traces as Discrete Entities

The last section sketched an explanatory role formemory traces: as the best available
explanation of our ability to retain particular past occurrences. We can now go on to
ask the second question: what must memory traces be like in order to play this role?
Here I elaborate, briefly, on the features such a view of memory traces compels.

To account for the ability to retain particular past occurrences, memory traces
must be discrete entities. Discrete here stands in opposition to continuous. The
form of retentionmemory traces support must be one that allows for particular past
encounters to be retained in ways that can, at least sometimes, survive interference
from retention of other particular past encounters and more general forms of infor-
mation storage, processing, and updating. In other words, if retaining information
from a particular experience is explained by a trace, then the trace that makes that
possible has to be built such that it is capable of remaining distinct from other traces
and from other non-trace kinds of information.

This commitment to discreteness places a constraint on both the structure and
content of the memory trace. Discreteness is, in fact, a structural commitment in
the sense that Hebb (1949) first proposed as a constraint on the engram, as an
intended contrast with diffuse and dynamic patterns of activity. The claim that
memory traces are discrete should not be mistaken for the claim that memory traces
are local. Memory traces could be distributed, in a sense operative at multiple levels
of organization: across networks, regions of the brain, neural populations. Similarly,
traces can be discrete without being static. The kind of retention they support must
be capable of resilience amid other instances and form of retention, but the pre-
cise vehicles by which that resilience is supported could change over time. In order
for discrete traces to explain the retention of particular past encounters, they must
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not only contribute causally to their remembering but do so in a way that is reflec-
tive of the content acquired or encoded from that encounter. They must, in other
words, be information-bearing or representation-supporting in some critical way.
How this content is to be understood is not fully clear. There is likely room for a
range of proposals as to what this content is and how it is carried by the trace.

Thus, even with this commitment to the memory trace as a discrete entity, there
are a range of ways in which the constraints on its structure and content could be
understood. And fromhere, evenmore work to be done articulating how their struc-
ture and content are related to one another—both at any particular moment, and
over time. Exploring various proposals would offer an increasingly rich understand-
ing of what memory traces are or could be, perhaps supporting multiple distinct
forms or competing proposals, the testing of which could yield fruitful new lines of
theoretical and empirical inquiry.

Conclusion

Thememory trace has a long and complicated history.Whether interest in themem-
ory trace should be restricted to retrospective storytelling is, for the moment, an
open question. Many would happily leave it behind as memory research goes for-
ward. The recent development of optogenetic tools has led at least some memory
researchers to consider the concept worth dusting off and carrying forward. The
role they see for memory traces, in the retention of particular past encounters, is
a promising one—and one that is otherwise neglected in current theorizing. How
far such a proposal can go remains to be seen. Regardless of the outcome, explor-
ing whether there is a place for the memory trace provides a critical moment of
reflection on our ways of thinking about the nature and purpose of remembering.
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Josselyn, S.A., Köhler, S., & Frankland, P.W. (2017). Heroes of the engram. Journal of

Neuroscience, 37, 4647–57.
Leibniz, G.W. (2000). G. W. Leibniz and Samuel Clarke: Correspondence. Hackett.
Leport, A.K.R., Stark, S.M., McGaugh, J.L., & Stark, C.E.L. (2017). A cognitive assessment

of Highly Superior Autobiographical Memory. Memory, 25, 276–88.
Lewis, D. (1973). Causation. Journal of Philosophy, 70, 556–67.
Liu X., Ramirez, S., Pang, P., Puryear, C., Govindarajan, A., Deisseroth, K., & Tonegawa S.

(2012). Optogenetic stimulation of a hippocampal engram activates fear memory recall.
Nature, 484, 381–85.

Locke, J. (1975). An Essay Concerning Human Understanding, ed. P.H. Nidditch. Oxford:
Oxford University Press.

Loftus, E. F. (2003). Our changeable memories: Legal and practical implications. Nature
Reviews: Neuroscience, 4(3), 231–34.

Machery, E. (2017). Philosophy Within Its Proper Bounds. New York: Oxford University
Press.

Maguire, E. (2022). Does memory research have a realistic future? Trends in Cognitive
Science, 26, 1043–46.

Maguire, E.A., & Mullally, S.L. (2013). The hippocampus: A manifesto for change. Journal
of Experimental Psychology: General, 142, 1180–89.

Martin, M.G.F. (2001). Out of the past: episodic recall as retained acquaintance. In C.
Hoerl & T. McCormack (eds.), Time and Memory: Issues in Philosophy and Psychology
(pp. 257–84). Oxford University Press.

Martin, C.B., &Deutscher,M. (1966). Remembering. The Philosophical Review, 75, 161–96.
Mayford, M. (2014). The search for a hippocampal engram. Philosophical Transactions of

the Royal Society B: Biological Sciences, 369, 20130161.
Michaelian, K. (2016). Mental Time Travel: Episodic Memory and Our Knowledge of the

Personal Past. Cambridge, MA: MIT Press.
Michaelian, K. (2021). Imagining the past reliably and unreliably: Towards a virtue theory

of memory. Synthese, 199(3–4), 7477–507.
Moscovitch, M. (2007). Memory: Why the engram is elusive. In H.L. Roediger, Y. Dudai,

and S.M. Fitzpatrick (eds.), Science of Memory Concepts (pp. 17–22). Oxford: Oxford
University Press.

Munro, D. (2021). Imagining the actual. Philosophers’ Imprint, 21, 17.
Nadel, L. (2007). Consolidation: The demise of the fixed trace. In H.L. Roediger, Y. Dudai,

and S.M. Fitzpatrick (eds.), Science of Memory Concepts (pp. 177–82). Oxford: Oxford
University Press.



Sarah Robins 133

Nelson, T.O. (1985). Ebbinghaus’ contribution to the measurement of retention: Savings
during relearning. Journal of Experimental Psychology: Learning, Memory, and Cognition,
11, 472–79.

Poeppel, D., & Idsardi, W. (2022). We don’t know how the brain stores anything, let alone
words. Trends in Cognitive Science, 26, 1054–55.

Ramirez, S., Liu, X, Lin, P., Suh, J., Pignatelli, M., Redondo, R.L., Ryan, T.J., & Tonegawa, S.
(2013). Creating a false memory in the hippocampus. Science, 341, 388–91.

Redondo, R.L., Kim, J., Arons, A.L., Ramirez, S., Liu, X., &Tonegawa, S. (2014). Bidirectional
switch of the valence associated with a hippocampal contextual memory engram. Nature,
513, 426–30.

Reid, T. (2002). Essays on the Intellectual Powers of Man, ed. D.R. Brooks. University Park,
PA: Pennsylvania State Press.

Robins, S.K. (2016). Contiguity and the causal theory of memory. Canadian Journal of
Philosophy, 47, 1–19.

Robins, S.K. (2017). Memory Traces. In S. Bernecker and K. Michaelian (eds.), Routledge
Handbook of the Philosophy of Memory (pp. 76–87). London: Routledge.

Robins, S. K. (2018). Memory and optogenetic intervention: Separating the engram from
the ecphory. Philosophy of Science, 85(5), 1078–89.

Robins, S. (2023). The 21st century engram. WIREs Cognitive Science, e1653. https://doi.
org/10.1002/wcs.1653

Roediger, H.L., Dudai, Y., & Fitzpatrick, S. (eds.) (2007). Science of Memory: Concepts.
Oxford: Oxford University Press.

Roy, D.S., Arons, A., Mitchell, T.I., Pignatelli, M., Ryan, T.J., & Tonegawa, S. (2016). Memory
retrieval by activating engram cells in mouse models of early Alzheimer’s disease. Nature,
531, 508–12.

Salmon, W. (1984). Scientific Explanation and the Causal Structure of the World. Princeton:
Princeton University Press.

Schacter, D.L. (2019). Implicit memory, constructive memory, and imagining the future: A
career perspective. Perspectives on Psychological Science, 14(2), 256–72.

Schacter, D.L., & Addis, D.R. (2007). On the constructive episodic simulation of past and
future events. Behavioral & Brain Sciences, 30(3), 299–351.

Semon, R. (1921). The Mneme. London: George Allen & Unwin.
Shoemaker, S. (1970). Persons and their pasts. American Philosophical Quarterly,

7, 269–85.
Silva, A.J., Landreth, A., & Bickle, J. (2014). Engineering the Next Revolution in Neuroscience.

Oxford University Press.
Stich, S. (1978). Beliefs and subdoxastic states. Philosophy of Science, 45, 499–518.
Sutton, J. (1998). Philosophy and Memory Traces: Descartes to Connectionism. Cambridge:

Cambridge University Press.
Von Leyden, W. (1961). Remembering: A Philosophical Problem. Duckworth.
Vetere, G., Train, L.M., Moberg, S., Steadman, P.E., Restivo, L., Morrison, F.G., Ressler, K.J.,

Josselyn, S.A., & Frankland, P.W. (2019). Memory formation in the absence of experience.
Nature Neuroscience, 22, 933–40.

https://doi.org/10.1002/wcs.1653
https://doi.org/10.1002/wcs.1653


134 A Place for the Memory Trace

Werning, M. (2020). Predicting the past from minimal traces. Review of Philosophy and
Psychology, 11, 301–33.

Westfall, M. (2024). Constructing persons: On the personal-subpersonal distinction. Philo-
sophical Psychology. 37, 831–860.

Wixted, J.T., Mickes, L., & Fisher, R.P. (2018). Rethinking the reliability of eyewitness
memory. Perspectives on Psychological Science, 13, 324–35.

Woodward, J. (2003). Making Things Happen: A Theory of Causal Explanation. Oxford:
Oxford University Press.

Yang, W., & Yuste, R. (2017). In vivo imaging of neural activity. NatureMethods, 14, 349–59.
Zhang,H., Shi, Y., Jing, P., Zhan, P., Fang, Y., &Wang, F. (2020). Posttraumatic stress disorder

symptoms in healthcare workers after the peak of the COVID-19 outbreak: A survey of a
large tertiary care hospital in Wuhan. Psychiatry Research, 294, 113541.



7
Memory, Space, Time, and the
Hippocampus
Charan Ranganath

Memory may be the most extensively researched topic in neuroscience, and it is
arguably the greatest success story in our field.¹ Researchers have painstakingly
investigated the links between synaptic plasticity, well characterized neural cir-
cuits, and large-scale brain networks in invertebrates, rodents, and human and
non-human primates. These findings, which have spanned levels of analysis rang-
ing from molecules to minds, have made it possible to propose ambitious theories
to explain how processes at each level of analysis give rise to the ability to generate
rich recollections of past events, to plan and navigate in the present moment, and to
imagine possible futures. Overall, these developments are an indicator of scientific
progress, but the sheer breadth and amount of research on learning and memory
also lays bare some fundamental challenges.

There is an inherent tension between the ability to pose specific, tractable ques-
tions within the context of a particularmodel system and established paradigms and
the ability to propose theories and make conclusions that capture findings from dif-
ferent model systems, paradigms, and levels of analysis. In practice, many theories
of learning and memory seem to split the difference, using experimental data from
a narrow range of paradigms and model systems to make sweeping claims about
human cognition as a whole. Another approach has been to describe data at the
neural level without resorting to theoretical constructs that describe cognition. I
believe that both approaches are flawed. Instead, I argue here that we need to take
on a different approach that will require both more nuance and more ambition.

My chapter, along with the others in this book, emerged from a dialogue between
neuroscientists, psychologists, and philosophers at the ‘Memory, Space, and Time’
workshop held inTucson, AZ from8 to 9November. In the first part of this chapter, I
will consider how these concepts might be related to one another, and in the second
part of the chapter, I will review evidence regarding the hippocampus, a brain area
that is thought to support memory and the capability to orient oneself in space and
time.

¹ This work was supported by a Vannevar Bush Fellowship (Office of Naval Research Grant N00014-15-1-0033)
and a Multi-University Research Initiative Grant (Office of Naval Research Grant N00014-17-1-2961) from the
Office of Naval Research. Any opinions, findings, and conclusions or recommendations expressed in this material
are those of the author anddonot necessarily reflect the views of theOffice ofNaval Research or theU.S.Department
of Defense.
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YouAreHere

One might reasonably ask why a group of neuroscientists, psychologists, and
philosophers would want to discuss, let alone contribute to an edited volume on,
space, time, and memory. From the perspective of physics, one can start from Ein-
stein’s theory of relativity to discuss the inextricable link between space and time…
but that has nothing to do with memory. From the perspective of psychology and
neuroscience, however,memory is the foundation that we use tomeaningfully local-
ize ourselves in space and time. I say ‘meaningfully’ here because I am not talking
about the ability to distinguish between relatively trivial forms of localization that
might be determined by looking at walls to figure out that you are in a room or
looking at the position of the sun to figure out that it must be early in the morning.
Instead, this chapter is concerned with the more challenging task of orienting one-
self or reasoning about relative distances in space and time under conditions that
cannot be directly inferred from obvious sensory cues.

Based on his observations of maze learning in rats (Tolman, Ritchie and Kalish
1946; Tolman 1948), Tolman proposed a link between memory and spatial cog-
nition. Tolman argued that animals do not navigate in environments by learning
simple stimulus-response associations, but rather that they assemble their experi-
ences into a ‘cognitive map’, or a mental representation of the relationships between
elements of an environment. Cognitive maps are often described by neuroscientists
as a literal representation of an environment that conforms to Euclidean geome-
try, but that is inconsistent with Tolman’s (1948) proposal. As described below, the
formation, updating, and use of cognitive maps is heavily influenced by episodic
and semantic memory. Neither form of memory is likely to be photographically
accurate, and therefore it seems unlikely that cognitive maps will often (or ever,
for that matter) conform to Euclidean geometry (Schiller et al. 2015; Epstein et al.
2017; Ekstrom and Ranganath 2018; Ormond and O’Keefe 2022; Ekstrom and Hill
2023). Instead, Tolman’s conceptualization of spatial representations in his studies
wasmore in line with the concept of a ‘spatial schema’ (Rinck 2005; Peer and Epstein
2021; Farzanfar et al. 2022).

I suspect that even this view is too static, and that it is unrealistic to think that we
reason about space simply by retrieving information from a static schema. Instead,
I believe that orienting oneself in space and time is an act of reasoning, based on
a mental model (Rinck 2005) constructed through a combination of sensory infor-
mation, retrieved memories for spatiotemporally dated events (episodic memory),
spatial schemas, and general knowledge (semantic memory).

‘Context’ is the theoretical construct at the epicentre of discussions of memory,
time, and space, though there are widely different conceptualizations of the term. In
behavioural neuroscience, the term is often used in the most minimal, atheoretical
sense, to literally refer to a box that a rodent is placed in, along with the distal cues
that identify the relative location of the box in the room. Maurer and Nadel (Mau-
rer and Nadel 2021) defined context as more of a latent variable reflecting, ‘the state
of the environment of the organism at any given moment, as reflected in the total
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set of brain activities’. This definition emphasizes the spatial context as an animal
seems to understand it. Endel Tulving’s (Tulving 1972) definition of episodic mem-
ory, proposed that events occur ‘at a particular spatial location and in a particular
temporal relation to other events that already have occurred’, or what is typically
called spatiotemporal context. I agree with the idea that space and time form the
context for episodic memory, however, as I noted above, the brain has no absolute
measure of space or time, so our ability to orient ourselves is constructed at least
in part by relying on episodic memory, which in turn is organized by context. In
order to avoid chasing our tails, we need to go deeper to understand what is meant
by context.

Many memory scientists, myself included, adopt a broad definition of context,
encompassing factors such as physical or emotional states, goals, or any sensory
information that is not at the focus of attention (Mayes, Meudell, and Pickering
1985; Ranganath 2010;Manning,Norman, andKahana 2015; Yonelinas et al. 2019).
I previously proposed that context cannot be reduced to a single feature or variable,
but thatwe can think of context by relying on a few key principles (Ranganath 2010):
(1) contexts are learned by integrating information across long timescales, (2) con-
texts are identified and anchored by markers that are relatively stable over time,
(3) contexts are attentionally backgrounded, providing an integrated framework for
understanding and directing attention to entities and objects that will be the focus of
processing. As I previously noted, ‘one can simultaneously process two items in the
same context, but one cannot simultaneously process one item in multiple contexts’
(Ranganath 2010).

In this conceptualization, context representations serve as a resource to make
inferences about memory, space, and time. We can orient ourselves in space and
time and judge temporal and spatial distances, in part by comparing our current
context with contexts that are retrieved when we pull up past memories. A context
can also serve as a cue to rapidly activate semantic representations such as a spatial
schema.

Changes in one’s sense of context have significant consequences for episodic, spa-
tial, and temporal memory. This point has been made in studies of memory for
simple stimuli such as word lists (Smith and Vela 2001; Manning, Norman, and
Kahana 2015) but it is especially evident in memory for naturalistic stimuli such as
films and stories. Zacks and colleagues have emphasized the idea that, rather than
representing and experiencing our experiences as a continuum in time, people break
up (or ‘segment’) their experiences into discrete events (Franklin et al. 2020; Zacks
2020). According to Zacks’ Event Segmentation Theory, people tend to experience
events as a highly predictable sequence of experiences, such as what might happen
while driving down a familiar city block,watching a kick-off at a football game, or lis-
tening to the chorus of a familiar song. Events tend to be associated with inferences
about goals, causes, and effects. For instance, if you were to view a single crudely
drawn image from a comic strip depicting a girl kneeling and holding a football on
the ground and an oddly bald boy standing nearby, you could probably infer that
the girl was holding the ball so that the boy could kick it. We deploy knowledge
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about such everyday events routinely, often without thinking about it, to generate
an internal model of what is likely to happen.

If, however, something unpredictable happens, such as the girl pulling away the
football just as the boy is about to kick it, thenwemust update that internalmodel. In
Event Segmentation Theory, that moment of prediction error and model updating
is called an ‘event boundary’, because according to the theory, at that point, one
concludes that the previous event has ended, and a new one is beginning.

Event boundaries are sometimesmisconceptualized as self-evident consequences
of what happens in the outside world, but they are really just theoretical constructs
measured by subjective reports. According to Event Segmentation Theory, event
boundaries emerge as a consequence of prediction errors (information that devi-
ates from our expectations), leading us to infer that the current event has ended and
that we must form a new event model. In other words, event boundaries are inter-
nally generated based on multiple sources of information. Event boundaries can be
inferred from many sources, including changes in spatial context, changes in a con-
versation topic, the achievement of a goal, etc. A few words could induce the sense
of an event boundary, such as the phrase, ‘One day later’, whereas a very similar
phrase like, ‘One moment later’, might not (Ezzyat and Davachi 2011). Likewise, a
large visual change, like a shift in camera direction between two actors speaking in
a scene might not elicit an event boundary, whereas a subtle shift, like one actor
glancing down at their watch might. As such, event boundaries are not driven by
changes in the sensory world, but rather they emerge as a natural consequence of
changes in our understanding of what is happening (DuBrow et al. 2017; Franklin
et al. 2020).

Event segmentation is significant for memory because people show better mem-
ory for items at an event boundary than items in the middle of an event, and
they have more difficulty recalling information from a previous event (i.e., when
an event boundary must be crossed) than from the current event. As noted above,
spatial context changes (i.e., depicted in movies or stories, or during real-life move-
ments) reliably trigger event boundaries, and spatial boundaries affect spatial and
eventmemory representations (Brunec,Moscovitch, andBarense 2018;Maurer and
Nadel 2021), and non-spatial context changes can affect temporal ordermemory for
items that are separated by a boundary (DuBrow and Davachi 2013; Pu et al. 2022).
These findings suggest that event boundaries reflect a change in our mental con-
texts, thereby shaping episodic memory retrieval, and our perceptions of temporal
and spatial stability.

Hungry for theHippocampus

The hippocampus, an area of the brain that is known to be essential for episodic
memory, is widely believed to function at the crossroads of space, time, andmemory
(O’Keefe and Nadel 1979; Eichenbaum 2017; Ekstrom and Ranganath 2018; Sugar
and Moser 2019). Research on the role of the hippocampus in memory has a long
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history but there is no doubt that this work was galvanized by BrendaMilner’s stud-
ies of amnesic patients like HenryMolaison (aka ‘H.M’.), which sparked widespread
interest in the mnemonic functions of the hippocampus. Her studies conclusively
demonstrated that medial temporal lobe (MTL) damage can cause severe antero-
grade amnesia (Scoville and Milner 1957; Corkin 2002). Because H.M. was known
to have damage to the hippocampus, the severe form of amnesia that he exhibited
was often attributed to the hippocampus (despite the fact that Milner herself was
more measured in her conclusions). From the 1960s through the 1970s, neuroimag-
ingmethodswere not sufficiently sophisticated to characterize the anatomical extent
of brain damage in amnesia patients, so it was both parsimonious and convenient for
neuropsychologists to assume that all severe amnestic disorders, such as Korsakoff ’s
syndrome, were caused by dysfunction of the hippocampus and what were often
referred to as ‘related MTL areas’. We now know that the hippocampus is anatom-
ically and functionally distinct from those related MTL areas (Ranganath 2010),
but there is good reason to consider how these regions interact in the service of
memory-guided behaviour (Ranganath and Ritchey 2012).

I and others have reviewed the literature on the hippocampus and memory in
detail (Morris 2003; Eichenbaum, Yonelinas, andRanganath 2007; Ranganath 2010;
Ekstrom and Ranganath 2018), so here, I will summarize the basic points relat-
ing the hippocampus to spatial and episodic memory encoding and retrieval (see
Tables 7.1),

1. The hippocampus is essential for episodic memory and conscious recollection
in humans (Aggleton and Brown 2006; Eichenbaum, Yonelinas, and Ran-
ganath 2007; Mayes, Montaldi, and Migo 2007; Ranganath 2010))))))))))))))))))))))))))))))). Patients
with damage to the hippocampus are impaired at recollecting recently learned

Table 7.1 Summary of effects of focal hippocampal damage onmemory performance

The hippocampus is critical for The hippocampus is not essential for

Context fear conditioning Cued fear conditioning
Conditioned place preference Pavlovian conditioning or reinforcement learning
Recollection-based recognition of words,
objects, or scenes

Familiarity-based word, object, or scene
recognition

Temporal order memory Conceptual or perceptual priming
Source memory Coarse spatial memory in humans
Trace conditioning
Context-specific extinction of cued fear
Water maze retention (in rodents)
Free recall
Place recognition and object–location
associative learning in rodents
High-precision odour and object
recognition
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information, and it is likely that those with hippocampal damage are unable to
form rich recollections of even remote events that transpired before the brain
damage occurred (Moscovitch et al. 2016). Moreover, hippocampal activity
in healthy individuals increases during subjective reports of recollection (and
during retrieval of objective contextual details associated with a study item),
and during encoding of items that will be subsequently recollected. Notably,
many aspects of memory are preserved in patients with hippocampal amne-
sia. Patients with focal hippocampal damage can often recognize familiar items
based on a subjective sense of familiarity, and familiarity-like memory seems
to be intact in non-human animals with hippocampal damage.

2. Focal hippocampal damage impairs new spatial learning (Ekstrom and Hill
2023; O’keefe and Nadel 1978; Kesner 2003; Banta Lavenex and Lavenex
2009; Epstein et al. 2017). Hippocampal damage in rodents impairs learn-
ing in a wide range of spatial memory tasks including the Morris Water
Maze, Barnes maze, and the radial arm maze, and it reduces the acquisition
of indirect expressions of spatial memory, such as context fear conditioning.
Hippocampal damage in humans slows spatial learning (Kessels et al. 2001)
and reduces spatial memory precision (Kolarik et al. 2016), and anecdotally,
hippocampal amnesic patients seem lost in space and time, but they do not
exhibit extreme spatial disorientation (e.g., bumping into walls) (Aguirre and
D’Esposito 1999).

3. The hippocampus seems to be critical for forming integrated memories across
overlapping events (Eichenbaum et al. 1999; Shohamy and Wagner 2009;
Schlichting and Preston 2015; Schapiro et al. 2017; Bellmund et al. 2018).
For instance, the hippocampus seems to be critical for transitive inference
tasks (Dusek and Eichenbaum 1997), one must learn to integrate relation-
ships between items across multiple learning trials (e.g., if A > B, and B>C,
then A>C), and hippocampal activity reflects inferred relationships in related
paradigms in which transitive relationships must be integrated across two dif-
ferent dimensions (Park et al. 2020). The hippocampus also contributes to
statistical learning and sequence learning tasks that require learning of rela-
tions between temporally adjacent items and associative inference tasks in
which participants learn to infer relationships between information learned in
overlapping associations. One caveat, however, is that it is not clear whether
the contribution of the hippocampus is primarily due to fast encoding of indi-
vidual memories (which is necessary in order to do integration tasks) or if it
makes a special contribution to memory integration per se.

4. Neurons in the hippocampal system (i.e., EC, DG, CA1, CA2, CA3, Subiculum)
carry information about spatial, temporal, and task context (Cohn-Sheehy and
Ranganath 2017; Ranganath 2019; Ranganath and Ekstrom 2020; Antony
et al. 2023; Eichenbaum and Cohen 2014; Sugar and Moser 2019). The most
well-studied examples are hippocampal place cells, which show activity when
an animal is in a particular location in an environment, and entorhinal grid
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cells, which have multiple place fields arranged in a hexagonal grid. The
hippocampus is also known to have ‘time cells’ that fire in a sequential man-
ner, tracking even empty temporal intervals when an animal is in one place.
In both the lateral entorhinal cortex (LEC) and in hippocampal subfields CA1
andCA2, neurons exhibit ‘temporal drift’,meaning that cell firing and/or selec-
tivity changes over time. Within LEC, different subsets of neurons seem to fire
at different intervals during recording sessions, with some abruptly increasing
and then ramping down, and others ramping up to a peak and then abruptly
dropping (Tsao et al. 2018; Umbach et al. 2020). In both humans and rats,
the population-level dynamics in LEC showed a ‘drift’ over time, with dif-
ferent subsets of neurons coming on and offline at different intervals, much
like what has been proposed as a basis for representing temporal context in
memory. Likewise, populations of hippocampal place cells have been shown
to drift over time, such that the same location might be encoded by different
populations of neurons at different times.

5. Population-level hippocampal activity in humans during episodicmemory tasks
reflects the relationship between specific items and the context that they were
encountered in (Ranganath 2010; Ranganath and Ekstrom 2020). With fMRI,
one can use analyses of activity patterns across different hippocampal voxels
to index information carried during memory retrieval (Dimsdale-Zucker and
Ranganath 2019), much like neurophysiologists can analyse the patterns of
calcium activity or spiking in large populations of neurons. Both approaches
parallel how one might infer the presence of a representation in a neural
network, in the sense that they reflect how the population dynamics relate
to different experimental manipulations. In virtually every study that has
attempted to pull apart hippocampal representations of items (e.g., words,
faces, or objects) and contexts (e.g., a spatial context, the temporal context
provided by a structured list of items, a movie, or a temporal sequence, or a
particular orienting task used to help the subject encode an object), hippocam-
pal representations carry information about items in context. For instance,
hippocampal activity patterns might reliably index memory for a particular
object in a temporal sequence and yet carry little to no information about the
same object in a different sequence context (Hsieh et al. 2014).

6. Hippocampal activity is modulated by predictability and salience (Ranganath
and Rainer 2003; Lisman and Grace 2005; Lisman, Grace, and Duzel 2011).
This is perhaps the most widely known, and yet most poorly appreciated
aspect of hippocampal function. Population-level activity in the hippocam-
pus enhances dramatically during a surprising, novel (e.g., viewing a novel
scene), ormotivationally significant (i.e., cues that signal or direct responses to
reward, pain, threat, mating possibilities, etc.) event. Such experiences are also
associated with enhanced neuromodulatory release and activity in numerous
brain areas, so it might be tempting to dismiss these results as uninformative
when it comes to hippocampal function.
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More surprising, however, is that hippocampal responses to salient or novel
experiences are effective biomarkers of hippocampal, and episodic memory
functions (Grunwald et al. 1999; Billette et al. 2022). For instance, hippocam-
pal field potentials elicited by novel or surprising stimuli can be used to
determine the integrity of the hippocampus to guide surgical interventions
for individuals with severe epilepsy. One study (Grunwald et al. 1999) even
found that the magnitude of hippocampal field potentials to surprising stim-
uli strongly predicted cell counts in Dentate Gyrus (DG) subfield. Intracranial
recordings in humans have also revealed neural correlates of successful encod-
ing and retrieval in basic memory paradigms, but the magnitudes of such
effects are relatively weak by comparison to novelty and surprise effects and
they are not evident in every subject evenwhen the hippocampus is functional
(Axmacher et al. 2010).

7. Hippocampal activity during complex events emphasizes spatial and event
boundaries (Brunec, Moscovitch, and Barense 2018; Franklin et al. 2020).
Activity in hippocampal place and grid cells is determined by environmen-
tal boundaries, and crossing of boundaries between compartments triggers
remapping (i.e., an abrupt change in the population-level spatial representa-
tion) of place cells (Spiers et al. 2015). The presence of hippocampal bound-
aries modulates activity during imagination of scenes (Bird et al. 2010), and
during memory retrieval, the hippocampus preferentially represents previ-
ously encountered objects in proximity to a major spatial boundary (Geva-
Sagiv et al. 2023). Event boundaries in films and stories also elicit increases in
hippocampal activitymeasured with fMRI (Baldassano et al. 2017; Ben-Yakov
and Henson 2018; Reagh et al. 2020; Cohn-Sheehy et al. 2021; Barnett et al.
2023) and single-unit recording (Zheng et al. 2022). Hippocampal activity
increases at event boundaries (at least in films) have been reliably demon-
strated in numerous studies, and in a study of over 540 subjects, we found that
such increases reliably predict individual differences in event memory outside
of the scanner (Reagh et al. 2020).We also recently found that, when repeatedly
viewing a movie, the hippocampus carries information about the movie expe-
rienced during the boundaries but not from the middle of the event (Reagh
and Ranganath 2023).

Lu and Norman (Lu, Hasson, and Norman 2022) ran computational sim-
ulations suggesting that, if we segment our experiences into events, event
boundaries may be optimal points in time to encode the events into mem-
ory. Consistent with their proposal, we found that increases in hippocampal
activity and functional connectivity between the hippocampus and neocor-
tical networks that encode event information predict successful encoding of
the entire preceding event (Barnett et al. 2023). Finally, the hippocampus
also appears to contribute to memory integration at event boundaries such
that past and present information can be linked into a seamless narrative
(Cohn-Sheehy et al. 2021).
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Theories ofHippocampal Function inRelation to Episodic and
SpatialMemory

The hippocampus has a large fanbase, and one could generate an entire series of
books on theories of hippocampal function.Most of the theories fall into three broad
classes,

Cognitive Map-Based Theories

As noted above, Edward Tolman (Tolman 1948) proposed that animals represent
their experiences via a cognitive map that enables one to use memory in a flexi-
ble and integrative manner. For instance, if I were to drive to the supermarket and
discover that the road that I usually take is closed, I could figure out a number of
alternate routes to reach my destination, including even a route that I have never
taken before. If I had only learned to navigate via simple stimulus-response associ-
ations (i.e., statistical learning), this would not be possible, as I could only retrieve
a chain of pre-experienced events.

In an ambitious synopsis of a large range of findings, O’Keefe and Nadel (1978)
extended Tolman’s concept of a cognitive map to explain the role of the hip-
pocampus in memory. Their monograph included an expansive review of philo-
sophical frameworks for spatial cognition, spatial navigation behaviour in different
model systems, lesion and physiology data linking the hippocampus to spatial
navigation and memory, research on human amnesia, and even the role of spa-
tial representations in linguistic representation. Interested readers should read
O’Keefe and Nadel (1979), which presents a focused and concise summary of
their argument, along with responses to a number of critiques made by others at
the time.

O’Keefe and Nadel’s (1978, 1979) thesis was predicated on the idea that the
vertebrate hippocampus evolved to solve the problem of spatial orientation and
navigation. Building on Endel Tulving’s definition of episodic memory as a system
that is organized by spatiotemporal context (Tulving 1972), they proposed that the
hippocampus also supports episodic memory. In addition, they proposed that, in
humans, the right hippocampus supports semantic memory, by providing a neural
framework for relating concepts within a feature space.

O’Keefe and Nadel proposed that the hippocampus builds representations that
exhibit the following properties: ‘(1) preservation of spatio-temporal context;
(2) single occurrence storage; (3) minimal interference between different represen-
tations of the same item; (4) multiple channels of access for the retrieval of any, or
all, of the relationships embodied in the map’.

In the years since it was first proposed, O’Keefe’s conception of Cognitive
Map Theory (CMT) became increasingly focused on spatial relationships (Hart-
ley et al. 2014), whereas Nadel and Moscovitch (Nadel and Moscovitch 1997;
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Moscovitch et al. 2016) emphasized a role for the hippocampus in representation
of spatiotemporal context in the service of episodic memory. Other researchers
have since doubled down on O’Keefe and Nadel’s speculations about repre-
sentations of language and verbal memory in a spatial framework, proposing
abstract and far-reaching models suggesting that the hippocampus can repre-
sent any kind of relationships in memory (Schiller et al. 2015; Behrens et al.
2018).

The most well-known model in this vein is the relational memory theory (RMT)
of Neal Cohen and Howard Eichenbaum (Cohen and Eichenbaum 1993; Eichen-
baum andCohen 2001, 1993). O’Keefe andNadel (1978) explained humanmemory
through an evolutionary lens, such that episodic memory could be seen as a rel-
atively simple extension of a neural system that evolved in vertebrate animals to
support spatial navigation. Cohen and Eichenbaum, in contrast, started with on the
premise that any theory of memory and hippocampal function should be focused to
explain the deficits and intact abilities seen in patients with amnesia. At that time, a
great deal of research had shown that patients with severe amnesia could still express
memory indirectly, without conscious awareness (Cohen and Squire 1980). Cohen
and Eichenbaum proposed that human amnesia and research on spatial processing
in rodents provided converging evidence for the idea that the hippocampus repre-
sents relationships between items in memory, or ‘declarative memory’ (Cohen and
Eichenbaum 1993).

RMT and CMT are often viewed as competing theories, but a careful reader will
note that the two theories are largely aimed at explaining the same findings with the
same general set of ideas—that the hippocampus encodes relationships between ele-
ments in memory, and in humans, this system is capable of encoding relationships
that extend beyond physical space. Eichenbaum (Eichenbaum et al. 1999; Eichen-
baum 2017) made this point more explicit when he argued that the hippocampus
encodes a ‘memory space’ that relates experiences to one another. That said, there
are a few notable differences between CMT and RMT. Like O’Keefe and Nadel,
Eichenbaum noted that spatial relationships are a significant variable that must be
encoded relationally, but he argued that other important variables, such as olfac-
tory cues, are of equal evolutionary significance. Thus, RMT did not assert that
spatiotemporal context is the primary organizing dimension in the hippocampal
‘memory space’. Additionally, Cohen and Eichenbaum rejected the view that the
hippocampus encodes space in a Euclidean manner, instead proposing that repre-
sentations are simply relational. This would correspond to topological coding of a
physical space, such that an object could be seen as ‘to the left of ’ or ‘close to’ a par-
ticular landmark, rather than encoding an object with precise distances and angles.
That said, O’Keefe and Nadel acknowledged that the hippocampal system might
have changed with the evolution of language, enabling it to support more abstract
relationships. Viewed from a distance, I see a number of inconsistencies in the var-
ious descriptions of RMT and CMT, and as far as I can tell, the primary point of
disagreement between these two viewpoints is whether the theory should start from
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explaining hippocampal function in human amnesia or whether hippocampal func-
tion should be best explained under the broad umbrella of evolutionary demands
met by all vertebrate animals.

Somewhat ironically, the awarding of the Nobel Prize for the discovery of hip-
pocampal place cells and entorhinal grid cells inspired a resurgence inmore abstract
models of a hippocampal memory space (Schiller et al. 2015; Behrens et al. 2018;
Bellmund et al. 2018). These models inspired numerous studies examining brain
activity during tasks with variables that differ along two continuous dimensions.
The general finding is that hippocampal and EC activity seems to reflect relation-
ships (i.e., distances or angles) in any kind of 2D space (Bottini and Doeller 2020).
David Tank and colleagues broadened this view a bit (Nieh et al. 2021), arguing
that the hippocampus maps any experience on a low dimensional neural mani-
fold (i.e., a representational space that reflects the possible trajectories of neural
activity in a neural network over time). It is not clear how to interpret the tasks
described above, however, because a task with relevant variables that vary only
along two dimensions does not provide a strong opportunity to identify whether
the hippocampus might ever encode information that do not conform to a map-like
structure.

Later, I will discuss some limitations that are common to many theories, but here
I will simply note that the flexibility of RMT and similar memory space theories to
explain a broad range of data from non-spatial learning paradigms is also a poten-
tial weakness. If the hippocampus can encode relationships between anything and
everything, this would create a combinatorial explosion. The world can be carved
up in infinite dimensions, and thus the idea that the hippocampus can reduce any
experience into a low-dimensional manifold cannot make sense … that is, unless
the challenging task of determining the relevant dimensions at any given moment
is outsourced to neocortical regions that actually do the heavy lifting (Ekstrom and
Ranganath 2018; Ekstrom and Hill 2023).

Memory Binding Theories

CMTand related theories focus primarily on the hippocampus, but implicit in these
theories, and to my knowledge, every theory of hippocampal memory functions,
is the idea that the hippocampus encodes a memory ‘index’ (Teyler and DiScenna
1986; Teyler and Rudy 2007). The indexing theory assumes that memory retrieval
involves activating the same (more or less) neocortical cell assemblies that were acti-
vated during a past event. Given that the hippocampus receives inputs from diverse
areas of the brain during conscious experiences, it is reasonable to think that the hip-
pocampus rapidly encodes memories that capture the pattern of neocortical activity
at a givenmoment. Later, if that hippocampal memory trace is reactivated, the brain
can essentially work backwards to reinstate the patterns of activity associated with
that past event.
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Mishkin et al. (Mishkin et al. 1997) elaborated on the indexing theory to
accommodate how neocortical areas that provide the majority of the input to
the hippocampus—the perirhinal and parahippocampal cortex (PRC and PHC)—
might support memory independently of, and in concert with the hippocampus.
Their model proposed a hierarchy of mnemonic representations in the MTL, such
that the PRC encodesmemories for objects and the PHC encodesmemories for spa-
tial contexts, and the hippocampus integrates inputs from these areas, associating
(aka binding) the ‘what’ and ‘where’ inputs into a coherent representation. Accord-
ing to their model, these neocortical areas may be sufficient to support semantic
memory (though the relationship between what and where systems was rather
murky), and the hippocampus, being uniquely situated to bind object and spatial
context representations, is necessary to support context-rich episodic memories.
Since its publication, the anatomical framework proposed by Mishkin et al. (1997)
has been challenged by more detailed neuroanatomical findings which complicate
the simple idea of ‘what’ and ‘where’ streams that converge in the hippocampus
(Kravitz et al. 2011;Nilssen et al. 2019), but the basic ideas in that framework remain
influential.

The hierarchicalmodel ofMTLmemory functionswas soon expanded to account
for the flexibility of human memory. According to one class of models, which I
have referred to collectively as the ‘Binding of Items and Contexts’ (BIC) model,
the perirhinal cortex encodes memories for items, encompassing not only objects
but also words, faces, or even abstract concepts about these stimuli, and the
parahippocampal cortex encodes memories for contexts, including scenes and also
non-spatial elements that are processed in the background and remain stable over
time (Eacott and Gaffan 2005; Davachi 2006; Knierim, Lee, and Hargreaves 2006;
Eichenbaum, Yonelinas, and Ranganath 2007;Mayes, Montaldi, andMigo 2007). In
thismore abstract framework, the hippocampus formsmemories that bind item and
context information (Diana, Yonelinas, and Ranganath 2007), such that being in a
particular place, or smelling a particular odour, can bring back a wealth of other
disparate elements that are bound together solely because they occurred at a par-
ticular place and time. This recollective process need not depend on any intrinsic
circuitry in the hippocampus, as it could emerge simply because hippocampal neu-
rons are forming arbitrary connections with neocortical areas that encode the basic
components of an episodic experience. In this way, BIC builds on the basic premise
in RMT, in that the job of the hippocampus is to perform all-purpose ‘relational
binding’.

In contrast to RMT and CMT, BIC (and related frameworks) explains hippocam-
pal contributions to human episodic memory as well as forms of explicit memory
that are not supported by the hippocampus. Aggleton and Brown, for instance, did
not emphasize binding, item, or contextual information per se, but they built on
Mishkin’s idea proposed that the hippocampus supports recall and conscious rec-
ollection of past experiences, and suggested that the PRC is sufficient to support
item recognition based on familiarity (O’keefe andNadel 1978; Aggleton andBrown
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1999; Mayes andMontaldi 2001). Later, Howard Eichenbaum, Andy Yonelinas, and
I amassed a range of converging evidence from fMRI, amnesia, and animal lesion
studies expanding on this point by showing that recollection of both spatial and
non-spatial contextual information also engages the PHC (Eichenbaum, Yonelinas,
and Ranganath 2007). Notably, revised versions of the BIC framework are compati-
ble with the version of CMT proposed in O’Keefe andNadel (1978), suggesting that
the hippocampus uniquely supports event-specific memory because hippocampal
representations are fundamentally organized along a dimension of spatiotemporal
context (Ranganath 2019; Ranganath and Ekstrom 2020).

What CanWe Learn from Computational Models of Memory?

Countless papers describe the ‘computations’ implemented in the hippocampus, but
it is sometimes hard to know whether such phrases have any explanatory power.
That said, computational models of learning can provide some insights into the
functions of the hippocampus, and how they might relate to the bigger questions
about space, time, and memory.

Given the ubiquity of synaptic plasticity, we can generally assume that any net-
work of interconnected neurons can support a kind of learning, and neural network
models provide a crude, but useful way to understand learning processes. At the
most basic level, a neural network is a device that learns to lump and split, and any
particular learning process can ultimately be reduced to the problem of when to
lump and when to split. That is, a model encodes a series of input patterns and
learns (either on its own or via explicit instruction) to assign the inputs to a latent
representation of the input. If your goal is to categorize or classify inputs, such as
differentiating between syllables like ‘BA’ and ‘PA’, then you want a model that takes
a bunch of different inputs and lumps them into a few representations. If your goal
is to remember singular experiences, as in episodic memory, then you want a model
that splits, creating a new representation for anything that is slightly different from
what has been previously learned.

The pioneering computational neuroscientist David Marr pointed out that the
anatomical characteristics of networks in the brain determine the network’s propen-
sity to lump or split. In the span of only two years, Marr proposed computational
frameworks for understanding the functions of the cerebellum, neocortex, and hip-
pocampus based on their neuroanatomical characteristics (Marr 1969, 1970, 1971).
It is hard to overestimate the importance of these papers for all branches of mod-
ern neuroscience, but here I will focus on Marr’s most significant proposal, that
the ‘neocortex is capable both of classifying and of memorizing inputs’, whereas the
hippocampus, ‘is capable only of memorizing them’.

In essence Marr proposed that the neocortex is a lumper, assigning inputs to
‘memories’ that capture the most meaningful elements of that input. By this view,
the neocortex does not literally memorize inputs, but rather it encodes an ‘internal
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description of the environment … which constitutes the animal’s memory of the
information’. Just as a bird expert can exploit their expert knowledge to quickly learn
information about new birds that they see for the first time, a neocortical network
that has picked up the structure of past experiences can rapidly encode new mem-
ories by classifying them in relation to other previously encoded memories. In the
neocortex, everything is connected.

Simple connectionist models, complex deep neural networks, and even the most
advanced tools of generative artificial intelligence (AI) with billions of parame-
ters epitomize this idea—they are not designed to encode singular experiences,
but rather to capture structural similarities across multiple inputs (Hassabis et al.
2017). Put another way, ‘lumper’ networks learn the structure of the data that they
are trained with, so that they can efficiently generalize what was learned to new
examples. For instance, if a network were to learn the attributes of a series of birds
(crow, eagle, sparrow, etc.), with each learning experience, the weights in the net-
work would be successively tweaked to capture that category structure, optimizing
the ability to learn about new birds andmake inferences about birds that it has never
encountered.

Marr recognized that the strength of neocortical networks at learning structure
is also a weakness, in that they are poorly suited to learn information that vio-
lates that structure. For instance, a cortical network that has learned the canonical
features of birds would have trouble encoding information about a penguin—
a bird that swims but does not fly. He argued that the hippocampus helps the
neocortex to overcome this problem by implementing a separate form of learn-
ing called, ‘simple memory’, which involved memorizing specific experiences, as
opposed to discovering relationships between different experiences. In other words,
Marr felt that the hippocampus is designed to be a splitter, unable to categorize
or classify experiences, and instead storing ‘simple’ memories that are unrelated
to one another. Marr speculated that it could be useful to have a system that can
quickly encode individual events (splitting), so that these simple could be used
by the neocortex to identify statistical patterns that amongst these experiences
(lumping).

Marr’s intuition about the computational trade-offs between learning the sta-
tistical structure of training data and the ability to rapidly and flexibly encode
new information incompatible with that structure has been elaborated upon by
other investigators (Grossberg 1980; McCloskey and Cohen 1989; McClelland,
McNaughton, and O’Reilly 1995). Grossberg (1980) described this trade-off as
the ‘Stability-Plasticity Dilemma’, and McCloskey and Cohen (1989) demonstrated
how, if the same neural network were trained to rapidly learn new information that
is incompatible with previously learned information, then themodel will suffer from
‘catastrophic interference’, and lose the previously learned information.McClelland,
McNaughton, andO’Reilly (1995) argued that the hippocampus helps the brain deal
with this trade-off, such that it is able to enable rapid encoding (i.e., ‘simplememory’
in Marr’s terminology) of arbitrary information, so that the neocortex can slowly
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incorporate the new informationwith previously acquired knowledge. This division
of labour bears a great deal of resemblance to the distinction between semantic and
episodic memory, which as described earlier, are differentially dependent on the
hippocampus and neocortex.

To make this more concrete, imagine a commuter who must park their car in a
crowded neighbourhood every morning. Over time, this commuter comes upon a
street where she is likely to get a spot, but one morning she gets an email saying
that the street will be temporarily closed for construction. Our commuter’s brain
has a dilemma because she needs to remember that she can’t count on her usual
spot on that day, but because the closure is temporary, she does not want to unlearn
the location of her favourite parking area. In other words, she needs a neocorti-
cal semantic-like memory network that lumps in order to figure out the general
locations where parking is likely, and she needs a hippocampus episodic-like mem-
ory network that splits so that she can rapidly learn that the street is temporarily
closed.

As it turns out, the hippocampal system has two computational tricks that make
it ideally suited for rapidly encoding new experiences in a manner that keeps
them separated from other similar experiences (Hasselmo and McClelland 1999).
One mechanism for overcoming interference between different events is inhibition,
which is very high in the EC² and DG. As a result, the overall magnitude of activity
in the hippocampal system is very low (or ‘sparse’), and particularly inDG (O’Reilly
and McClelland 1994). (As an aside, this makes single-unit recordings in DG very
challenging because the overall level of activity is so sparse that it is hard to get
sufficient data tomake strong conclusions.) Inhibition is important because it deter-
mines the signal to noise ratio of a network, and in themost extreme case, it can even
serve as a gate to prevent encoding of weak inputs. Consider what happens if inhi-
bition were low: two memories that have common features that have overlapping
neocortical representations would activate overlapping populations of neurons in
Entorhinal cortex layer 2 (ECII). But when inhibition is high, then an input pat-
tern from the neocortex would activate only a small group of neurons that are most
strongly activated by the inputs. Thus, with very high inhibition, activity in the net-
work is sparse, but the neurons that are active are highly diagnostic of the particular
input.

The second mechanism for mitigating interference is binding. Binding happens
because inputs from diverse cortical pathways converge onto single neurons in the
EC and DG (Nilssen et al. 2019). If the different cortical inputs to the hippocampus
each convey information about different elements of an event, hippocampal binding
should help to disambiguate memories that have overlapping elements. As an anal-
ogy, a Thai curry recipe and a pina colada cocktail recipe could both require a can of
coconut milk, but despite the overlap in the ingredients across the two recipes, once
you combine the coconutmilk with the other ingredients, the end results for the two

² Here, I am particularly emphasizing layer IIa of the EC and the DG.
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recipes would taste very different. In the same vein, if a population of neurons were
to randomly conjoin information about features of people and things in an event
with information about the spatiotemporal context of the event, then even memo-
ries with the same elements would become differentiated from one another. Thanks
to high inhibition and binding, two different events that activate overlapping neu-
ral populations will be squashed, blended, and compressed to the point that they
map onto distinct clumps of DG neurons. This process is called ‘pattern separation’
(Wigström 1973).

Pattern separation is, in my mind, the most computationally meaningful oper-
ation that occurs in the hippocampal system, but I will not dwell on it here. The
key point is that the hippocampus is biased to be a splitter, not a lumper. This goes
some way to explain its critical role in encoding precise memories for events that
occurred in a particular spatiotemporal context, because this requires highly dis-
tinct neural event representations. This is not to say that the hippocampus cannot
lump, however, nor does it mean that the neocortex cannot split. Relevant to the
former point, in studies of memory integration, the hippocampus might retrieve
a previous association when a new overlapping association is encountered. If that
memory is updated to accommodate the new information, then the hippocampal
representation will now be less distinctly tied to any one experience (Schapiro et al.
2017). In other words, the form of neural networks shapes the function, but it is not
a very strong constraint.

Itʼs Complicated

I’ve tried very hard to provide a succinct review of empirical evidence and theories
about the role of the hippocampus in representation of memory, space, and time,
but I am sure any reader will conclude that there is simply a mountain of work on
these topics. And I have skipped over a number of relevant topics and ideas. How
do we deal with the complexity and scope of what has been found?

One might simply focus on explaining a narrow range of data. Some degree of
reductionism is necessary for the scientific enterprise, and it makes sense to focus
on narrow questions that are posed in a manner that will yield specific answers.
For instance, we could focus on the ubiquity of spatial modulation in hippocam-
pal neurons and embrace a ‘space first’ variant of CMT which proposes that the
hippocampus was designed to map physical space. We could fit all sorts of models
to data explaining how place cells and grid cells systematically map spaces within
small, enclosed environments, but we might have to avoid thinking about the fact
that people with hippocampal amnesia don’t bump into walls. We would also prob-
ably have to ignore the instability of hippocampal population codes in response to
minor contextual changes and assume that somehow the brain is smart enough to
ignore the neurons that remap and only use the population of neurons that retain
their selectivity as a stable cognitive map.
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Alternatively, we can adopt the view that the hippocampus is an all-purpose
memory space, relating all of our experiences to one another as points in a low-
dimensional space. I could show how (some of ) the same principles that apply to
place and grid cells during physical navigation have compelling parallels to single-
unit activity in rodents and fMRI results in humans performing tasks that have
stimuli or task relevant variables that follow a two-dimensional structure. If we go
this route, we will have to ignore the findings that are problematic for the ‘space first’
view, and we will have to avoid thinking about whether someone with hippocampal
damage is capable of performing a simple task that required moving a joystick to
change a sound or visual stimulus.

Alternatively, we can focus on the fact that people with hippocampal damage have
problems with episodic memory, and that measures of hippocampal activity are
sensitive to successful episodic memory retrieval are accompanied by information
about the spatiotemporal context of retrieved events. In this case, we could embrace
the BIC model, in which place cell coding is explained as part of a spatiotemporal
code that we use to encode unique episodes. But we will also need to ignore data
showing that hippocampal activity patterns seem to carry information about spatial
distances between locations in physical and virtual spaces, independent of temporal
distance. And we will have to ignore the fact that place cells seem to be pretty stable
even across multiple episodes within the same environment.

As a last resort, we could take a bird’s-eye view and say that all of the theories
that I have described are simply blind men groping different parts of a seahorse. We
could say that these poor blindmen are also aphasic, as their words aremeaningless.
That is, words like episodic memory, or the words that we use to describe our con-
ceptions of space and time, and pretty much every other word is just an emergent
property of chaotic activity patterns in the hippocampus.Having played the ‘dynam-
ical system’ card, we could simply absolve ourselves of the responsibility to explain
anything, protecting us from the possibility of ever being wrong. Unfortunately, we
would also have to ignore the existence of children who might benefit from accom-
modations due to learning disabilities, soldiers with traumatic brain injuries, older
adults whomight benefit from interventions to prevent neurodegenerative diseases,
stroke patients whomight be incapable of living independently, and so on.Whenwe
abdicate responsibility for explanation, we abandon the opportunity to help people
make informed choices that will have far reaching consequences on their lives. If we
neglect behaviour, cognition, and theory, we will render ourselves useless.

TheMiddle Path

According to the Buddha, ‘There is a middle way between the extremes of indul-
gence and self-denial, free from sorrow and suffering’. In our case, I think there is
also a middle way between the extremes of overfitting to a narrow range of evidence
and denying ourselves the opportunity to explain anything (Ranganath 2022). As a
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bonus, I think we can evenmake the fruits of our endeavours a bit more useful. Let’s
consider three points that might get us in the right direction.

1. Words are important. It is true that computations in a dynamical system can-
not be reduced to a simple verbalizable concept, but most everyone—even
computational neuroscientists—uses words like ‘space’, ‘time’, and ‘memory’,
as well as more interesting words like, ‘navigation’, ‘imagination’, ‘simulation’,
and so on.Weuse thesewords to communicate the importance of our research,
but it is necessary to think about whether our methods enable us to relate our
findings to words as understood by other humans. We often rely on narrowly
framed experimental questions to reduce complexity and get a clear answer,
but then we use words to summarize conclusions from these findings. The key
question is whether our experiments have a valid relation to the concepts that
we are attempting to study.

2. Wemust consider the limitations of model systems and paradigms. A house built
on place cells cannot stand. Model systems and experimental paradigms are
necessary in order to pose questions and generate useful data, but we must
also deal with the fact that our model systems and paradigms fundamentally
shape our data, and by extension, they constrain the kinds of answers that we
can get. Here are two examples.

As I have written elsewhere, we have learned an awful lot about the brain
from the random foraging paradigm used in most studies of place cells, but
there are limits (Zucker and Ranganath 2015; Ekstrom and Ranganath 2018).
These studies typically involve a rodent (usually rats, but sometimes mice or
bats) that has little knowledge about the world. After it has had time to recover
from brain surgery, it is grabbed by a human, hooked up to some strange
devices, and placed in a box where it chases food pellets that are tossed in plain
sight. I can’t imagine how rats experience this, but I imagine it is what an infant
would feel like if they were thrown into the middle of an IKEA showroom.

Rats, unlike humans, do not have foveal, stereoscopic vision and they rely
heavily on olfaction and whisking to learn about new environments, so they
orient to distal cues and must move throughout the box to develop an inter-
nal model of the space. As the rat chases food pellets in that meticulously
scrubbed box, there is not much else of importance beyond the context, and
the scattering of food pellets ensure that every part of the context is significant.
Unsurprisingly, these are the best conditions to identify hippocampal neu-
rons that show pure spatial selectivity. However, when cues aremanipulated in
virtual reality, one can find that the hippocampus preferentially encodes what-
ever information is salient and useful (Moore et al. 2021). Moreover, when an
animal is moving in order to do a task (like spatially navigating to a goal loca-
tion), hippocampal neurons encode the task relevant information. And finally,
in primates that explore the world through saccadic eye movements (Shen
et al. 2016), hippocampal neurons often reflect oculomotor variables (as well
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as information about sensory stimuli and task variables). All this is to say that
we cannot assume that a finding recorded from a simple paradigm like ran-
dom foraging has implications for hippocampal function in other paradigms
or across species.

Let’s now consider an example from human research. I have spent much
of my own career studying memory in humans by having them memorize
lists of words or pictures that are briefly presented in a random (or pseudo-
random) order. List learning is a valuable experimental paradigm, but it also
has limitations. The subject typically remains still during these paradigms,
passively viewing or making decisions about items that flash briefly at the
centre of a screen, and if the experiment is designed properly, each stimu-
lus should be unpredictable. Under these conditions, even college students
(who are extremely skilled at rote memorization and test-taking) do not per-
form perfectly. In list learning paradigms, we see that hippocampal activity
is higher for items that are forgotten than items that are recollected during
the test phase. And patients with hippocampal damage (or for that matter,
middle-aged and older adults, children, those with psychiatric or neurological
disorders, etc.) will typically show impaired performance relative to ‘healthy
controls’.

Does this mean that the hippocampus ‘does’ episodic memory? To answer
this question, wemust understandwhat ismeasured in list learning paradigms.
Is each iteman ‘episode’?Or is the entire list an episode and each item is a detail
that is part of the episode? I would bet that if you were to call back a subject
from a list learning experiment and ask them to recall events from their day
in the lab, they would describe sitting at a computer, seeing a bunch of words,
and pushing buttons to make decisions on a test. In other words, the most
significant elements of the episode are not directly measured in a list learning
paradigm (Ranganath 2022).

3. Neural interactions are important. I never formally trained in neuroscience,
and when I started out as a neuropsychologist, I thought of the brain as a
series of specialized modules that do their job separately. In the neocortex, we
could see that damage to discrete areas could cause neglect, aphasia, apraxia,
agnosia, or amnesia depending on the site of the lesion. In the case of memory,
I thought of the hippocampus as the memory store, and the prefrontal cortex
as the executive, controlling the use of memory in the service of action. I am
not the only one who has thought of the brain in this way, and although it is
not a bad starting point, we need to move on.

Different areas of the brain are not independent of one another. What hap-
pens in one area is going to have consequential impact on activity in other
areas that are anatomically connected. Anyone who has a basic understand-
ing of statistics should understand that an interaction is different from two
main effects, and yet most theories in neuroscience (particularly those involv-
ing the hippocampus) seem to assume that information is serially processed
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in the brain, with information handed off from one area to another in a series
of steps that ultimately leads to behaviour.

If we accept that networks are important, then we must consider the kinds
of interactions that might be relevant to the topics of memory, space, and time.
There seems to be a general consensus to the idea that complicated activities
like episodic memory retrieval or spatial navigation depend on networks that
involve neocortical areas and the hippocampus, and we would assume that
learning about spatial contexts and events should be associated with plasticity
in these networks. Finally, I think most would agree that episodic memory
and spatial navigation are not equivalent, despite relying on many of the same
brain regions. Accordingly, there must be some differences in the brain areas
that are involved, and in the way brain areas interact with each other over the
course of these activities. Thus, the hippocampus and neocortex are not just
complementary learning systems, they are interacting memory systems, and
therefore the ‘function’ of the hippocampus will be inextricably linked to its
interactions with a broader network context, which in turn should depend on
the behavioural context.

Following this line of argument to its logical end, it becomes apparent that
we should abandon the idea that we can arrive at an all-encompassing expla-
nation of the functions of the hippocampus. The same limitations apply to a
simple ‘brain inside-out’ (Buzsaki 2021) approach (in which we focus on what
emerges from neural activity rather than focusing on function), because our
descriptions of the working of neural circuits in regions like the hippocam-
pus will only be interpretable in the context of what is happening in other key
regions that are interacting with the hippocampus at themoment. Put another
way, our observations of neural activity cannot be separated from the context
in which the activity is observed, and the way it is measured.

WhereDoWeGo fromHere?

A broad strokes view of memory, space, or time is unlikely to yield fruitful
progress. If we want to ask if the hippocampus is part of the brain’s circuitry
for spatial navigation, or whether the hippocampus is an all-purpose memory
device, mapping relationships between any and all kinds of experiences, the
answer will be ‘it depends’. If we consider that memories are constructed through
dynamic interactions between the hippocampus and particular neocortical net-
works, and that the interactions can dramatically change based on motivations,
goals, context, and prior knowledge, then we cannot assign a single function to the
hippocampus.

And even if we broaden out our scope beyond the hippocampus, and we focus
instead on cognitive constructs, it is not hard to see that ‘space’ or ‘time’ isn’t the
right target for scientific inquiry. Our sense of where we are is related to, but not
equivalent to, spatial navigation. Our sense of orientation in time is related to, but
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not the same as the ability to estimate temporal durations or the ability to remember
the temporal order of past events. Our ability to recognize faces or words is related
to, but not the same as reconstructing an episodic memory for a complex event.

So, what is the best way forward? I think there is a useful analogy to be made
with genetics research.Most commondiseases cannot be explained by single genetic
polymorphism, and the field has likewise failed to explain inter-individual variabil-
ity in behaviour based on the simple effect of a single gene or even a main effect
of multiple genes. This is because genes interact with one another and because
they can only be understood in the context of environmental influences (broadly
defined). That said, valuable progress can be made by studying genetic influ-
ences within a relevant context (such as studies of the interaction between genetic
risk and adolescent marijuana use in the development of schizophrenia, Karl and
Arnold 2017).

We can take a similar approach to ask questions about the brain and behaviour.
We need to focus on specific problems and rely on evidence that comes from
paradigms that are directly relevant to that problem. For instance, we can develop
models to explain how we orient ourselves in space, using behavioural paradigms
and concurrent neural measures that directly get at the problem of spatial orienta-
tion (as opposed to visually guided movement). We would need to also be careful
not to conflate orientation with navigation, which occurs in the context of plans and
goals. And rather than assuming a precise, photographic representation of space, we
would need to understand the influence of prior knowledge.

We can also develop models to explain how we recall complex events that
occurred at a particular place and time and collect neural data in experimental
paradigms that capture how real world events are understood and represented.
Again, useful information can be derived from human and animalmodels, provided
that one accounts for the important role of prior knowledge.

In other words, we need to be sceptical about efforts to build a grand theory of
everything (much to the chagrin of anyone hoping for the universal algorithm for
cognition), and we need to think carefully about how our paradigms, model sys-
tems, methodological tools, and theories can be optimized to target more focused
questions. In other words, if there is a middle path, it might require us to be
more ambitious in our approaches and yet more pragmatic in acknowledging the
complexity of extrapolating from laboratory research real-world phenomena.
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Introduction

Multiple cortical structures are implicated in episodic memory function. This
review will present data on the neuronal activity that codes space and time in
specific cortical structures, including both entorhinal cortex and hippocampus.
These data have been used in models of episodic memory that involve the encod-
ing and retrieval of spatiotemporal trajectories. This review will also present data
andmodelling of the transformation between egocentric and allocentric coordinate
systems.

Episodic memory was defined as memory for events that occur at a specific place
and a specific time (Tulving 1984; Eichenbaum et al. 1999). Episodic memory was
described as ‘snapshots whose orderly succession can create the mnemonic illusion
of the flow of past time’ (Tulving 1984). A neural model of episodic memory (Has-
selmo 2009; Hasselmo 2012) proposed that episodic memory must contain more
than a temporal sequence of snapshots, but instead include a continuous represen-
tation of time and space as a spatiotemporal trajectory (Figure 8.1), that includes the
speed and direction ofmovement of an agent or other objects (Hasselmo et al. 2010;
Hasselmo 2012), the agent’s viewpoint of an event (Conway 2009), and the cod-
ing of prior context for disambiguation of memories (Hasselmo and Eichenbaum
2005; Hasselmo 2009). This chapter will review neural data relevant tomodelling of
episodic memory, as well as briefly reviewing models and emphasizing approaches
that include modelling of the transformation between egocentric and allocentric
coordinate systems. Finally, there will be a section emphasizing the importance of
mathematical models to move beyond verbal definitions.

Codingof Time (TimeCells)

Episodic memory can be succinctly defined as ‘What did you do at time T in
place P’ (Tulving 1984). The neural coding of time and space is important for

Michael E. Hasselmo et al., Coding of Space and Time for Memory Function. In: Space, Time, and Memory. Edited by: Lynn Nadel
and Sara Aronowitz, Oxford University Press. © Oxford University Press (2025). DOI: 10.1093/oso/9780192882547.003.0008
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this definition, and many neurons code both time and spatial location in the
hippocampus (Pastalkova et al. 2008; MacDonald et al. 2011; Kraus et al. 2013),
and the entorhinal cortex (Kraus et al. 2015; Bright et al. 2020). Neurophysiologi-
cal data shows neurons, termed ‘time cells’, that code time intervals relative to task
events, such as the onset of a delay period, usually in a task on which the animal is
extensively trained. In many tasks used to study time cells, a rodent runs around a
loop of elevated track, and then remains in a consistent single location and direc-
tion while running for 10–20 seconds on a running wheel (Pastalkova et al. 2008) or
a treadmill (Kraus et al. 2013; Kraus et al. 2015). Many hippocampal and entorhi-
nal cells will fire reliably as the animal runs through specific spatial locations on
the elevated track. In addition, during the delay period of running in one location,
individual time cells fire at specific time intervals after the onset of the delay. Run-
ning is not essential as time cells can also appear during delay periods of a delayed
matching task performed without running (MacDonald et al. 2011) or even dur-
ing a delay period in stationary head fixed animals (MacDonald et al. 2013; Heys
and Dombeck 2018). Time cell responses have been shown in a wide range of dif-
ferent structures, including hippocampal region CA1 (Pastalkova et al. 2008; Kraus
et al. 2013; Mau et al. 2018), hippocampal region CA3 (Salz et al. 2016) as well as
the entorhinal cortex (Kraus et al. 2015; Tsao et al. 2018; Heys and Dombeck 2018).
Time cell responses also appear in prefrontal cortex, but without such clear evidence
of location coding (Tiganj et al. 2017). These data show that time cell responses
could help in disambiguating events that occur at one time point versus another on
a time scale of seconds.

More recent data shows that neurons also show a difference in calcium activity
across the trials within a given day (Mau et al. 2018), and some show consistencies
across days supporting coding of time on the time scale of minutes (MacDonald
et al. 2011; Liu et al. 2022). This supports a model of multiscale logarithmic coding
of time developed by Marc Howard and colleagues (Howard et al. 2014). Calcium
imaging of the same population of hippocampal neurons over several days (Mau
et al. 2018) also shows that time cells drop out or appear slowly over days, resulting
in a change in correlation across the population on time scales of days (Mau et al.
2018). This slow drift in ensemble membership could provide a differential cod-
ing of memories on different days (Howard et al. 2014; Mankin et al. 2015; Rubin
et al. 2015; Cai et al. 2016; Rule et al. 2019; Kinsky et al. 2020; Ziv et al. 2013;
Levy et al. 2021). Models show that changes in the correlation of a population of
cells on multiple longer temporal scales are essential for the capacity to differentiate
episodic memories occurring at different time points on the scale of seconds, min-
utes, and hours (Howard et al. 2014; Liu et al. 2019). This multiscale representation
provides an efficient representation for memory on different scales, but it is also
possible that time coding involves different mechanisms at different scales (Phillips
2014), with time cells coding seconds, minutes, and possibly hours, but the slow
drift providing coding for long scales on the order of days, weeks, months, or years.
The focus on disambiguating different time points motivated the use of the term
‘time cell’ (Howard and Eichenbaum 2013; Eichenbaum 2014; Kraus et al. 2013;
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MacDonald et al. 2011). However, these cells could be coding sequences of associa-
tions of internal and external features making up the events in an episode (Buzsaki
and Tingley 2018) consistent with the initial description of these neurons as ‘episode
cells’ (Pastalkova et al. 2008).

Combined Coding of Time, Distance, and Location

One experiment compared time versus running distance by recording as a rat ran
on a treadmill at different speeds during different delay periods (Kraus et al. 2013).
This experiment showed that neurons could respond on the basis of either time or
running distance during the delay (Kraus et al. 2013) as predicted by previous mod-
els (Hasselmo 2008; Burgess et al. 2007). Neurons that fire as time cells also code
other dimensions related to episodic memory, consistent with evidence of mixed
selectivity in other regions (Rigotti et al. 2013). Some cells that fire as time cells
during running on the treadmill also fire as place cells during running off the tread-
mill on the return arms (Kraus et al. 2013; Mau et al. 2018) indicating that these
cells do not only code time but combine location and time in an episodic trajec-
tory. Coding of both space and time was also shown for single grid cells in the
entorhinal cortex (Kraus et al. 2015). These grid cells fired in an array of spatial
locations when animals foraged in a two-dimensional environment, but also fired
as time cells at different time points during a 16 second delay as the rat ran in a single
location on the treadmill. Interestingly, a recent study showed that the overall pop-
ulation of space-encoding neurons and neurons coding time during immobility in
entorhinal cortex form anatomically distinct sub-populations (Heys and Dombeck
2018; Heys et al. 2014). The coding of episodes as spatiotemporal trajectories only
requires a population code containing both space and time, so this model can func-
tion whether the representation is shared across individual neurons or appears in
different populations (Hasselmo 2012). Human imaging data shows neural activity
in hippocampus and parahippocampal regions associated with disambiguating the
retrieval of overlapping trajectories in virtual mazes (Brown and Stern 2014; Brown
et al. 2010; Brown et al. 2014).

Phase Coding of Time

Time cells code time not only by overall firing rate, but also by the phase of firing
of cells relative to rhythmic oscillations at theta frequency in the local field poten-
tial. Time cells show theta phase precession within their firing fields (Pastalkova
et al. 2008; Terada et al. 2017; Ning et al. 2022). A a time cell starts firing, its spikes
appear at late phases of theta, and as time evolves the spiking shifts to earlier phases
of theta cycle before spiking ends. The coding of space by place cells shows a similar
shift in phase as an animal runs through a place field. This phase coding appears
important for the temporal specificity of time cell firing as time cells lose their



164 Coding of Space and Time for Memory Function

time selectivity during inactivation of the medial septum (Wang et al. 2015), which
reduces theta rhythm in the hippocampus (Brandon et al. 2014; Rawlins et al. 1979).
The same inactivation of medial septum also removes spatial specificity of grid cell
firing (Brandon et al. 2011; Koenig et al. 2011). Theta phase coding has the advan-
tage that it could allow a single neuron to code a continuous dimension of time or
space, which might allow a broader range of transformations on the level of single
neurons that might be difficult to implement across a full population.

Codingof Spatial Location

Place Cells in Hippocampus

Neurophysiological recording in the hippocampus revealed place cells that fire
based on the spatial location of the animal being recorded (O’Keefe 1976;
O’Keefe and Dostrovsky 1971). The potential role of these place cell responses for
behavioural function, and their relationship to philosophical questions about the a
priori representation of space were addressed extensively in the influential book by
O’Keefe andNadel on coding of space as a cognitivemap (O’Keefe andNadel 1978).
The new perspective provided by these experimental findings and the cognitivemap
theory could be seen as causing a paradigm shift within neuroscience from a focus
on operant conditioning experiments to a focus on the more continuous dimen-
sions of spatial behaviour. This work engendered numerous subsequent studies that
showed place cell responses when animals were in specific locations during foraging
an open field environments (Muller et al. 1987; O’Keefe and Burgess 1996; Huxter
et al. 2008; Lever et al. 2002), and in local areas of linear tracks (O’Keefe and Recce
1993), the 8-arm radial maze (McNaughton et al. 1983), or a spatial alternation task
(Ainge et al. 2007; Wood et al. 2000; Kinsky et al. 2020). The firing of place cells can
vary dependent on many factors including direction through the place field (Fen-
ton and Muller 1998; Redish 1999) and cells can have more than one firing field
(Fenton et al. 2008). The position of an animal can be effectively decoded from the
firing activity of hippocampal place cells (Brown et al. 1998), supporting their role
in guiding behaviour in spatial memory tasks. In more recent studies, hippocampal
cell firing has been shown to code information about the direction and distance of
goal locations (Ormond and O’Keefe 2022).

Phase Coding by Place Cells

In addition to coding location by firing rate, place cells also code location by their
phase of firing in a phenomenon called theta phase precession (O’Keefe and Recce
1993). This discovery motivated testing for phase precession when time cells were
discovered much later. As the animal enters the firing field of a place cell, spik-
ing occurs at late phases of theta and then shifts to earlier phases as the animal
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runs through the firing field and exits (O’Keefe and Recce 1993; Skaggs et al. 1996;
Maurer et al. 2006; Schmidt et al. 2009; Zugaro et al. 2005). Theta phase precession
is associated with sequential spiking of neurons coding sequential places on differ-
ent phases (Foster and Wilson, 2007), but theta phase precession appears on the
first trial of running on a novel linear track, whereas theta sequences only appear on
later trials (Feng et al. 2015). These data suggest a role of spike timing and phase for
the episodic coding of spatiotemporal trajectories.

Grid Cells in Entorhinal Cortex

Neurophysiological recording in the entorhinal cortex demonstrates different types
of coding of spatial dimensions that differ from place cells. One striking form of
coding involves the activity of entorhinal grid cells, which spike in a hexagonal array
of spatial locations as an animal forages broadly (Hafting et al. 2005). Different grid
cells fire with different size and spacing between firing fields, allowing a population
of grid cells to code a single location (Sargolini et al. 2006; Barry et al. 2007; Stensola
et al. 2012; Heys et al. 2014). Many grid cells code both for the animals location
and the current head direction of the animal (Sargolini et al. 2006), consistent with
the joint coding of location and direction in a spatiotemporal trajectory (Hasselmo
2012). In addition other neurons code head direction alone, which is not found in
the hippocampus, but had been shown previously in structures providing input to
entorhinal cortex including the postsubiculum (Taube et al. 1990) and the anterior
thalamus (Taube 1995).

Phase Coding by Grid Cells

Grid cells also exhibit phase coding in the form of theta phase precession by grid
cells in layer II of entorhinal cortex as an animal runs on a linear track (Hafting et al.
2008), or as an animal forages in two dimensions in an open field (Climer et al. 2013;
Jeewajee et al. 2014). Consistent with this, the intrinsic rhythmicity of entorhinal
neurons differs with spatial scale (Jeewajee et al. 2008) and shifts with running speed
(Hinman et al. 2016; Jeewajee et al. 2008). In contrast to layer II neurons, layer III
grid cells show phase locking to theta rhythm. The potential role of theta rhythm
in generation of grid cell responses is supported by the fact that inactivation of the
medial septum causes both a dramatic reduction of theta rhythm in the entorhinal
cortex (Mitchell et al. 1982; Jeffery et al. 1995), and a loss of the spatial selectivity
of firing of grid cells (Brandon et al. 2011; Koenig et al. 2011). Inactivation of the
medial septumor lesions of the fornix also cause impairments in thememory of goal
locations (O’Keefe et al. 1975; Chrobak et al. 1989; Brioni et al. 1990). The specific
population ofmedial septal neurons involved in regulating grid cell firing has not yet
been demonstrated. However, recent studies show that inactivation of glutamatergic
neurons causes a decreased specificity in grid cell firing activity, and inactivation of
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GABAergic neurons in themedial septum results in the loss of grid cell spatial firing
along with a reduction in theta rhythm oscillations (Robinson et al. 2019).

Behavioural Function of Place Cells and Grid Cells

Studies support a role for place cells and grid cells in spatial navigation. A range
of studies show that damage to the hippocampus causes impairments in two-
dimensional spatial navigation tasks such as the Morris water maze, in which the
animal learns a specific goal platform location and must then navigate to that loca-
tion from a range of different starting locations (Morris et al. 1982; Eichenbaum
et al. 1990). Models have addressed how different neural subtypes could under-
lie planning of spatiotemporal trajectories to generate the correct trajectory to the
goal location from a new start location (Erdem and Hasselmo 2014; Erdem and
Hasselmo 2012; Redish and Touretzky 1998). Early models focused on the role of
place cells and head direction cells (Redish and Touretzky 1998), but those mod-
els required dense representation of spatial locations by place cells. Later models
address the additional role of grid cells and speed cells in planning trajectories to
a goal location without needing to form a place cell code for each location (Erdem
and Hasselmo 2014; Erdem and Hasselmo 2012; Kubie and Fenton 2012). Recent
models have addressed how spatial coding could reflect a successor representation
of possible future states for effective reinforcement learning (Momennejad 2020;
Brunec and Momennejad 2022).

Impairments of goal-finding in the Morris water maze are also observed after
lesions of the entorhinal cortex (Steffenach et al. 2005) or the dorsal presubiculum
(Taube et al. 1992), consistent with a role of different neuronal subtypes such as head
direction cells and grid cells from these regions. Further data shows neural coding of
position along a trajectory in structures such as the retrosplenial cortex (Alexander
andNitz 2017; Alexander andNitz 2015), and human imaging data shows coding of
arc length along a trajectory in addition to coding of euclidean distance, translation
and rotation (Chrastil et al. 2016; Chrastil et al. 2015).

Codingof Prior Context

The performance of tasks such as delayed spatial alternation or delayed non-match
to position requires the capacity to distinguish (disambiguate) spatial location on
different trials, as described in previous modelling work (Levy 1996; Hasselmo
and Eichenbaum 2005; Hasselmo 2009). Lesions of the hippocampus cause impair-
ments in these types of tasks (Ainge et al. 2007; Aggleton et al. 1986; Aggleton et al.
1995; Hallock et al. 2013; Emerich and Walsh 1989; Costa et al. 2005) that require
memory of both spatial location and the specific time of the prior trial to disam-
biguate it from other previous trials. Neurophysiological data in related continuous
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alternation tasks (without a delay) show context-dependent activity appropriate for
this behavioural disambiguation based on memory. For example, when a rat runs
on the stem of continuous spatial alternation task, individual neurons will fire selec-
tively based on the past or future turning response. These ‘splitter’ neurons have
been observed in the hippocampus (Wood et al. 2000; Ferbinteanu and Shapiro
2003; Kinsky et al. 2020; Levy et al. 2021) and entorhinal cortex (Frank et al. 2000;
Lipton et al. 2007; O’Neill et al. 2017). The separation and disambiguation of over-
lapping spatiotemporal trajectories is a challenge for anymodel of episodicmemory,
particularly when considering the large number of memories that can be generated
in a single familiar environment (Robins 2015). This raises questions of the relative
overlap of representations, which could range from the extreme case of an index
model, in which a small number of non-overlapping neurons code each memory, to
the alternate case of a broadly distributed representation in which most neurons are
involved in every memory, which is more amenable to cueing of memories, but less
amenable to prevention of interference (Robins 2015). The nature of the amount
of overlap and capacity to cue less overlapping memories remains an empirical
question for both simulations and neurophysiology (Hasselmo 2015).

The context-dependent neuronal responses in a spatial alternation task can
appear at specific times during training and aremore stable than place cell responses
in the task, possibly because the splitter responses are more necessary for accurate
task performance (Kinsky et al. 2020). The left-right discriminability of splitter cell
responses correlates significantly with accurate behavioural performance (Kinsky
et al. 2020). Context-dependent activity can also distinguish the sample versus test
trials in delayed non-match to position (Griffin et al. 2007; Levy et al. 2021), and
during the course of learning the task shows a gradual shift from coding both turn
direction and task phase, to showing more coding of turn direction or task phase
alone (Levy et al. 2021). The separation of representation could also include the
dentate gyrus, as neural activity associated with turning to one side of the maze dif-
fers from the representation associated with turning both directions (Wilmerding
et al. 2023). These studies are consistent with impairments of delayed-non-match-
to-position (DNMP) caused by dentate gyrus lesions (Emerich and Walsh 1989;
Costa et al. 2005), and with earlier studies showing splitting of different spatial maps
over time (Redish 1999).

Both the guidance of behaviour and the learning-dependent shift in context-
dependent representations over time may depend upon mechanisms of sequence
retrieval during theta rhythm. Theta sequences appear to reflect planning of future
trajectories, as sequences appear at choice points (Johnson and Redish 2007; Kay
et al. 2020), and the length of theta sequences increases with greater distance of
future goals (Wikenheiser and Redish, 2015). The phase of firing relative to theta
rhythm also appears to shift based on the novelty of individual cues (Manns et al.
2007) or the novelty of the environment (Wells et al. 2013; Douchamps et al. 2013),
consistent with proposals for encoding and retrieval on different phases of theta
rhythm cycles (Hasselmo et al. 2002; Hasselmo 2006). If encoding and retrieval
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processes occur on different phases of theta, then the ability to discriminate a
retrieved memory from current sensory input could depend upon an intact theta
rhythm (Hasselmo 2005). Loss of this phase coding could result in confabulation of
imaginary memory with real memory, which has been shown to occur after damage
to themedial septum (DeLuca andCicerone 1991). The different phases of encoding
and retrieval could include a neural signal associated with phase that distinguishes
the memory of a real event from the memory of an imagined event (Boyle 2021).

Codingof Trajectory SpeedandDirection

In contrast to the model of episodic memory as a series of snapshots, the model of
episodic memory as a continuous spatiotemporal trajectory (Figure 8.1) includes
dimensions beyond spatial location and time interval (Hasselmo 2012; Hasselmo
2009). The fact that one can remember a specific viewpoint of a scene (Conway
2009), or changes in speed of movement indicate that direction and speed are
available in episodic memories.

In addition to the importance of speed and direction for episodic memory, many
models of grid cell firing use path integration of self-motion to code location. This
standard mechanism could function in parallel with coding of location by transfor-
mation of sensory input. Grid cells retain their spatial firing pattern in darkness,
suggesting a role for path integration of self-motion in the absence of visual cues
(Hafting et al. 2005; Dannenberg et al. 2020). However, sensory input is important
as grid cells rotate with visual cues in a circular environment (Hafting et al. 2005),
and spatial coding by grid cells is lost when all sensory cues are lost or obscured
including visual, auditory, somatosensory, and olfactory input (Chen et al. 2016;
Pérez-Escobar et al. 2016). The role of sensory input is further supported by evi-
dence that grid cells lose spatial coding during inactivation of regions providing
head direction input (Winter et al. 2015). The subsequent sections will review data
on the potential role of memory for spatial location based on path integration versus
the transformation of sensory input.

Coding of Speed

Path integration involves integration of velocity, which would consist of movement
speed and direction. The running speed of animals has been shown to be coded
by neurons in the hippocampus (O’Keefe et al. 1998; McNaughton et al. 1983) and
medial entorhinal cortex (Sargolini et al. 2006; Wills et al. 2012; Buetfering et al.
2014; Kropff et al. 2015; Hinman et al. 2016). Some cells appear to selectively code
running speed (Kropff et al. 2015), but others show mixed selectivity as grid cells
and head direction cells that also code running speed (Sargolini et al. 2006; Wills
et al. 2012; Buetfering et al. 2014; Jeewajee et al. 2008; Hinman et al. 2016). Cod-
ing of running speed also appears in retrosplenial and parietal cortex (McNaughton
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et al. 1994; Alexander et al. 2020; Clancy et al. 2019; Carstensen et al. 2021) and sen-
sory responses are modulated by running speed in visual cortex (Niell and Stryker
2010) and auditory cortex (Nelson and Mooney 2016). The direct coding of speed
could occur without requiring the computation of distance over time, as neurons
also show responses to acceleration guided by the vestibular system, such that inte-
gration of acceleration could generate a speed response independent of the ongoing
perception of distance or time.

This speed coding could be important for episodicmemory of spatiotemporal tra-
jectories. In contrast, the data on speed coding does not uniformly support the use
of speed for path integration of two-dimensional spatial location. Models of path
integration require linear coding of running speed by firing rate, as found in many
speed tuning curves, but many speed-modulated cells show non-linear responses
that saturate at moderate speeds (Hinman et al. 2016; Dannenberg et al. 2019).
Surprisingly, neurons represent speed by firing rate over intervals of several sec-
onds, but over shorter periods than a second, the firing rate code is too inaccurate
for effective path integration (Dannenberg et al. 2019). This calls into question the
use of coding of location based on integration of a firing rate code for running
speed.

Coding of Direction

In addition to coding of running speed, both models of episodic memory as spa-
tiotemporal trajectories and path integration models of grid cells require coding
of movement direction. The data on coding of movement direction is less exten-
sive and less consistent with path integration than the data on running speed. Many
place cells show sensitivity tomovement direction on a one-dimensional linear track
(McNaughton et al. 1983; Huxter et al. 2003), though this may reflect the change in
goal points for different directions of running (Redish 1999; Jackson and Redish
2007). Hippocampal cells also appear to code the direction of a goal on a honey-
combmaze (Ormond andO’Keefe 2022). Outside the hippocampus, there aremany
neurons that show responses to the current allocentric direction of an animal’s head
(Taube et al. 1990). These head direction cells do not depend on current location
or movement direction. A systematic analysis of neurons in entorhinal cortex dur-
ing periods when movement direction differed from head direction demonstrated
numerous head direction cells but no cells that exclusively codemovement direction
(Raudies et al. 2015). Researchers have proposed that movement direction could
instead be coded by rhythmic firing of theta cells (Welday et al. 2011) or spiking in
theta sequences (Zutshi et al. 2017). Theta phase precession codes movement direc-
tion with a shift from late to early phases as animals move backwards (Maurer et al.
2014) or ride backwards on a train (Cei et al. 2014). However, the broad evidence
for head direction cells in the absence of movement direction cells suggest that path
integration of self-motionmight be less important than the coding of sensory feature
angle provided by head direction cells (Raudies et al. 2015).
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Head direction cells could instead be vital for accurate transformation of ego-
centric coordinates into allocentric coordinates, as allocentric head direction can
be used to transform egocentric coordinates of sensory feature angle into allocen-
tric location (Byrne et al. 2007; Touretzky and Redish 1996; Bicanski and Burgess
2018). Head direction cells have been found in a range of structures including dorsal
presubiculum (Taube et al. 1990), anterior thalamus (Taube 1995), and entorhinal
cortex (Sargolini et al. 2006; Brandon et al. 2013; Brandon et al. 2011; Giocomo
et al. 2014). Lesions of the dorsal presubiculum or anterior thalamic nucleus, which
both provide head direction input to cortex, cause destablization of hippocampal
place cells (Goodridge and Taube 1997) and loss of spatial coding by entorhi-
nal grid cells (Winter et al. 2015). Head direction cells usually do not show theta
rhythmicity, but in the entorhinal cortex these cells can show theta rhythmic firing
that falls on alternate cycles of the theta rhythm (Brandon et al. 2013), consistent
with place cell readout of trajectories on alternate theta cycles in the hippocampus
(Kay et al. 2020).

CodingBasedonDifferent Coordinate Systems

The above data indicates that path integration of self-motion may not be the most
important mechanisms for updating the memory of spatial location. In contrast,
the influence of sensory feature angle could be used to update the memory of spa-
tial location, as supported by the influence of visual cue rotation on the firing of
place cells (Muller and Kubie 1987) when cues are stable (Knierim et al. 1998),
and on grid cells (Hafting et al. 2005) and the loss of grid cell firing when dark-
ness is combined with removal of auditory and somatosensory cues (Chen et al.
2016; Pérez-Escobar et al. 2016). Understanding the influence of sensory input on
place cell firing requires understanding of coordinate transformations. The coding
of spatial location by place cells is commonly described in allocentric coordinates
(i.e., allocentric coordinates describe the position of an animal relative to environ-
ment boundaries). This requires a coordinate transformation from the egocentric
coordinates of sensory input such as visual feature angle (i.e., egocentric coordinates
describe the position of a feature relative to an animal). This may correspond to the
philosophical description of a perspectival view of an object compared to a constant
representation of an object (Green and Schellenberg 2017). Studies of neural activity
in the human brain have demonstrated differences in neural activity associated with
viewing a navigation task from a first-person, egocentric perspective, compared to
performing the task from a third-person overhead perspective (Sherrill et al. 2013;
Sherrill et al. 2015). The following sections will review further data relevant to this
topic.
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Allocentric Boundary Cells

The important influence of sensory cues for location coding was shown in exper-
iments in which the distance of environmental barriers relative to other barriers
(i.e., allocentric position) was changed (i.e., changing a 1×1 metre square environ-
ment to a 1×2 metre rectangle) and this was shown to alter the position of the firing
fields of place cells (O’Keefe and Burgess 1996). This data motivated the theoretical
proposal of boundary vector cells that code animal position relative to boundaries
(Burgess et al. 2000; Hartley et al. 2014; Hartley et al. 2000). This theoretical pre-
diction was later supported by data demonstrating boundary vector cells that fire
when boundaries are at a specific distance and allocentric angle in allocentric coor-
dinates (Solstad et al. 2008; Lever et al. 2009; Savelli et al. 2008; Barry et al. 2006;
Poulter et al. 2021). These boundary responses can occur at a distance from the
boundary (Lever et al. 2009), indicating a role of visual sensory cues, and they show
responses to insertion of new barriers in the environment (Lever et al. 2009; Poul-
ter et al. 2021). The responses can also persist after removal of an inserted barrier
(Poulter et al. 2021). A related population of neurons, termed object vector cells,
spike when the animal occupies specific allocentric angles and distances from non-
boundary objects (Hoydal et al. 2019; Deshmukh and Knierim 2011; Deshmukh
and Knierim 2013). Grid cells also alter activity based on the allocentric positions
of environmental boundaries, showing compression or expansion of the distance
between firing fields (Barry et al. 2007; Stensola et al. 2012; Munn et al. 2020), and
changes in coding of velocity with wall movement (Munn et al. 2020).

Models have demonstrated how allocentric spatial location can be generated from
egocentric visual coding of boundaries (Byrne et al. 2007; Bicanski and Burgess
2018; LaChance and Taube 2023; O’Keefe 1990). Models have demonstrated how
allocentric boundary vector cells could be generated from egocentric sensory cod-
ing of environment boundaries combined with head direction (Burgess et al. 2000;
Hartley et al. 2000; Byrne et al. 2007; Bicanski and Burgess 2018). These latter
models predicted the existence of neurons that code the egocentric position of
boundaries. Influences of boundary location on grid cells and allocentric boundary
cells has also been modelled based on the angle and optic flow of visual fea-
tures (Raudies and Hasselmo 2015; Sherrill et al. 2015) or based on matching of
egocentric sensory input with a stored representation of input (Alexander et al.
2023).

Egocentric Boundary Cells

The prediction that allocentric boundary cells could be generated from egocen-
tric boundary cells was supported by data showing egocentric boundary cells in
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a range of structures, including the retrosplenial cortex (Alexander et al. 2020; van
Wijngaarden et al. 2020), the postrhinal cortex (LaChance et al. 2019; Gofman et al.
2019), the entorhinal cortex (Wang et al. 2018; Wang et al. 2020) and structures
receiving output from these regions such as the dorsomedial striatum (Hinman et al.
2019) and parietal cortex (Alexander et al. 2020). As animals forage in an open field
environment, egocentric boundary cells fire selectively when the barriers or bound-
aries of the environment are at a specific angle and distance to the animal (Hinman
et al. 2019; Alexander et al. 2020). They are therefore most efficiently described by
plotting the position of the barrier for each spike in egocentric polar coordinates.
The sum over all spikes shows how neurons respond to a barrier at a specific dis-
tance of a few to many tens of centimetres. Different neurons respond selectively for
barriers at a specific range of angles and distances relative to the animal itself, with
most right hemisphere neurons responding to barriers directly to the left of the ani-
mal, and most left hemisphere neurons responding to barriers directly to the right
(Alexander et al. 2020). Other neurons respond to angles to the front or behind the
animal.Many egocentric boundary vector responses are invariant to the appearance
of environmental boundaries indicating that the response property is not driven by
high-level visual features (Hinman et al. 2019).While some papers focus on the ego-
centric response to barriers, others focus on the coding of position relative to the
centre of the environment or specific objects or goals (Wang et al. 2018; Wang et al.
2020; LaChance et al. 2019; LaChance and Taube 2023). The neurons show tuning
to barriers at a number of distances, including distances well outside the range of
whisker contact, as well as at a number of angles, including positions behind the
animal.

Egocentric coding of the environments has also been shown in several other
cortical regions, including posterior parietal cortex, secondary motor cortex, and
postrhinal cortex (LaChance et al. 2019; Gofman et al. 2019; Alexander et al.
2020). In the postrhinal cortex egocentric boundary responses persist in darkness
(LaChance et al. 2019), supporting the computational theory of their generation by
some mechanism of path integration based on prior contact with the barrier. In the
postrhinal cortex, egocentric bearing was found to be anchored to the centre of the
environment rather than the boundaries (LaChance et al. 2019).

The theta phase coding shown for place cells and grid cells reviewed above sug-
gests that theta phase coding might occur for egocentric and allocentric boundary
cells. Retrosplenial neurons show phasic firing relative to hippocampal theta rhyth-
micity (Alexander et al. 2018) and some egocentric boundary cells show theta phase
locking (Alexander et al. 2020). Consistent with the proposed separation of encod-
ing and retrieval on different theta phases in the hippocampus (Hasselmo et al.
2002), allocentric boundary cells fire on different phases of theta during direct
experience of boundaries versus trace responses to boundaries that are no longer
present (Poulter et al. 2021). Theta phase coding could provide a component of
spatial representation that can contribute to the transformation from egocentric
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coordinates to allocentric coordinates and the encoding of egocentric information
in spatiotemporal trajectories for episodic memory.

Brief ReviewofHippocampalModels

The above sections reviewed some of the data on neural representations for time
and space that are relevant to episodic memory. This section will provide a brief
review of some existing models of episodic memory and the internal representa-
tions used in those models. Historically, both psychological and neural models of
episodic memory have focused on the representation of the world as a set of vectors,
usually with an arbitrarymapping of environmental features (such as words in a ver-
bal memory task) to individual vectors. This mapping was used in many memory
models in mathematical psychology (Murdock 2005), and the vector representa-
tion carried over into neural network models of episodic memory (McNaughton
andMorris 1987) that focused on encoding of an array of vectors representing indi-
vidual memories (McNaughton and Morris 1987). These memories were proposed
to undergo orthogonalization (later called pattern separation) in the dentate gyrus
(McNaughton andMorris 1987; Hasselmo andWyble 1997; Treves and Rolls 1994),
and then to be stored in a recurrent auto-associative memory in region CA3 that
could mediate pattern completion (McNaughton and Morris 1987; Hasselmo and
Wyble 1997; Treves and Rolls 1994). Finally, region CA1 would map the stored
patterns back to the input.

One criticism of these early models is their relatively small capacity relative to the
number of neurons, and also the lack of a representational structure to match space
and time in the world. Another concerns the simple nature of the arbitrary vector
representation, which does not reflect any hierarchical representation of informa-
tion, though that could be feasible in vector representations such as those generated
by convolution (Eliasmith et al. 2012; Plate 1995). These models also lack many
of the elements of neural dynamics, such as network and cellular oscillations and
dendritic subthreshold dynamics.

Other neural models of memory focus on the role of neurons with specific func-
tional properties, such as place cells, grid cells, and head direction cells. These
models have addressed the potential functional role of these subtypes in repre-
senting a spatial environment. Models of this type have focused on a number of
functions, including: (1) guidance of behaviour to a specific goal location from a
variety of start locations using place cells (Redish and Touretzky 1998; Burgess
et al. 1997; Arleo et al. 2004), or using grid cells (Erdem et al. 2015; Erdem and
Hasselmo 2014; ErdemandHasselmo 2012; Kubie and Fenton 2012); (2) the encod-
ing and retrieval of previously encoded trajectories in episodic memory (Hasselmo
and Eichenbaum 2005; Hasselmo 2012; Hasselmo 2009); or (3) the transforma-
tion between egocentric and allocentric representations of environmental features



174 Coding of Space and Time for Memory Function

(Byrne et al. 2007; Bicanski and Burgess 2018; Alexander et al. 2023; Sheynikhovich
et al. 2009). Merging these different functions in a single model would be desirable.
Models that contain functional subtypes will automatically resemble those proper-
ties of the biological data, but their function for practical behaviour may be limited.
In particular, many of these models require input that has already been coded in
terms of specific aspects of spatial location or velocity, though a few have been
designed to respond on the basis of direct egocentric sensory input (Sheynikhovich
et al. 2009; Arleo et al. 2004).

The previously mentioned model of episodic memory as a spatiotemporal trajec-
tory (Hasselmo 2012; Hasselmo 2009) effectively encodes and retrieves continuous
trajectories through an environment and associated features of events at different
positions along the trajectory, as summarized in Figure 8.1. During encoding, this
model starts with an initial pattern of grid cell population activity that corresponds
to the spatial phases of grid cells with multiple different spatial scalings (Figure 8.2).
This initial pattern of grid cell activity drives firing of a population of place cells
based on random excitatory connections and selection of sparse place cells with
sparse firing. These place cells can be associated with the an initial egocentric view
of the environment via Hebbian synaptic modification (Figure 8.2), as well as the
current movement direction and running speed of the animal. As the animal con-
tinues to move, the behavioural input drives neurons coding running speed and
movement direction that in turn update a model of grid cells to change their activity
pattern, and this correspondingly drives a different set of place cells that become
associated with the current running speed andmovement direction that links to the
next location code by grid cells (Figure 8.2). During retrieval, an egocentric view-
point can drive the associated place cells that then drive the speed and direction cells
to update the grid cell code in the direction of the trajectory that then updates a new
set of place cells that activate the associated speed and direction cells for the next seg-
ment of the trajectory aswell as associated egocentric viewpoints (Figure 8.2). In this
manner, the model can retrieve extended trajectories from episodic memory (Has-
selmo 2012; Hasselmo 2009). However, this model must be modified to account for
data that are inconsistentwith the fact that thismodel used grid cell input to generate
place cells and also used speed-modulated direction cells that depend onmovement
direction rather than head direction (Hasselmo 2012; Hasselmo 2009). More recent
models have suggested that a similar configuration for retrieving trajectories might
have a high capacity for associative memory function (Sharma et al. 2022).

The models that start with functional cell types such as place cells and grid
cells often do not account for detailed biophysical dynamics of individual neuronal
conductances. More biophysically detailed models simulate the membrane conduc-
tances and single cell membrane potential dynamics of neurons (Traub et al. 2022;
Kelley et al. 2021; Wallenstein and Hasselmo 1997; Traub et al. 1992; Sutton and
Ascoli 2021). However, the computational demands of these biophysical models
make it very difficult to simulate a wide range of functional cell types or to simulate
the guidance of complex behaviours.
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Figure 8.1 Encoding of an episodic memory as a spatiotemporal trajectory in a model
(Hasselmo 2009, 2012). LEFT: A population of individual grid cells on respond based with
different spatial phases and scales. MIDDLE: The grid cell population drives a set of place cells
that are selected for responding a localized spatial area. TOP: The place cells form Hebbian
modifications with neurons coding movement direction and running speed, that are updated
by behavioural input. RIGHT: The place cells are also associated with specific egocentric
viewpoints along the trajectory. Adapted with permission from Hasselmo (2012). LEFT: During
encoding, the grid and place cell code form Hebbian associations with specific egocentric
viewpoints representing events in the episode (different symbol shapes), while the continuous
trajectory is encoded by Hebbian associations of the place code with the speed andmovement
direction at each point. RIGHT: During retrieval the place cells activated by an egocentric input
can drive the associated direction and speed cells that update the grid cell code to drive
retrieval of the trajectory and activation of place cell codes associated with other egocentric
viewpoints of events along the same spatiotemporal trajectory. Adapted with permission from
Hasselmo (2012)

Another approach involves using successor representations of possible future
states for guiding spatial navigation using reinforcement learning (Dayan 1993). In
thesemodels, the place and grid cells arise as amodel of diffusion processes formap-
ping potential future states (Stachenfeld et al. 2017). These successor representations
can be used to more effectively plan new trajectories and are consistent with some
aspects of neural data during spatial behaviour (Momennejad 2020; Brunec and
Momennejad 2022). However, these models do not attempt to include representa-
tions of the cellular physiological properties of neurons.

A different class of models uses large multilayer systems of neuron-like elements
with an implementation of an error-correcting learning rule such backpropaga-
tion of error in deep learning (Banino et al. 2018) or contrastive Hebbian learning
(O’Reilly and Munakata 2000; Naud and Sprekeler 2018). These models have the
advantage of not using an a priori representations of functional cell types, but
instead generating these functional cell types within the model (Banino et al. 2018).
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Figure 8.2 LEFT: During encoding, the grid and place cell code form Hebbian associations with
specific egocentric viewpoints representing events in the episode (different symbol shapes),
while the continuous trajectory is encoded by Hebbian associations of the place code with the
speed andmovement direction at each point. RIGHT: During retrieval the place cells activated
by an egocentric input can drive the associated direction and speed cells that update the grid
cell code to drive retrieval of the trajectory and activation of place cell codes associated with
other egocentric viewpoints of events along the same spatiotemporal trajectory. Adapted with
permission from Hasselmo (2012).

These models also have the advantage of using a more realistic egocentric input
of visual input from the environment, rather than a pre-coded neural representa-
tion. Because these models generate behavioural output that usually exceeds the
capabilities of most hand-wired models, this approach is considered to have great
potential for advancing the understanding of neural representations. However, so
far the internal dynamics of these models have not been easily interpretable to yield
guidance concerning the internal dynamics that allow for the function of the mod-
els. The distributed code is difficult to decipher and does not seem to exhibit features
of symbolic representations such as compositionality and productivity, that would
allow breaking down their functional processes into interpretable rules and ele-
ments (Do and Hasselmo 2021). This uninterpretability also inhibits their mapping
to physiological and anatomical features of real neural circuits.

In summary, the models that best simulate behaviour using error-correcting
learning rules do not provide interpretable internal dynamics, but the models
that directly simulate a range of functional cell types are more limited in their
behavioural function and still do not address the complex dynamics of membrane
potentials and membrane currents, whereas the models containing the biophysical
detail of membrane currents have not been used to guide behaviour or to generate
simulations of most functional cell types.

Need toExploreBroader Variety ofModels

There is a strong need for better models of neural circuits. Given the limited
ability of existing models to demonstrate the computational relevance of many
aspects of biophysical data, one can consider the question of what would a more
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effective model look like? What modifications could result in a revolution in
neural memory models? The dimensions of possible models are actually enormous,
and existing models have only explored a tiny fraction of this space (Hasselmo
et al. 2021). Some ideas are presented here for exploring different areas of model
space.

1. Phase coding. The use of temporal coding by the phase of spiking activity could
provide advances over the dominant use of firing rate as the neuronal code.
Most of the models described above use vectors with a continuous change in
value that represents a continuous change in firing rate. These models do not
directly account for the temporal coding of space and time that appears in
multiple studies as theta phase precession (O’Keefe and Recce 1993; Skaggs
et al. 1996; Hafting et al. 2008; Climer et al. 2013), nor do they account for
the rhythmic coding of running speed (Hinman et al. 2016; Dannenberg et al.
2020). Place cells and grid cells have been modelled with phase coding based
on oscillatory interference (Burgess 2008; O’Keefe and Recce 1993). However,
there are difficulties for the original version of that model. Data suggests the
phase code is not sensitive to disruption of internal theta (Zugaro et al. 2005),
and can flow forward towards future locations (Johnson and Redish 2007; Kay
et al. 2020), suggesting a stronger role in prediction of future trajectory than
in path integration (Lisman and Redish 2009).

2. Dendritic processing. Another underexplored area concerns the dynamics of
dendritic processing, including the potential role of phase shifts within den-
dritic compartments (Vaidya and Johnston 2013; Kelley et al. 2021), which
could bemodulated by synaptic activation ofmetabotropic receptors. Previous
models of dendritic H current have focused on how these currents normalize
timing of synaptic potential peaks (Magee 1999; Vaidya and Johnston 2013),
but these currents could instead play a role in generating heterogeneity of
phase based on interaction with other phase shifting inputs and matching to
other dendritic inputs (Alexander et al. 2023). For example, one set of phase
shifts could represent the relation between two featureswithin an object (angle
and distance) and an external phase shift could represent current object angle
and current viewing angle. Differential inputs to dendritic segments has been
utilized in models of phase precession (Magee 2001; Chance 2012).

3. Dendritic coding of transformations. Dendritic processing via phase shifts
could allow transformations to be coded at a single neuron level rather than a
network level. Many models of coordinate transformations use gain modula-
tion (Bicanski and Burgess 2018), in which different populations of neurons
code different transformations and a gating input (such as head direction)
modulates the selection of different populations, requiring large numbers
of neurons. In contrast, coding of transformations by individual neurons
could allow coding of a broader range of transformations, and more flexi-
ble modulation of individual neuron transformations (Alexander et al. 2023).
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The matching of phase codes for external egocentric input with phase codes
for stored egocentric memories could allow grid cell responses based on the
allocentric affine transformation (translation and rotation) between view-
points (Alexander et al. 2023). The dynamics for phase shifting providing
dendritic transformations could be stored with membrane current changes
induced during plateau potentials (Grienberger et al. 2017; Bittner et al. 2017;
Bittner et al. 2015).

4. Transmission ofmemory representations. Another appealing feature would be
to have memory representations that can be easily transmitted between neu-
rons, so that instead of requiring a long-term synaptic modification they could
instead be rapidly transmitted. One possible way of doing this would be to have
neural phase codes that can be transmitted between different neurons to acti-
vate cellular mechanisms that regulate phase within individual neurons. For
example, neural activity could phosphorylate the H current or potassium cur-
rents in such amanner to change their time constant (Chen et al. 2001). TheH
current has been shown to shift the frequency and the phase of neural activ-
ity in dendrites (Vaidya and Johnston 2013; Kelley et al. 2021). Changes in
these currents could underlie alterations in neuronal responses such as those
contributing to place cell firing (Bittner et al. 2015).

5. Analogy with computer animation. Beyond the details of cellular representa-
tions, there could be more focus on the nature of neural representations for
flexibly representing all elements of an existing world. There could be inspira-
tion from the framework used in computer animation. For example, the use of
matrix implementations of two dimensional bezier surfaces (Sederberg 2012)
or non-uniform rational beta-splines (NURBS) (Liu andWang 2002) could be
inspiration for how neurons generate the elements of an allocentric scene and
the projection transformation into an egocentric view.

Words versus Equations: VerbalHypotheses Versus
ComputationalModels

This chapter has focused on a review of neural data and computational models.
However, inspired by the interaction of neuroscientists and philosophers at the
meeting in Tucson that prompted this edited volume, this section will venture out
of the neuroscience expertise to discuss verbal hypotheses versus computational
models.

The conference in Tucson was titled Time, Space and Memory, similar to ele-
ments of many other conferences and the title of this chapter. However, one could
argue that neuroscience must eventually outgrow verbal terms such as memory and
associated terms such as episodic memory, semantic memory, and working mem-
ory, and to develop more sophisticated representations for words such as space and
time.
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Science is ultimately a quest to create new symbolic languages of description that
transcend prior verbal descriptions. Mature scientific fields such as Physics have a
mathematical language of theories that transcend verbal descriptions. Words can be
used to communicate and teach about physical theories, but they are not an essen-
tial component of the theory itself. The accepted scientific theories are consistent
regardless of the inexact words or even variations in mathematical notation being
used to describe it. Multiple theories ranging from Newtonian mechanics to the
Schröodinger equations for atomic structures can be described entirely in equations
that accurately guide experimental test. In most cases, the attempt to describe these
theories in words alone usually introduces inaccuracies or misunderstandings. Sim-
ilarly, the structure of molecules ranging from simple compounds to functional
proteins to the genetic code in DNA can be described with a sequence of letters that
need nowords fromnatural language. The sequence and quantitative characteristics
of each the sequence of amino acids in a protein and their structure and interaction
with other proteins or small molecules can be functionally modelled, again without
words.

At this point, systems neuroscience and psychology are still too immature as fields
to havemany accepted theories that transcendwords. Theories at the single cell level
can do this, using the mathematical framework of Rall and others to describe the
membrane potential interactions across the structure of dendrites and axons, and
using the Hodgkin-Huxley framework to describe the dynamics of voltage-sensitive
and calcium-sensitive channels. Cellular neurophysiology is a mature science with
theories that transcend words. However, systems neuroscience and behavioural
neuroscience still suffer from the promiscuity of words to havemultiple overlapping
or nonoverlapping meanings.

Because of the immature nature of mathematical theory in systems neuro-
science, words are necessary to describe experimental results for which there is
not yet a quantitative theoretical framework. But sometimes scientific questions
become overshadowed by disagreements over definitions of terms. As an alternative
framework for an as yet unstructured field, the names of researchers can provide
another type of symbolic representation for forming an interlocking web of col-
laborations and dates that give some structure to the broad mass of neuroscience
data.

In the history of science, many domains of inquiry were initially domains
of natural philosophy. Then, as empirical scientific inquiry grew more sophisti-
cated within individual fields, the empirical components of individual fields of
inquiry sequentially separated from philosophy and became independent disci-
plines. In some cases, the split seems to occur when the empirical data from
experiments and the scientific theories about this data took a form that was
independent from the verbal description of questions in the field. The philo-
sophical questions remain in many areas of science, but the empirical theo-
ries in physics, chemistry and molecular biology have moved beyond verbal
descriptions.
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ReplacingWords

How do we replace words in systems neuroscience? Based on examples from other
fields such as physics, astronomy, chemistry, and engineering, the answer is to
developmathematical theories and notations that quantitatively account for the full
range of data being addressed. What we currently inaccurately call episodic mem-
ory and semanticmemory andworkingmemory could eventually be addressedwith
a broad continuum model with multiple time scales and spatial scales that cannot
be differentiated into these primitive terms. Or conversely, a theoretical framework
might allow quantization of the dynamics of neural substrates that results in pre-
cise mathematical definitions of a specific number of memory elements that have
no clear relationship to our current primitive terms. Terms like episodic, semantic,
and working memory could be like the terms of air, water, fire, and earth used in
early science, and could be replaced by an orderly periodic table of neural mem-
ory dynamical elements that predicts and guides quantitative research on memory
(Hasselmo et al. 2021).

How do we define the structure of knowledge addressed in neuroscience? Neu-
roscience will benefit from a systematic theoretical structure that accurately bridges
from the behavioural to the systems to the cellular and molecular levels (Leven-
stein et al. 2023). Unfortunately, this is a daunting task as the scope of neuroscience
is not just the empirical data, but also the scope of knowledge represented in the
human brain. These internal representations include everything that we can under-
stand about the universe. In the simplest terms, the field addresses how the nervous
system guides behaviour. We can focus on the central role of the nervous sys-
tem, so we have a physically defined substrate. On the behavioural side, we could
focus like a behaviourist on only the physical manifestations of behaviour—our
movements in the world. However, this immediately expands into a description
of everything, because we can utter words and write mathematical equations that
attempt to describe our understanding of everything in the known universe. Thus
the domain of neuroscience is ultimately the neural substrates for our human
understanding of everything in the universe. In order to model how the nervous
system guides behaviour, we need to model how the nervous system represents
everything an individual can know about the universe, including an internal rep-
resentation of the conscious self as a discrete entity interacting with the external
world and planning future behaviour based on past memories (Hasselmo 2010).
Ultimately, a model of memory function in cortical neural circuits must provide a
framework for understanding how neurons can encode a memory representation of
everything that a human can think about and remember, including the spatiotem-
poral trajectory of episodic memories. This is clearly a challenge, but an exciting
challenge.
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9
SimulationismandMemoryTraces
Felipe De Brigard

Introduction

I started graduate school almost twenty years ago, as a student in both philosophy as
well as psychology and neuroscience. As a result, I was exposed to two very different
views on the nature of memory. On the one hand, there was the philosopher’s view,
according to which the primary function of memory is to reproduce a past event or
experience. Such reproduction—this view holds—is underwritten by the preserva-
tion of the encoded content in a memory trace, which is later retrieved in the act of
remembering.Moreover,memory is thought to be essentially distinct from imagina-
tion, not only because remembering, unlike imagining, requires a causal connection
to the remembered event, but also because the verb ‘remembering’ is thought to be
factive. That is, for one to truthfully express the proposition ‘S remembers that p’,
then it must be the case that p obtained. One cannot remember what didn’t hap-
pen; at best, one can imagine it. Sure, one may experience from time to time mental
contents that do not correspond to actual events in one’s past, or that perhaps dis-
tort them a bit, but such cases of false and distorted memories are, according to the
philosopher’s view, instances in which memory malfunctions (Kurtzman 1983).

On the other hand, there was the psychologist’s view of memory. According to
this view, memory isn’t reproductive but reconstructive. Memories are encoded,
not as individual events, but as instances of larger knowledge structures one has
acquired through life (Bartlett 1932). As such, every act of encoding is embedded
within an act of retrieval of related information that interprets and transforms the
experienced content. There is also loss of information; because perception is fast
and often incomplete, and because attention is limited and filtering, not everything
we experience is encoded. And, of course, there is forgetting. Memory traces, if they
exist at all, likely don’t preserve all of the encoded content but, at best, an incom-
plete shadow of a past experience. Remembering is thus a reconstructive process in
which past experiences are put back together by the joint operation of an incomplete
memory trace and an active imagination that helps to fill the gaps at retrieval. It is
because of this essential interaction between memory and imagination that false
and distorted memories occasionally occur, although they do not reflect a failure
in the system, but rather a natural by-product of the reconstructive operations of
our mnemonic processes. ‘Remembering’, thus, need not be factive, for it is natural
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to remember events that did not happen or that, when brought to mind, differ in
subtle ways from how they actually occurred.

This tension between the preservationist view of the philosopher and the recon-
structivist view of the psychologist is reflected today in two of the leading theories in
the philosophy of memory: causalism and simulationism. The views are thought to
be diametrically opposed and, as it happens in philosophy, practitioners tend to take
sides. I did, too, about a decade ago (De Brigard 2014b). Yet, time has passed, argu-
ments and counterarguments have been published, and new—and old—empirical
findings have surfaced. It behooves us then to actwisely and to proportion our beliefs
to the available evidence (Hume 1748/1977). And I think the evidence suggests that
simulationism, in its original formulation, is wrong, and that it needs to be reformu-
lated. Moreover, contra the original formulation of simulationism, I think we need
to appeal to memory traces to explain remembering. The good news, though, is that
reformulating simulationism will allow us to see the dichotomy between causalism
and simulationism as a false one, opening thus the door for a reconciliation. To that
end, I will start, in section 2, with a brief recount of both the motivations for, and
standard formulations of, both causalism and simulationism. Next, in section 3, I
will argue that two assumptions of the simulationist view are likely false and, thus,
that the theory needs to be updated. Finally, in section 4, I show how this updated
version of simulationism can help to dispel the false dichotomy between causalism
and simulationism.

CausalismandSimulationism

Although the idea that memories are causally linked to the past events they are
about can be traced as far back as Aristotle (De Brigard 2023), causalism in its
contemporary form is typically associated to the celebrated paper ‘Remembering’
by Martin and Deutscher (1966). I like to think of the original motivation behind
causalism as threefold. First, there was a patent dissatisfaction with classical repre-
sentationalist views of memory, as they tended to advocate for internal or subjective
criteria to distinguish memories from imaginations. Both rationalist and empiri-
cist philosophers held that memories were preserved ideas of past perceptions or
experiences, and that they could be distinguished from imaginations thanks to
some internal or subjective criterion, such as vivacity, familiarity, coherence with
other beliefs, or even apperceptions (De Brigard 2019). Such ‘memory markers’,
unfortunately, are problematic, as it was easy to come up with counterexamples
showing that neither of them constitutes necessary nor sufficient conditions for a
present mental representation to count as a memory, as opposed to a perception
or an imagination. A second motivation stem from an increasing dissatisfaction
with direct realism, the view according to which remembering involved no inter-
mediate representations, but rather a particular kind of direct acquaintance with
the remembered past event. Alas, the mysterious nature of this direct acquaintance
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relation with the past was metaphysically suspicious, and by the mid-twentieth cen-
tury direct realism was all but discredited (Furlong 1948). Finally, there was also
discontent with the behaviourist alternative which, driven by Wittgenstein’s criti-
cisms against the use of mental representation to explain psychological phenomena,
inspiredMalcolm to reject the claim that a proper account of remembering required
talk of memory traces or any causal connection with the remembered event at all
(Malcolm 1963).

However, as Martin and Deutscher (1966) neatly show, the need for a causal con-
nection to the remembered event becomes indispensable when we try to distinguish
cases of actual remembering from cases of apparent imagining, apparent remember-
ing, and relearning (Robins 2016; Michaelian and Robins 2018). Cases of apparent
imagining involve individuals that bring to mind a mental content they think they
are conjuring up anew, but turn out to be recollections of past events whose acqui-
sition they had forgotten about. Cases of apparent remembering involve individuals
entertaining mental contents they take to be recollections but in fact correspond
to no past experiences at all. And, finally, cases of relearning involve individuals
that have encoded particular contents, then forget about them, and then relearn
them from a different source or via some deviant causal chain. Thus, to avoid these
kinds of cases, and secure the need for a causal condition, Martin and Deutscher
(1966) offered a causal view of remembering, according to which an individual, S,
remembers a past event, e, if and only if:

1) S now, at retrieval, represents e [Current representation]
2) S represented e at the time of encoding [Past representation], and
3) There is an appropriate causal connection between the content represented at

encoding and the content represented at retrieval [Appropriate causation]

The qualifier ‘appropriate’ here is critical for the view, as it allows it to rule out cases
of remembering that occur due to deviant causal chains or serendipitous relearning.
Moreover, the appropriateness of the causal connection is in turn safeguarded by the
existence of a stored memory trace, representing the content formed at encoding,
and recovered, unchanged, at retrieval. Note that although there are some variations
among causalists—some, for instance allow certain differences between the encoded
and retrieved event (Bernecker 2009)—all of them accept the necessity of the causal
connection between the experienced and the remembered event.

However, in the past decade, the necessity of an appropriate causal connection
between the experienced and the remembered event has been questioned by sim-
ulationism, a view motivated by two lines of empirical evidence. First, there is an
overwhelming amount of evidence showing that remembering is often inaccurate,
distorted and false. Likelymanymemories we take to be true, andwith whichwe live
our lives seamlessly, are imprecise or wrong. Yet, the evidence also shows that false
and distorted memories aren’t haphazard, but rather plausible and consistent with
a person’s acquired experience and the conditions of recall. To illustrate, consider
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a classic study by Brewer and Treyens (1981) in which participants were asked to
wait in a regular academic office while the researchers worked on setting up the
experiment. Unbeknownst to the participants, though, the waiting office itself was
the experimental setting. Every object in the office was carefully placed, with some
being consistent with the ‘schema’ of an office (e.g., telephone), and others inconsis-
tent (e.g., cowboy hat). Participants were asked to wait in the office for a little while,
and then were taken to a different room for a surprise memory test. In it, partici-
pants were given a list of objects, and they were asked to remember which of them
were in the office they were just at. The list included both office consistent and office
inconsistent ‘old’ objects—i.e., objects effectively present in the office—as well as
‘new’ ones, some consistent and some inconsistent with what one would normally
find in an academic office. Revealingly, the results showed that participants were
more likely to endorse as old (i.e., ‘false alarm’) new items that were consistent with
the schema (i.e., ‘lures’) relative to inconsistent ones.

Many other influential studies, including well-known manipulations such as the
DRMparadigm (Roediger andMcDermott 1995)—which produces high false alarm
rates to semantically associated word-lures in a study list—as well as the many
variations of the ‘lost in a shopping mall’ study (Loftus and Pickrell 1995)—in
which experimenters manage to generate memory experiences of entirely fabri-
cated events that nonetheless are plausible and consistent with the participant’s
background knowledge and history (Garry et al. 1996)—convincingly demonstrate
that false and distorted memories are common and have an air of plausibility or
schema-consistency to them.

How can we then square a view of memory as reproductive and of remembering
as necessarily linking the encoded content with the retrieved one, with the empiri-
cal fact that people often have recollective experiences of items or events they never
experienced? Does this mean that our memory system is constantly malfunction-
ing? Or does it mean that true and falsememories are produced by two independent
processes? But, if so, why would these two processes be entirely opaque to the sub-
ject’s awareness? Many researchers argue that the evidence from studies on false
and distorted memories speaks against the view that memory is merely reproduc-
tive, and suggest instead a view according to which memory should be thought of
as reconstructive (Schacter et al. 2000, De Brigard 2014b). According to this view,
remembering is not the retrieval of a memory trace where the exact same con-
tent stored during encoding is brought back to mind but, instead, it involves the
reconstruction of a mental representation aimed at depicting a past event, in a
process that may or may not employ stored information acquired in a single past
experience.

Now the question is: why would memory be reconstructive? The answer to this
question comes, in fact, from the second line of research that has inspired simula-
tionism: the discovery that the neural mechanisms required for episodic memory
are also necessary for engaging in certain kinds of imaginations or mental sim-
ulations. This line of research dates as far back as 1965, when a classic study on
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amnesia by Talland (1965) documented that patients with Korsakoff ’s amnesia were
unable to think about their future. Twenty years later, Tulving (1985) described
parallel difficulties in K.C., a famous amnesic case. This observation inspired Tulv-
ing to think of episodic memory as a capacity within a larger cognitive system for
‘mental time travel’, thanks to which we are also able to engage in both episodic
past and future thought. Indeed, in the last twenty-five years, the view that our
capacity to episodically remember our past and imagine our future are profoundly
connected has received substantial support from many scientific fields, including
neuropsychology, cognitive neuroscience, and developmental and comparative psy-
chology (Schacter et al. 2015). In particular, it has been consistently shown that
mental time travel engages the brain’s default mode network (DMN), a set of func-
tionally connected brain regions involving the medial and dorsolateral prefrontal
cortices, the posterior cingulate cortex, precuneus and inferior parietal lobule, and
the lateral and medial temporal lobes, including the hippocampus (Bucker et al.
2008). More recently, it has also been shown that the DMN is engaged in other
kinds of episodic simulations, such as perspective taking (Spreng and Andrews-
Hanna 2015) and episodic counterfactual thinking (i.e., our capacity to imagine
alternative ways past events could have occurred but did not; De Brigard et al.
2013; De Brigard and Parikh 2019). As a result, some philosophers (De Brigard
2014b; Michaelian 2016) and some neuroscientists (Addis 2020) have argued that
the ‘DMN is the brain’s event simulator’ (Addis 2018), and that remembering
should be seen simply as a particular operation of this larger episodic simulation
system.

Together, these two lines of evidence—one on false and distorted memories and
one on the commonmechanisms underlying several forms of episodic simulation—
motivated some philosophers to reject causalism in favour of a constructivist
account in which remembering is a particular instance of a more general capac-
ity to mentally simulate hypothetical personal episodes. Perhaps the most precise
articulation of simulationism comes from Michaelian (2024), according to which
an individual, S, remembers a past event, e, if and only if:

1) S now represents e [Current representation] and
2) S’s current representation of e is produced by a properly functioning andhence

reliable episodic construction system that aims to produce a representation of
an event belonging to S’s personal past [Proper function].

Unlike causalism, then, simulationism rejects the need for a past representation
condition and for an appropriate causation condition, suggesting instead that all
we need is a properly functioning simulation system that can produce reliable
representations of past personal events.

Thus characterized, simulationism owes us an explanation as to how exactly
should we interpret the proper function condition. As I understand it, Michaelian’s
interpretation is along the lines of reliabilism in epistemology, so that the episodic
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construction system is reliable if and only if it consistently produces true mem-
ories (Michaelian 2016). I find this response somewhat unsatisfactory, not only
because it makes it a brute fact of the system that it is reliable without explaining
how or why, but also because it renders the proper function condition a target of
well-known arguments against reliabilism in epistemology (Goldman and Beddor
2021). One such challenge is known as the ‘generality problem’ (Feldman 1985),
and the shape it adopts for the context of memory is that of determining, for any
given instance of remembering, whichmemory forming cognitive process is respon-
sible for its being true. More precisely, the worry is that there is no principled
way of individuating the cognitive process of type-remembering such that it could
tell us, for a particular token-remembering, whether or not it has been reliably
produced.

Lyons (2019) offered a solution to the generality problem in epistemology that
is consistent with my own take on the proper function condition for remember-
ing. Essentially, his suggestion is that we can go from type-general to token-specific
process if we think of each belief—or, in our case, each memory—as produced by
a computational algorithm that is constrained by different parameters. If a partic-
ular instance of remembering is generated by a process whereby the values taken
up by each variable are within the range of the relevant computational parameters,
then that memory has been reliably produced. In other words, the solution for the
generality problem is to understand the relevant cognitive process in computational
terms. Likewise, in 2014, my own take of the proper function condition in simula-
tionism was to think of the process of memory reconstruction as carried out by a
series of computational processes aimed at outputting the optimal solution given
their current input.

The devil is in the details, of course, and back then I only glossed over the com-
putational architecture of the reconstructive processes carried by the simulation
system (De Brigard 2012, 2014). At that point, the view I endorsed was inspired
by the so-called ‘rational analysis’ of memory (Anderson 1990; for a recent review,
see Gershman 2024). According to this approach, cognitive processes can only be
understood when considered as adaptations to their environments. In the case of
memory, we know for instance that our environment is relentlessly bombarding us
with more information than we can perceive, that a lot of the information we man-
age to perceive won’t get stored, and that a lot of the information that gets stored will
decay and be forgotten overtime. The data from which we have to reconstruct our
memories is thus noisy and incomplete.We also know, though, that there are all sorts
of statistical dependencies in our environments: some events are followed by others
with high frequency, while others are rather rare or their occurrence is stochastic.
The task, then, is to understand how such a computationally limited cognitive sys-
tem can exploit those statistical dependencies to solve an informational retrieval
problem in a way that is adaptive for organisms like us. Moreover, according to the
rational analysis, the adaptive purpose ofmemory is future-oriented, that is, we need
to retrieve accurate information about the past for future purposes. Unfortunately,
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the process of retrieval is costly. As such, the optimal computational strategy is going
to be one that maximizes the odds of a gain (i.e., a successful retrieval of an accurate
memory) while minimizing the costs (i.e., failing to retrieve an accurate memory or
retrieving an inaccurate one).

This computational framework has the advantage of seeing remembering as a
computational process whose purpose is not to faithfully preserve and/or reproduce
a past content, but to optimally infer from an effect (i.e., the current representation)
its most likely cause (i.e., the past representation). In other words, the computa-
tional problem our memory system is trying to solve is a variant of what is known
as ‘an inverse causal problem’: the challenge of determining, given a particular effect,
what its cause must have been. Given the noisy and incomplete nature of the infor-
mation the reconstructive process starts offwith, the result is going to heavily rely on
completions that are highly probabilistic and dependent on background experience
and conditions of recall. And nowwe see how a simulationist account of remember-
ing, wherebymemory retrieval is thought as an optimal probabilistic reconstruction
of a past experience given both a current noisy content and prior constrains, can
accommodate both aforementioned lines of evidence. First the engagement of com-
mon neural structures during episodic past, future, and other episodic simulations
occurs because they all recruit the same computational constructive processes. Sec-
ond, the prevalence of schema-consistent false and distorted memories in everyday
life is explained by the fact that these very schematic constraints are responsible
for the accurate reconstruction of a past experience. Most of the time the mental
simulation constructed at retrieval is such that it accurately represents the targeted
past event, but sometimes it does not. Nevertheless, in both cases the computational
operations underlying the constructive process are identical, and in both cases the
system is doing what it is supposed to do.

AChangeofHeart

Simulationism can then do away with any need to include a causal claim in their
account of remembering, as it does not make it necessary for an accurate memory
to include as its content the very same information that the subject experienced
in the past and is now remembering. A genuine memory could just as well be pro-
duced by the same computational processeswithout the need to include information
directly caused by the original event. Moreover, simulationism can also remove
the need to postulate memory traces, understood as preserved stand-ins for the
encoded content, poised to be recovered at the time of retrieval. If an accurate
memory is fully reconstructed at retrieval, talk about memory traces may become
unnecessary.

However, in the decade since I published my own version of simulationism
(De Brigard 2014b), it has become evident that there are a number of empirical
and conceptual issues that put pressure against some core claims I defended back
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then—although it is likely that these criticisms affect other versions of simulation-
ism as well, such as Michaelian’s (2016). What I seek to do in this section is to offer
both empirical and conceptual reasons against two such core claims, namely that
the brain’s DMN is an episodic construction system (it isn’t), and that we don’t need
memory traces to explain remembering (we do).

Simulationism 2.0

According to simulationism, remembering is produced by a single cognitive sys-
tem whose function is to generate episodic simulations, with memories being but
a subset of them. Such an episodic construction system, the view goes, corre-
sponds to the brain’s DMN. After all, thinking of the DMN as the neural struc-
ture subserving episodic simulation helps to explain the commonalities between
episodic recollection and other kinds of episodic simulations that emerge in
parallel during development and are equally affected in individuals with brain
damage. For instance, individuals with hippocampal damage have difficulty gen-
erating episodic memories and also episodic future and counterfactual thoughts
(Schacter et al. 2015). Likewise, individuals with damage in the medial prefrontal
cortex have difficulty spontaneously retrieving episodic autobiographical memories
(Belfi et al. 2018) as well as generating episodic hypothetical thoughts (Beldarrain
et al. 2005). Indeed, the idea that self-projection or self-simulation constituted a
unified psychological kind, became an attractive theory to explain the function of
the DMN when it was initially functionally characterized (Carroll and Buckner
2007).

Unfortunately, there is quite a bit of counterevidence that is hard to accommo-
date within this view. First of all, there are now many experimental results showing
that activity in the DMN is associated with all sorts of cognitive functions that are
hard to fit under the umbrella of ‘episodic simulation’, including semantic process-
ing (Lanzoni et al. 2020), allostasis and interception (Kleckner et al. 2017), addiction
(Zhang and Volkow 2019), and aesthetic appeal (Belfi et al. 2019), among others. It
would be a stretch, I think, to try to group all of these cognitive functions under the
same general category of ‘episodic simulation’. Alternatively, if everything counts as
‘episodic simulation’, then the explanatory advantage of the construction system in
explaining remembering would be severely diminished.

A second concern is that many non-human animals have a DMN, yet it is very
questionable whether they can engage in complex episodic simulation. Neural evi-
dence has revealed the presence ofDMN in the brain ofmice (Sforazzini et al. 2014),
rats (Lu et al. 2012), rabbits (Schroeder et al. 2016), marmosets (Liu et al. 2019),
and monkeys (Vincent et al. 2007). The presence of this brain network across such
vastly different mammalian species suggests that it may not have evolved for com-
plex cognitive functions such as the generation of episodic counterfactual thoughts
or autobiographical recollections. A more parsimonious explanation is perhaps
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that the DMN reflects more basic metabolic and homeostatic processes, as initially
hypothesized by Raichle and colleagues (2001), rather than constituting a unified
cognitive system whose function is best characterized in psychological terms.

A third issue with the claim that the DMN is the simulation system of the brain is
the fact that not all episodic constructive processes depend to the same extent of core
regions of the DMN—especially the hippocampus. As it turns out, the engagement
of the DMN in the construction of episodic simulations is highly dependent on the
particular contents that are simulated. Research on episodic counterfactual thinking,
for instance, has shown that thinking about alternative ways in which events could
have unfolded in one’s past recruits the DMN, but not so when it comes to thinking
about what an unfamiliar person in an unfamiliar situation would have done (De
Brigard et al. 2015). Likewise, theDMN is not preferentially recruitedwhen it comes
to thinking about episodic counterfactual situations that involve objects, as opposed
to people (Parikh et al. 2018). Similar considerations apply to episodic simulations
involving theory of mind, as patients with hippocampal damage can engage in such
simulations as long as they do not demand retrieving information from episodic
memory (Rosenbaum et al. 2007).

A fourth issue concerns navigation. A critical function of the DMN and, in par-
ticular, the hippocampus, is the capacity to mentally generate spatial simulations
(Spreng et al. 2009). But even this association, I surmise, is questionable. For years,
it’s been thought that medial temporal lobe structures—mainly the hippocampus
and entorhinal cortex—are both necessary and sufficient for navigation. However,
in a recent study, Long and Zhang (2021) demonstrated spatial mappings in the
somatosensory cortex of foraging rats, and shortly afterWikenheiser and colleagues
(2021) found spatially localized firing in neurons in the rat’s orbitofrontal cortex that
mimic those found in the hippocampus—the only difference being that they were
less temporally precise. Critically, both the somatosensory and the orbitofrontal cor-
tices are not part of the canonical DMN. Moreover, evidence from individuals with
developmental as well as adult-onset amnesia reveals several preserved spatial nav-
igation abilities despite their episodic memories being impaired (Rosenbaum et al.
2000; Rosenbaum et al. 2015). In fact, a very recent study of a patient with severe
bilateral medial temporal lobe damage shows comparable performance on spatial
navigation and spatial memory tasks despite abysmal results in autobiographical
and episodic memory tests (McAvan et al. 2022).

Fifth, and perhaps more relevant for our current purposes, is the fact that indi-
viduals with hippocampal damage can still generate spatial simulations. One of the
leading theories seeking to explain the common engagement of the hippocampus
during episodic past, future, and other hypothetical simulations, has been defended
byMaguire and colleagues (e.g., Maguire andMullaly 2013). According to this view,
the hippocampus is required for us to be able to engage in the mental simulation of
scenes in space. The problem is that even their own data suggests that patients with
hippocampal damage can still think in and about space. In their landmark paper,
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Hassabis et al. (2007) showed that patients with hippocampal damage had difficulty
thinking about new experiences, and they interpret such deficits as reflecting their
incapacity to mentally simulate spatial scenes. But take a look at the transcript of
one of the (available) narratives from one of the patients, who is asked to imagine
standing in the main hall of a museum:

Interviewer: So, what does it look like in your imagined scene?
Patient P05: Well, there is big doors. The openings would be high, so the doors would be
very big with brass handles, the ceiling would be made of glass, so thereʼs plenty of light
coming through. Huge room, exit on either side of the room, there is a pathway and map
through the centre, and on either side thereʼd be the exhibits.

How can one read this transcription and not think that this patient is mentally sim-
ulating a scene that occurs in space? How can one imagine that some things are
on one side of a room, or that light comes through the ceiling, or that there is a
map in the centre of the room, if one can’t envision spatial scenes? It is certainly
the case that, when compared with controls, these mental simulations are less rich
and detailed—a point I’ll discuss below—but it would be false to say that they aren’t
reflecting an imagined spatial scene. Moreover, there is evidence that even H.M.
was able to not only remember spaces from his old house, but he was also capable
of mentally navigating through such spaces (Corkin 2013).

And finally, contrary to some interpretations of the mental time travel system,
it turns out there is also evidence to the effect that the hippocampus may not be
required for thinking about time. Recent studies onK.C., the famous amnesic patient
thatmotivated Tulving to talk aboutmental time travel in the first place, have shown
that he has no problem talking about temporal concepts such as time travel, why
events that happened in the past can’t be modified in the present, why the future
does not affect the past, or why people wouldn’t do things now because they may
regret them in the future (Craver et al. 2014a). K.C. is also subject to decision-
making biases that allegedly require the capacity to anticipate the future, such as
the Allais paradox (Craver et al. 2014b)—the tendency to give inconsistent answers
in violation of expected utility theory when forced to choose between two gambits—
and delayed discounting in intertemporal choice (Kwan et al. 2015). Neuroimaging
evidence supports these findings, showing neural differences in brain activity asso-
ciatedwith episodic future thinking versus delayed discounting in economic choices
(Benoit et al. 2011).

Taken together, these various findings strongly suggest that the DMN is not a dis-
tinct cognitive system for the mental construction of episodic simulations. On the
contrary, the evidence indicates that it is neither necessary—for it is possible to
generate the kinds of contents such a system is supposed to produce without the
engagement of core regions of the DMN—nor sufficient for episodic simulation, as
some kinds of mental constructions of imaginative scenes recruit regions outside
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of the DMN.¹ In my view, what the available evidence supports is a much nar-
rower claim: namely, than a healthy hippocampus—and hippocampal path (e.g.,
Ayala et al. 2022)—is needed to successfully engage in episodic recollection and
certain kinds of episodic simulations. The question now is: what do these episodic
simulations have in common?

A possible answer comes from thinking about the common engagement of the
hippocampus during these kinds of episodic simulations as having less to do with
what they represent—i.e., what their contents are about—and more with how they
represent it, i.e., the representational format or structure. The suggestion I put forth
(andwhich Imore fully articulated inDe Brigard andGessell 2016), is that the kinds
of episodic simulations relevant for understanding the neural substrates of mental
time travel can vary along two dimensions: content and structure. Now, contents can
be more or less about time; some of our thoughts are clearly about past or future
events, some are clearly not, and some are in between. Call this dimension tense.
But the structure of our thoughts can also vary along a temporal dimension: some
thoughts take little time to be entertained and they don’t seem to require much of
a temporal structure to unfold; others, by contrast, need more time as their con-
tents involve structures that need time to unravel. Call this dimension dynamicity.
Remembering that Caracas is the capital of Venezuela, or what an apple looks like,
are relatively static in that they don’t require much time unfolding in working mem-
ory to be entertained, whereas remembering one’s first kiss, imagining how things
may have unfolded had one not missed a particular elevator ride, or thinking about
fixing the dishwasher in the weekend, presumably require more. Themore dynamic
the structure of the mental simulation, I surmise, the more the hippocampus is
needed.

As reviewed above, there is evidence suggesting that core regions of the DMN—
and, in particular, the hippocampus—are neither necessary nor sufficient to engage
in thoughts about space or time. But if we think of the hippocampus—at least in
the human case—as required for episodic simulations that unfold over time, then
the counterevidence is no longer threatening. Most of the tensed thoughts K.C. is
capable of tend to be short and somewhat telegraphic, not unlike the reports from
the amnesic patients in the Hassabis et al. (2007) study. For instance, patient P03,
when asked to imagine ‘lying on a white sandy beach in a beautiful tropical bay’,
simply responds ‘all I can see is the colour of the blue sky and thewhite sand’. Further
probing elicits no more than that ‘like I’m kind of floating’. Similar to the transcript
of patient P05 above, what these two narratives seem to have in common is that
they lack dynamicity; it is as if they were describing a static picture in space, rather
than immersing themselves in an episodic simulation that’s unfolding over time in

¹ A reviewer suggested that there is evidence to the effect that the DMN actually consists of at least three sub-
networks (Andrews-Hanna et al. 2010), and that it may be possible that while the DMN as a whole isn’t necessary
or sufficient for episodic simulation, perhaps one such sub-region may be. While it may be possible that some
parcellation of the DMN has a better chance at being identified as ‘the simulation system of the brain’ (although
I am very sceptical), my target here is the original formulation of simulationism, which was not confined to a
sub-network of the DMN.
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their minds. Indeed, additional evidence shows that individuals with hippocampal
damage can describe spatial scenes, as long as they are static (Gaesser et al. 2011;
Race et al. 2011; Race et al. 2013), as well as non-tensed fictional events that do
not require much dynamicity or elaboration (Rosenbaum et al. 2009; Romero and
Moscovitch 2012).

This dynamic interpretation of the role of the hippocampus in episodic simulation
also helps to account for some classic neuroimaging results in themental time travel
literature. For instance, in their landmark paper, Szpunar et al. (2007) found no dif-
ference in hippocampal engagement between their experimental conditions (i.e.,
episodic past and future thinking) and their control condition, whereas Addis et al.
(2007) did. The reason, I surmise, is because in the former, the control condition
was an episodic simulation involving a familiar other (i.e., Bill Clinton), whereas in
the latter, the control condition was a sentence construction task, which does not
require the dynamic deployment of a complex mental simulation. The recruitment
of the hippocampus during non-mental time travel tasks, such as imagining ficti-
tious (Hassabis et al. 2007) and non-temporal events (D’Argembeau et al. 2008), as
well as possible personal past (Addis et al. 2009) and counterfactual episodes (De
Brigard et al. 2013; vanHoeck et al. 2013), can also be explained by the fact that such
simulations involve the generation of complex dynamic representations. And, inci-
dentally, thinking about the role of the hippocampus in the generation of dynamic,
as opposed to static, simulations,may help to resolve the theoretical conflict between
the scene construction (Hassabis and McGuire 2007) and the constructive episodic
simulation (Schacter and Addis 2007) hypotheses. Scene construction is defined as
‘the process of mentally generating and maintaining a complex and coherent scene
or event’ (Hassabis and McGuire 2007: 299). The view of the hippocampal role in
episodic simulation I advocate for here is entirely compatible with the scene con-
struction perspective insofar as the scene that is mentally generated andmaintained
is dynamic, structured and unfolds over time. This makes the scene construction
view a hypothesis about the structure or the format of the mental simulation. By
contrast, the episodic simulation hypothesis speaks to the etiology of the contents
of our episodic simulation—whether they are drawn from episodic memories, or
semantic and conceptual knowledge—not about their format. Both views are, then,
compatible.

Finally, it is worth noting that although the hippocampus is traditionally associ-
ated with spatial representations, thanks to the discovery of place and grid cells,
there is also quite a bit of evidence showing that these cells are also sensitive to
sequential information about spatial navigation. Landmark studies by O’Keefe and
Recce (1993) and Skaggs and colleagues (1996) showed that the moment of the fir-
ing of a place cell within a navigational sequence has a precise timing relation with
oscillations in the theta band. Likewise, Foster andWilson (2007) demonstrated that
place cells in CA1 are ‘timed-locked’ to theta oscillations, suggesting that, prior to
performing a learned sequence, place cells can ‘pre-play’ the upcoming action by
firing in succession. These results suggest that the hippocampus, and the entorhinal
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cortex as well, are not only encoding the spatial but also the temporal relations
among the components of a scene. The fact that the components of a simulated
episode are bounded by temporal relations whose mental reinstatement requires
time to unfurl may be as essential to the engagement of the hippocampus as the fact
that the elements of the simulation stand in spatial relations too.

In sum, the purpose of this section has been twofold. First, I offered some
counterevidence against the simulationist’s claim that the DMN is the ‘episodic
simulation system of the brain’ (De Brigard 2014b; Addis 2018, 2020). I argued,
instead, that although the evidence does not point towards there being a single
unified system for episodic simulation, it does suggest that the hippocampus—and
likely adjacent regions in themedial temporal lobe—are required for the proper con-
struction and maintenance of certain kinds of episodic mental simulations. What
these kinds of episodic mental simulations have in common—and this is the sec-
ond point I sought to put forth in this section—is that they are dynamic, in the
sense that their contents are not only spatially but also temporally structured in
a way that the very unfolding of the episodic simulation (i.e., its generation and
maintenance) is protracted and takes time. Thus, simulationism needs to aban-
don the idea that there is a unified cognitive system for episodic simulation and,
instead, adopt the narrower view that the commonality in hippocampal engage-
ment has to do with the dynamic format of the episodic simulation (De Brigard and
Gessell 2016).

Probabilistic Dispositionalism

Unlike causalism, simulationism sees no need for the appropriate causation condi-
tion. After all, the episodic construction system can output a reliable memory that
neither represents nor was caused by an actual past event (Michaelian 2024). This
also means that simulationism has no use for memory traces. Recall that the notion
of memory trace was introduced as a content-bearing theoretical entity that could
help to bridge the causal gap between the encoded (i.e., past representation) and
the remembered events (i.e., current representation). But if there is no prior repre-
sentation, then there is no gap to be bridged, and thus there is no need for memory
traces (Michaelian 2016). Memory traces, therefore, appear to be incompatible with
simulationism.

In this section, however, I argue against this claim. My argument has a negative
and a positive part. In the negative part, I argue that, contrary to what simulation-
ism holds, there are many memory-related phenomena whose explanation makes it
indispensable to appeal to memory traces. In the positive part, though, I argue that
there is a promising account of the nature of memory traces that not only makes
sense of why the hippocampus is involved in several kinds of episodic simulations
(including remembering) but also why is it that false and distortedmemories can be
the normal product of a properly functioning reconstructive process. For reasons
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that I hope will become clearer in what follows, I call this view on memory traces
‘probabilistic dispositionalism’.

There are at least two arguments for thinking that memory traces are indispens-
ablewhen it comes to explaining the psychological process of remembering. Thefirst
one, which I’ve developed at length before (De Brigard 2020), has to do with differ-
ential effects in recollection and it is directed against a well-known argument against
memory traces from Malcolm (1977). Many philosophers—including Malcolm—
agree that memory traces are postulated via inference to the best explanation in
order to avoid either the metaphysically dubious direct realist route or the equally
problematic acceptance of causation-at-a-temporal distance between a non-existent
past event (i.e., the rembered event) and a current one (i.e., the remembering event;
Heil 1978; Bernecker 2008). Since the justification for their postulation is an infer-
ence to the best explanation, then it follows—according to Malcolm—that accounts
of remembering that make use of the notion of memory trace should be better than
those that do not. But then Malcolm suggests that when I give an account of why
is it that I remember a particular event, say, a boat capsizing, all I need to do is
refer to my prior experience of having witnessed the boat capsizing. At no point do I
need to invoke, in addition to my having witnessed the event, the existence of some
unobservable causal intermediary memory trace. To not multiply entities without
necessity, and given that both accounts are equally good, then there is no reason to
postulate the existence of memory traces.

The problem with this argument is that, in only looking at cases of success-
ful recollection, Malcolm overlooks a large swathe of memory related phenomena
for which talk about intermediary memory traces becomes indispensable. For in
addition to successful recollection, we often demand causal explanations for cases
of unsuccessful recollection. Suppose that I witness a boat capsizing alongside my
friend Andrea. The following day, I recall the event but Andrea doesn’t. It seems as
though some causal story is needed in order to explain why is it that I can remem-
ber the event whereas Andrea cannot. Or suppose that I can remember more details
than she can, or that my memory is profoundly distorted relative to hers. In a word,
cases of differential recollection under the same encoding conditions highlight the
need to include some story about causal intermediaries that can explain the dif-
ference at retrieval. Appealing to memory traces—or, if you are unhappy with the
term, some kind of causal intermediary between encoding and retrieval—becomes
indispensable again.

The second argument is related, though it involves the use of a pharmacologi-
cal agent—propranolol—during memory reactivation. One of the most interesting
findings in the memory literature in the past few decades, is the fact that when
a memory is reactivated at retrieval, it becomes labile and prone to modification
(Nader and Einarsson 2010). The evidence suggests, in fact, that there is a window
of time in which, if the reactivated memory is intervened upon, its contents can be
modified, even erased. A pharmacological intervention using propranolol, a syn-
thetic beta-adrenergic receptor blocker that acts as an inhibitor of protein synthesis



208 Simulationism and Memory Traces

underlyingmemory consolidation and re-consolidation, has been shown to success-
fully extinguish both stimulus and context specific conditioning when administered
immediately after memory reactivation and prior to reconsolidation (e.g., Leal San-
tos et al. 2021). Importantly, these effects are condition-specific, meaning that the
administration of propranolol only affects the retention of memories tied to a par-
ticular spatiotemporal context. Othermemories that may have been acquired before
or after, are unaffected. Given the specificity of these effects, it seems extremely dif-
ficult to explain such results without assuming that something in the brain of the
animal was altered, and that such neural substrate is tied to a specific experienced
event. Once again, the need to posit memory traces—or at least intermediate causal
mechanisms—becomes evident.

The explanatory indispensability of a theoretical term is certainly not a sufficient
condition to accept the existence of its putative referent. Nevertheless, in the case
of memory traces, it has been a good motivator to try to discover them, and one
that clearly has inspired neuroscientists for decades to understand what their nature
might be (Josselyn and Tonegawa 2020). My purpose, in the rest of this section, is to
offer a general framework to characterize the nature of memory traces such that it
can accommodate both the fact that memories are often distorted and false and the
narrower thesis, defended in the previous section, that the hippocampus is required
for the successful construction of dynamic episodic simulations, including episodic
memories.

But first: some conceptual clarifications. Views on memory traces vary along sev-
eral dimensions. On the one hand, some of those dimensions affect the vehicle of
the mnemonic representation. For some researchers, memory traces are localized
representations, akin to discrete symbolic entities carrying a particular mnemonic
content, and instantiated in dedicated neuronal populations or even in specific cells
(Gallistel 2010). For others, memory traces are distributed across neuronal connec-
tions (Rumelhart and McClelland 1986), and for some they are a combination of
both (Gershman 2023). Moreover, some even think of memory traces as extended
and/or embodied, meaning that the vehicles carrying the relevant mnemonic con-
tent extend beyond the limits of the brain. On the other hand, some dimensions
pertain to the degree of explicitness of the mnemonic content. Some hold that
memory traces carry stripped-down versions of the encoded content but they do
so explicitly, meaning that, in principle, one could read off the content directly
from the neuronal substrate. For other, contents are implicitly encoded, for an addi-
tional process—i.e., retrieval—is needed to make them explicit. And, finally, some
argue that contents are not occurrent—and, thus, are neither explicitly nor implicitly
encoded—but rather dispositional, i.e., what gets encoded is a disposition to revive
a content at retrieval given the right cue. Each one of these views has advantages
and disadvantages, the discussion of which unfortunately I have to sidestep (but see
De Brigard 2014a and De Brigard 2023). Nevertheless, I hope this brief excursus on
the terminology is sufficiently informative, as the view I seek to defend in what fol-
lows is a version of dispositionalism predicated on representational vehicles, not on



Felipe De Brigard 209

contents, whereby a memory trace is the disposition of a neural network to reacti-
vate, as approximately as possible, the state it was in during encoding at the time of
retrieval. Let’s see how this works.

The framework I have in mind builds upon the hippocampal indexing theory
(HIT), initially put forth by Teyler and DiScena (1986), in order to explain how
memory traces formed during encoding could be reinstated at retrieval. Consis-
tent with the complementary learning systems model (McClelland et al. 1995),
HIT postulates that when an event is experienced, two consolidation processes take
place. First, there is a fast cellular consolidation in which information is encoded as
changes in connectivity among the neurons involved in the initial processing of the
encoded event. Second, there is themore protracted systems consolidation, in which
hippocampal-neocortical connections are further strengthened (Figure 9.1).² As an
illustration, consider how the model explains the formation of a memory trace for,
say, the experience of seeing a boat capsizing. Walking by the shore you peer at the
horizon and notice a vessel tipping over. This experience engages several regions of
your cortex: sounds will be processed by the auditory cortex, shapes, colours, and
the like will be processed by the visual cortex, smells by the olfactory cortex, and so
forth. Active neurons in the hippocampus form an index (more about this term in
a second) that binds these distributed cortical patterns into a larger hippocampal-
neocortical networkwhich, over time, becomes systems-consolidated. Now suppose
that a few days later, someone asks you if you’ve ever seen a boat capsizing. This
auditory cue helps to re-activate a portion of the cortical pattern, and this reactiva-
tion propagates to the hippocampal index, which in turn enables the reactivation of
the rest of the neuronal pattern, effectively reinstating the encoded hippocampal-
neocortical network. Since the vehicle of the encoded representation is reacti-
vated, then the encoded content is reenacted and, thus, you manage to remember
the event.

The notion of index requires further clarification. As far as I know, the first
reference to a hippocampal index is from Marr (1971), who called it a ‘simple mem-
ory’, meaning a kind of sketchy or abstract representation of the encoded event.
According to this view, what the hippocampus does is store a low-dimensional
representation—perhaps akin to a lossy compression format (e.g., JPEG for images)
or a set of principal components—out of which the encoded representation can
be reconstructed. I tend to disagree with this view, for three reasons. The first rea-
son is that compression formats require decompressing processes, and it is unclear
what would be doing the decompressing in the hippocampal case. The second rea-
son is that having a second representation that allegedly encodes more or less the
same information as the first one,makes the hippocampal activity rather redundant.

² When initially proposed, HIT followed the standard model of memory according to which, once consolidated,
the hippocampus was no longer required for retrieval. However, further examination of extant data as well as new
evidence indicates that the hippocampus is still required for the retrieval of recent and remote memories (Nadel
and Moscovitch 1997). The version of HIT I advocate for here is consistent with this further development and has
been further incorporated into a recent update of the CLS view (Kumaran, Hassabis, and McClelland 2016).



210 Simulationism and Memory Traces

1

A C

B

2A 2B 3A 3B

Figure 9.1 Hippocampal Indexing Theory [HIT]. (1) Graphical schematic in brain space. (A)
An initial stimulus with multiple sensory properties is first experienced. (B) A rapid
consolidation occurs in the hippocampus while the sensory information of the stimulus is
processed in the relevant areas of the sensory cortex (i.e., visual cortex for visual properties,
auditory cortex for auditory properties, etc.). This co-activation creates an association between
the sensory regions and a hippocampal index. (C) At retrieval, a top-down signal from the
pre-frontal cortex to elements of the hippocampal-cortical assembly reactivates the network
and, thus, the memory content. (2) Encoding. (2A) The bigger layer indicates units in the
neocortex, with different colors indicating different sensory information. The smaller layer
indicates specific synaptic activity uniquely associated with the pattern of neocortical
activation. (2B) After encoding, consolidation strengthens the connection between the
hippocampal index and the associated neurons in the neocortex. (3) Retrieval. (3A) A cue can
reactivate a subset of the neocortical pattern, which in turn reactivates the hippocampal index.
(3B) This reactivation further spreads to the rest of the hippocampal-neocortical network,
effectively reinstating the encoded pattern. (Original figure from De Brigard 2023).

And, finally, it seems unlikely that all the neocortical variability that is required to
represent different modalities and formats of information can be captured by the
sparser archicortex of the much smaller structure that the hippocampus is. In fact,
when trying to decode categorical and sensory information from brain activity at
retrieval, multivariate patterns are unable to recover any encoded structure from
hippocampal activity alone (Huffman andStark 2014). The evidence, therefore, does
not suggest that the hippocampus is in fact storing a ‘simple memory’.

Instead, I suggest that what the hippocampal index encodes is not an explicit—
if compressed—content but rather a set of conditional instructions or dispositions
to reactivate, as best as it can, the cortical pattern of activity it was associated with
during encoding. Thus, when one experiences a certain event during encoding, the
experienced content is instantiated in a particular representational vehicle, in the
form of a hippocampal-neocortical network in the brain. Consolidation increases
the probability of the nodes in the network to coactivate given the right cue. When
such a cue is presented in the retrieval context, the coactivation among units of the
network starts to propagate towards the hippocampal index, which does not con-
tain explicit contents but rather the conditional instructions to reactivate the rest
of the pattern of activity³. This, I suggest, is the right way to understand what a

³ One can think about the end state of the reactivation in terms of a Hopfield network (Hopfield 1982), a kind of
recurrent artificial network that tend to stabilize in a particular pattern of activation or ‘attractor’. The idea, then, is
that the final state of reactivation of the hippocampal-neocortical network is the attractor state of the network that
underlies the encoded content.
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memory trace is: the dispositional property of a neural network to reinstate the
state it was in, during encoding, at the time of retrieval. In fact, by characterizing
the memory trace as a dispositional property of a representation vehicle rather than
a content, one not only avoids concerns about content dispositionalism (Vosgerau
2010), but also can readily explain why unexpected cues can bring to mind involun-
tary memories (Berntsen 2009). Additionally, this view helps to explain why, when
a memory is reactivated, it becomes modifiable. Since every act of retrieval is itself
an act of re-encoding, nodes that weren’t part of the original pattern but that already
have a higher baseline probability of being coactive, are now more likely to getting
included in the original pattern of activation after reconsolidation. Finally, this view
also accommodates the fact that information acquired after the encoding and prior
to retrieval can influence the way we remember past events. Here’s an example I like
to use. Long ago, before I learned how to speak English, I committed to memory
the chorus of ‘A hard days’ night’ by the Beatles. I did not know what it meant, but
I could sing the words. Years later, after learning English, I found myself listening
to the song again, and was able to remember the lyrics and sing along. But as I was
remembering the words, I was also understanding them for the very first time. The
content of my recollection was different from that of its encoding, due to an inter-
vening change to the network units that formed the representational vehicle of my
memory.

Rapprochement

In the previous section I sought to defend two claims. First, contra simulationism, I
argued that memory traces are often explanatorily indispensable to account for cer-
tain instances of remembering andmemory related phenomena. Second, I offered a
general framework, inspired by theHIT, as to how to understandmemory traces and
the role the hippocampus plays at retrieval. Specifically, I suggested that memory
traces could be understood as dispositional properties of hippocampal-neocortical
networks to reinstate the pattern of activation they were in, during encoding, at
the time of retrieval. Since this pattern of activation consists in a set of nodes
whose probability of coactivation is high—perhaps relative to some threshold—the
reactivation is going to be sometimes imprecise and noisy.

Thinking about memory traces in this way—call this approach ‘probabilistic dis-
positionalism’⁴—has the advantage of accommodating the two main motivations
for simulationism. First, the fact that false and distorted memories are schema-
consistent is a natural consequence of the probabilistic pattern completion process.
As mentioned, a lot of the information that is initially perceived won’t be encoded,
and retention may in turn degrade some of the connection weights between units.
But thanks to the statistical regularities in the connections of such units, the

⁴ For similar views, see Vosgerau 2010; Perrin, 2018; Perrin 2021; Werning 2020.
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probability of reactivating the right set of connections given a cue remains high.
This is the sense in which reconstruction can be said to be both probabilistic and
veridical. However, since units in the hippocampal-neocortical network have addi-
tional existing associations with other units, it is possible that a unit or a set of
units not involved in the encoding of the original content can become active during
pattern completion at retrieval, resulting in a reconstructed memory that does not
accurately represent the past event.⁵

Second, probabilistic dispositionalism can also explain why the hippocampus is
engaged in certain kinds of episodic simulation, besides remembering. If we think
of the hippocampal index as triggering the reactivation of different sensory areas
in order to reenact the contents they process, and such reactivation takes time to
complete into a single coherent scene, thenwe can think of this computation in anal-
ogous terms for episodic memory as well as for other dynamic mental simulation.
More precisely, since the hippocampal index per se does not represent the informa-
tion processed in the neocortex but rather rules to reactivate a more complex set of
cortical units responsible for actually carrying out the contents of the mental sim-
ulations, the same reactivating computations can be recruited to recreate dynamic
scenes that do not correspond to actual past but to hypothetical episodes. As such, it
is not surprising that similar hippocampal-neocortical networks are recruited dur-
ing certain kinds of episodic simulations because the computations that underlie
their generation are not that dissimilar from those involved in episodic recollection.

Although there is much more that can be said about the computational nature
of memory traces in general, and about my favoured probabilistic-dispositional
account in particular, I hope that what I’ve said enable us to see how wemay be able
to dissolve the conflict between causalism and simulationism. For simulationism
need not postulate the existence of a dedicated system for episodic simulation, but
simply accept that certain structures—particularly the hippocampus—are shared
among certain kinds of episodic simulations. Such commonalities are explained
because the same underlying computations for dynamic pattern completion can
be redeployed in certain kinds of episodic simulation. Additionally, simulationism
can accept the existence of memory traces, as long as they are understood as dis-
positional properties of hippocampal-neocortical networks (i.e., representational
vehicles) to probabilistically reenact the state they were in, during encoding, at the
time of retrieval. Now, whether probabilistic dispositionalism can help to under-
stand our tendency to think of remembering in causal terms is, alas, a story I need
to leave for another day.⁶

⁵ There is quite a bit of research in computational psychology and neuroscience trying to understand the precise
computations that best characterize the probabilistic process of pattern completion at retrieval. In my opinion,
a promising avenue is the ‘rational analysis approach’ (Anderson 1990) I mentioned before. On this perspective,
extant associations between units can influence the pattern of neural activation by combining values reflecting prior
frequencies as well as previously acquired conceptual/semantic associations.

⁶ Previous versions of this paper were presented at the conference on Simulationism at the University of Greno-
ble, Alpes, in July 2022, the workshop onMemory, Space, and Time at the University of Arizona, in November 2022,
and the Generative Episodic Memory conference at Bochum, in June 2023. Many thanks to the organizers and the
audiences of these events.
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CanWePerceive thePast?
E. J. Green

Introduction

What distinguishes perception from memory? A natural answer is that perception
tells us about the present, while memory tells us about the past. When you see a red
tomato on your kitchen table, your perceptual state represents that there is now a
red tomato on the table. Conversely, your perceptually based memory of the tomato
represents that there was a red tomato on the table.

By perceptual presentism, I will mean, very roughly, the view that perception is
restricted to representing present conditions. Perceptual presentism has a long intel-
lectual history. In the Confessions, Augustine writes: ‘When time is passing, it may
be perceived and measured; but when it is past, it cannot, because it is not’ (Gale
1968: 42). And Thomas Reid writes:

The object ofmemory, or thing remembered,must be something that is past; as the object
of perception and of consciousness must be something which is present: What now is,
cannot be an object of memory; neither can that which is past and gone be an object of
perception or of consciousness. (Reid 1785/2011: essay III, ch. I)1

Perceptual presentism also has important implications. For example, it is often held
that perception is epistemically distinctive insofar as having a perceptual experience
that represents that p provides immediate, non-inferential justification for believ-
ing that p (Pryor 2000; Silins 2021). But if perception is restricted to representing
present conditions, then this route to non-inferential justification only covers beliefs
about the present. Past- or future-oriented beliefs must be justified via inference, or
non-inferentially via some other route.

Moreover, several have suggested that a fundamental function of perception is to
deliver ‘news’ to the rest of the mind, while cognition functions to draw inferences
from that news (Beck 2018; Block 2023). This viewmay seem to support perceptual
presentism. Intuitively, events occurring now are news, while past events aren’t. As
Block (2023) writes: ‘Perception functions to provide us with information about

¹ Contemporary theorists expressing sympathy with perceptual presentism include Peacocke (1999: 280), Carey
(2009: 9), Kriegel (2015), Gross (2017), Beck (2018), Byrne (2018: ch. 8), Hoerl (2018), Connor and Smith (2019),
and Block (2023: 20, 119).

E. J. Green, Can We Perceive the Past?. In: Space, Time, and Memory. Edited by: Lynn Nadel and Sara Aronowitz,
Oxford University Press. © Oxford University Press (2025). DOI: 10.1093/oso/9780192882547.003.0010
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what is happening in the nearby environment now, whereas cognition functions in
reasoning about the news provided by perception so as to decide what to do and
to plan for the future’ (20). (I’ll return to this idea in section 5a., however, where
I’ll argue that the news-propagating function of perception does not provide strong
support for perceptual presentism.)

Furthermore, some have held that what differentiates higher cognitive faculties
distinctive of human thought from ‘lower’ faculties, like perception, shared with
non-human animals is the ability to ‘mentally time travel’ to contemplate scenarios
in the past or future (Suddendorf & Corballis 2007). This hypothesis comports with
the view that perceptual representations are locked to the present, while higher cog-
nition is more temporally flexible. However, if representation of the past or future
occurs even in perception, this would challenge proponents of the hypothesis to
explain how (or whether) the temporal flexibility of perception differs from the
temporal flexibility of thought.

While perceptual presentism is widely assumed, a substantial body of evidence
indicates that perception is sensitive to the past in intricate ways. An object’s appear-
ance is determined not only by present sensory stimulation, but by stimulation in
the recent and distant past. Theorists moved by such evidence occasionally ven-
ture claims that seem to conflict with perceptual presentism. Thus, Munton (2022)
claims that ‘representations frommemory are intimately woven into perceptual rep-
resentations’ (2), and that ‘far from living in the present, an entwinement with the
past is inherent in the most basic of perceptual capacities, our perception of objects’
(18). Similarly, Pascucci et al. (2019) write that ‘the content of visual perception is
strongly permeated by information lingering from the past’ (20). But what is the
nature of this ‘entwinement’ or ‘permeation’ between perception and the past? And
does it threaten perceptual presentism?

This chapter critically examines perceptual presentism in light of perception sci-
ence. I don’t aim to conclusively establish or refute the view. Rather, I aim to
pinpoint the sort of discovery that would imperil perceptual presentism, and to filter
out forms of evidence that do not. I distinguish three forms of perceptual sensitiv-
ity to the past: (i) shaping perception by past stimulus exposure, (ii) recruitment
of mnemonic representations in perceptual processing, and (iii) perceptual repre-
sentation of present objects as possessing past properties. I’ll adduce evidence for
each. I’ll argue that forms (i) and (ii) are likely consistent with perceptual presen-
tism, while form (iii) poses a genuine threat to the view. While the case for this form
of sensitivity remains inconclusive, I suggest that the most compelling challenges to
perceptual presentism likely derive from representations that seamlessly integrate
mnemonic and present-tensed elements in the performance of canonical perceptual
functions, such as apprehending object continuity over time.

Two caveats. First, due to space limitations, I will only discuss perceptual sensitiv-
ity to the past. Certain kinds of perceptual sensitivity to the future—e.g., prediction
or motion extrapolation (Clark 2015; Hogendoorn 2020)—might be construed as
involving future-tensed perceptual representation. Such cases are obviously also rel-
evant to evaluating perceptual presentism. However, they raise further issues that
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must be considered independently (White 2018). Second, my discussion will be
regrettably limited to vision. Non-visual capacities clearly also matter for evaluating
perceptual presentism, and some such capacities (say, hearing a melody as extend-
ing over a long interval) might be thought to put serious pressure on presentism
(e.g., Viera 2022: 639). Note, for present purposes, that if perceptual presentism fails
for non-visual modalities, supporters of the view might retreat to a vision-restricted
version of the thesis.

FormulatingPerceptual Presentism

Taken literally, Reid’s claim that the ‘object of perception and of consciousness
must be something which is present’ faces obvious counterexamples. Arguably,
when we see a distant star that has ceased to exist, what we perceive—the object
of perception—is something past, not present. Ergo, not all objects of perception
are present.

However, one can accommodate these classic ‘time-lag’ cases while preserving the
spirit of perceptual presentism. Rather than imposing a presentist restriction on the
things (objects or events) we perceive, perceptual presentism can be understood as a
view about how perception represents the things we perceive: when an object, event,
or state of affairs is represented in perception, it is always represented as present—
i.e., as presently located or instantiated in one’s surroundings—even if it turns out
not to be present.² Thus, perception is, or at least purports to be, wholly about what’s
going on now.

There are various forms that that this presentist restriction on perceptual repre-
sentation might take (Skow 2011; Kriegel 2015; Connor & Smith 2019). However,
here I’ll focus on a version of the view that builds the presentist restriction into the
content of perception. Specifically, for any individual O and property F, if a percep-
tual state S attributes F to O, then S represents that O is F now, where ‘now’ denotes
either the time of S’s occurrence or a brief interval containing that time (Peacocke
1999: 280).³When your perceptual state attributes brownness to a table, it represents
that the table is brown now.

Some philosophers might be uncomfortable with the idea that perception has
genuinely tensed content. For example, those who claim that perception is wholly
iconic or image-like (e.g., Block 2023) might argue that perceptual representations

² Barkasi (2021: 7) likewise argues that memory introduces past properties into perception, but denies that these
properties are perceptually represented as past.

³ Alternatively, onemight pack presentness into the attitude that perceptual states bear to their contents: Roughly,
whenever a perceptual state S attributes a property F to an individual O, S represents-as-present that O is F, and
is accurate only if O is F at the time of S (see Kriegel 2015). I believe that most of my points could be adjusted to
apply to attitude-based versions of perceptual presentism, but I won’t attempt the needed adjustments here. See also
Connor and Smith (2019) for further ways of developing perceptual presentism, andHoerl (2018) for an attempt to
characterize the relation between perception and the present without invoking any ‘temporal mode of presentation’
within perception (129).
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lack the sort of syntactic complexity required for explicit tense markers like tensed
copula. Two points on this. First, it is an empirical question whether perception
is fully iconic, and the proposal has faced significant pushback. Just as perceptual
representations arguably possess discrete, non-iconic singular constituents (Green
2023), theymay also possess discrete, non-iconic tensemarkers. Second, proponents
of iconicity might grant that perceptual representation is tensed without conced-
ing that perceptual representations contain discrete tense markers. Instead, they
might possess tensed content in virtue of their functional role (compare Block 2023:
ch. 5). If consuming processes are reliably disposed to treat a perceptual represen-
tation as if its content is present-tensed, this might simply make it the case that
it has present-tensed content. (A parallel story could perhaps apply to past-tensed
perceptual representations, if there are any—see section 5b.)

I am construing perceptual presentism as a thesis about perceptual representation
in general. Some might wish to restrict the thesis to conscious perceptual experi-
ence. Indeed, some might think that we can establish presentism about perceptual
experience through introspection alone: When we reflect on perceptual experi-
ence, it always seems to us that the experience simply makes us aware of how the
environment is presently.

This issue deserves more attention than I can give it here. For now, I simply
register my doubts about any quick introspective argument for perceptual presen-
tism. These doubts primarily stem from examples of the sort to be considered in
section 5a. When you see a bitten cookie (Figure 10.1), there does seem to be an
immediate, conscious impression of a ‘past’ aspect of the object—that it was circu-
lar, but no longer is. It’s possible that this impression is wholly post-perceptual, but
I submit that it is not obvious, introspectively, that this is so.

Moreover, while it could conceivably turn out that perceptual presentism is true
of conscious perception but false of perceptionmore generally, wewould then like to
know what prevents the non-present-tensed elements of perceptual representation
from becoming conscious. Thus, those who are mainly concerned with conscious
perception should still find value in examining presentism about perception more
generally.

Perceptual presentism claims that perceptual states purport to be wholly about
the present. But what, more precisely, do we mean by the ‘present’? A famil-
iar debate concerns whether the perceived present is a durationless instant or an
extended interval—a specious present (James 1890; Phillips 2011, 2014; Dainton
2022). Specious-present theorists hold that perceptual awareness of dynamic phe-
nomena like motion, persistence, and change shows that the fundamental ‘units’
of perceptual experience represent extended intervals. The intervals must be long
enough for perceptible instances of motion or change to unfold—commonly esti-
mated at 100–500 ms in length (Phillips 2011, 398; White 2020; Herzog et al. 2020).
Opponents of specious-present theory have argued that motion, change, etc. are not
genuinely perceived, only cognized (Chuard 2011).
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While I cannot defend it here, I agree with specious-present theorists that the
perceived present is extended.⁴ I suggest that when you perceptually represent
<there is now a red tomato thereabouts>, the indexical ‘now’ denotes an interval
roughly simultaneous with the perceptual state, but potentially including moments
shortly before or after the state’s onset. As White (2020) observes, the perceived
present plausibly comprises an interval longer than the minimum threshold for
discriminating the temporal order of events (roughly 20 ms (White 2020, 587)).
One event might be perceived as preceding another, even though both are marked
‘present’ (2020, 587–88).

Summing up: Perceptual presentism claims that when a perceptual state attributes
a property F to an object O, its accuracy depends entirely on whether O has F
presently. However, the ‘present’ can be taken to encompass an interval rather
than a durationless instant. Thus, perceptual presentism is compatible with basic
perceptual awareness of motion and change.

ShapingPerceptionbyPast Stimulus Exposure

The first kind of perceptual sensitivity to the past involves shaping perceptual
processing by past stimulus exposure. It is well established that perceptual process-
ing at a time is causally influenced by stimuli encountered seconds, minutes, or
even months prior. I mention three examples.

First, in perceptual learning, training in a perceptual task modifies perceptual
processing to facilitate performance of the task (Goldstone 1998). Studies have docu-
mented learning-induced changes in responses at early stages of sensory processing
(Schoups et al. 2001). Thus, Yan et al. (2014) found that after extended training in
a contour detection task, neurons in macaque primary visual cortex began to fire
more vigorously when an edge in their receptive field fell along an extended con-
tour. The magnitude of this physiological change correlated with improvements in
behavioural performance. Further evidence from functional magnetic resonance
imaging (fMRI) (Furmanski et al. 2004; Jehee et al. 2012) and electroencephalo-
gram (EEG) (Pourtois et al. 2008; Bao et al. 2010) studies suggests that perceptual
learning modifies early visual cortical responses in humans too.⁵

Second, in adaptation, exposure to a stimulus biases perception of a subsequent
stimulus ‘away’ from the first. If you view an upward-moving pattern for thirty

⁴ Among specious-present theorists, there is a further distinction between retentional models, on which experi-
ences are instantaneous (or very brief ) events that represent a longer interval (Herzog et al. 2020), and extensional
models, on which experiences, or at least the ‘metaphysically fundamental units’ of experience (Phillips 2011: 398),
are temporally extended events lasting as long as a specious present (Phillips 2011; Dainton 2022). I will remain
neutral on this issue.

⁵ There is controversy about whether these changes reflect feedback from higher areas, and whether they involve
signal enhancement or internal noise reduction (Dosher&Lu2017).Moreover, some studies fail to find an impact of
perceptual learning on early sensory areas (Law andGold 2008). Still, the dominant view seems to be that perceptual
learning alters perceptual processing, ‘tuning’ our perceptual systems for certain sorts of detection or discrimination
(Connolly 2019: ch. 2).
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seconds, a stationary pattern shown immediately afterward appears to move down-
ward (Anstis et al. 1998). Adaptation after-effects occur not only for low-level prop-
erties (motion, colour, etc.), but for high-level properties like facial expressions (But-
ler et al. 2008), causation (Rolfs et al. 2013; Kominsky& Scholl 2020), and numeros-
ity (Burr & Ross 2008). While most after-effects are short-lived, some can persist
for months after stimulus exposure (Jones & Holding 1975; Thompson & Burr
2009: R13).

The third example is serial dependence. While adaptation effects are typically
repulsive—they bias perception away from a recently perceived feature—serial
dependence (SD) involves attractive effects of past stimuli on perception. Fischer
& Whitney (2014) found that when subjects were repeatedly shown Gabor patches
and asked to indicate their orientation, responses were biased towards the orienta-
tions of patches seen within the past two to three trials (roughly ten seconds). SD
is partially spatially tuned—attraction is stronger between stimuli presented in the
same location (Collins 2019). While adaptation and SD may seem like conflicting
phenomena, adaptation seems to require longer stimulus exposure than SD (Fischer
& Whitney 2014), and SD requires attention while adaptation does not (Fritsche &
de Lange 2019).

I should flag that it is controversial whether SD arises in perception or post-
perceptual decision processes (Fritsche et al. 2017; Pascucci et al. 2019; Ceylan et al.
2021). Some suggest that SD originates at post-perceptual levels (i.e., in high-level
decisions about stimuli) but affects perceptual representation of later stimuli (Pas-
cucci et al. 2019: 22; Ceylan et al. 2021; Phillips & Firestone, forthcoming). If SD
is purely post-perceptual in both its origin and effects, then it obviously poses no
challenge to perceptual presentism. For present purposes, I’ll assume that at least
some instances of SD are perceptual, since I don’t believe it significantly threatens
perceptual presentism either way.

Perceptual learning, adaptation, and SD demonstrate rich influences of past stim-
uli on perception. However, these phenomena do not yet put serious pressure on
perceptual presentism. The problem is that while they involve effects of past stimuli
on perceptual representation, they do not require those past stimuli to be explicitly
represented when their effects materialize.

When perceptual processing is sensitive to a piece of information, there are two
ways this sensitivity could be achieved. First, the information might be explicitly
represented in the perceptual system and retrieved while computing distal features
from proximal stimuli. Second, the information might be ‘implicitly embodied’ in
the system’s dispositions to transition between information-carrying or represen-
tational states (Pylyshyn 2003; Shea 2015). To take a familiar example, the visual
system’s assumption that light comes from above might be explicitly represented,
or it might be implicit in a disposition to transition from encodings of luminance
patterns on the retina to representations of surface convexity.

The distinction between explicitly represented and implicitly embodied informa-
tion is not entirely clear-cut. However, one prototypical difference is that explicit
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representations are made available to a variety of consuming processes, while a dis-
position to transition between information-carrying or representational states is not
(Shea 2015; Clark 1992). If the assumption that light comes from above is implicitly
embodied in a disposition to transition from registrations of luminance patterns to
representations of surface convexity, then the assumption is only ‘available’ to the
process of computing convexity. It cannot be freely accessed by other computations.

Perceptual learning, adaptation, and SD showcase perception’s exquisite sensi-
tivity to past stimuli, but do not obviously require explicit representations of those
past stimuli. Recall Yan et al.’s (2014) finding that training in a contour detection
task led neurons with receptive fields along an extended contour to fire more vig-
orously. Arguably, past training trials affected the visual system’s disposition to
transition from states encoding local edge elements to states encoding (crudely) that
an edge element at some retinotopic location lies along an extended contour. But we
needn’t posit an explicit representation of these past trials, since (inter alia) there is
no evidence that information about them is available to processes outside contour
detection.

Likewise, classic examples of adaptation don’t seem to require explicit representa-
tion of the past stimuli inducing the after-effect. Adaptation generally occurs when
the perceptual system codes for a dimension, such as motion or colour, via ratios
of activity in multiple channels. Extended exposure to a stimulus reduces the sen-
sitivity of certain channels more than others, shifting the activity ratio elicited by
a subsequent stimulus away from what it would normally be (Anstis et al. 1998;
Webster 2011; Block 2023: ch. 2). This is a shift in state–transition dispositions.
For example, the visual system has dispositions to transition from motion energy
signals at the retina to representations of motion. These dispositions are grounded
in the sensitivities of various motion-coding channels. Tweaking these sensitivities
through adaptation lowers the threshold for representing either upward or down-
ward motion. However, at the time of the after-effect, there need be no explicit
representation of the adaptation stimulus.

The case of SD is more complicated because it is less understood. However, there
is evidence that at least some cases of SD do not require explicit mnemonic repre-
sentation of the earlier stimulus exerting an attractive effect. (Other cases of SDmay
be mediated by explicit short-term memory representations (Czoschke et al. 2019).
Such cases would fall under the second form of perceptual sensitivity to the past,
discussed in section 4.)

In one experiment, Fischer andWhitney (2014) asked participants to report both
the orientation of a currently perceived Gabor patch, and whether the stimulus
shown two trials earlier was oriented clockwise or counterclockwise from vertical.
They found that subjects were virtually at chance in reporting the orientation of the
earlier stimulus. However, that stimulus still had an attractive influence on reports
about the later stimulus. Moreover, when orientation was remembered inaccurately,
attraction tended towards the actually displayed orientation, not the inaccurately
remembered orientation. Arguably, then, SD can occur without explicit mnemonic
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representation. In such cases, SD may depend on modifications to state–transition
dispositions.

Suppose, then, that perceptual learning, adaptation, and certain cases of serial
dependence are wholly explained by changes to state–transition dispositions within
our perceptual systems. Do these phenomena threaten perceptual presentism? I
think the answer is no.

First, while some are happy to speak of information embodied in a system’s state–
transition dispositions as ‘implicitly represented’ (Shea 2015), others argue that
there is no reason to hold that such information is represented at all (Ramsey 2007:
ch. 5). Suffice it to say that if implicitly embodied information is not represented
in any sense, then implicit embodiment of information about the past within our
perceptual systems poses no threat to perceptual presentism.

Suppose, however, that it is reasonable to speak of implicit representation in these
cases. Still, perceptual presentism is naturally understood as a view about what per-
ception explicitly represents. It is a view (inter alia) about the content that perception
makes available to other mental processes, such as belief fixation and planning. Per-
ceptual presentists hold that all contents ‘given’ to us in perception concern the
present. But information embodied in state–transition dispositions is not given to
us in this sense. It is available only to certain subpersonal processes within our per-
ceptual systems. Phenomenological reflection bolsters this point. When we undergo
after-effects, such as afterimages, the afterimage seems like it is out there in the
present environment—it doesn’t strike us as past. Thus, even if information about
the past is implicitly represented by state–transition dispositions within perceptual
systems, perceptual presentists can reasonably reply that their view is restricted to
explicit perceptual representation.

MnemonicRepresentations inPerceptual Processing

I’ve considered cases in which perception is influenced by past factors but there is
no good reason to accept that those past factors are explicitly represented. I now
turn to cases where there is evidence that past factors are explicitly represented and
recruited in perceptual processing. Unlike adaptation and perceptual learning, these
cases arguably support the presence of explicit past-tensed representations within
our perceptual systems.

Visual working memory (VWM) is a limited-capacity information store that can
retain representations of past stimuli for several seconds after they disappear (Brady
et al. 2011; Suchow et al. 2014). Importantly, there is evidence that representations
retained in VWM can coherently affect perceptual processing.

First, VWM recruits some of the same brain areas as perception. Physiological
studies indicate that when an item is retained in VWM, information about the item
can be decoded from population-level activity in early visual cortex (Harrison &
Tong 2009; Serences et al. 2009). However, while such evidence is suggestive, it
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doesn’t establish that VWM representations are accessed during perceptual process-
ing. VWM might use some of the same brain areas as perception without playing a
computational role in perception. Nonetheless, behavioural evidence supports an
active role for VWM representations in perceptual processing.

Kang et al. (2011) found that VWM coherently affects motion perception. The
motion repulsion effect occurs when subjects are shown superimposed sets of dots
moving in different directions, and the perceived angular separation between their
directions ofmotion is exaggerated relative to their true separation. Kang et al. found
that simply retaining a motion stimulus in VWM can produce a motion repulsion
effect. Participants saw two 500-ms dot motion displays separated by a two-second
interval. After the second display’s offset, they indicated whether its direction of
motion was clockwise or counterclockwise relative to a reference bar. Critically,
when the first display was retained in VWM, the second display elicited a repulsion
effect: subjects’ reports indicated that perceived direction of the second stimulus
was repelled from the direction of the first. Conversely, when subjects made imme-
diate reports about both stimuli without a recall task, no repulsion effect emerged.
Assuming that these reports reflected participants’ perceptual experiences, we can
conclude that retaining the first stimulus in memory affected perception of the sec-
ond stimulus. There is also evidence that VWM influences perception of ambiguous
motion stimuli (Scocchia et al. 2013;Hein et al. 2021), orientation, and colour (Teng
& Kravitz 2019).

There are many other proposed effects of memory on perception. Munton (2022)
appeals to the role of long-term memory in perception, including the recruitment
of Bayesian priors (Weiss et al. 2002; Kersten et al. 2004). She also cites the phe-
nomenon of boundary extension, where the representation of a scene depicted in a
picture extends beyond the boundaries of the picture (Intraub & Dickinson 2008;
Hubbard et al. 2010). However, these cases face certain interpretive difficulties. It is
controversial whether Bayesian priors are explicitly encoded in perception, or are
merely implicit in the visual system’s state–transition dispositions (Orlandi 2016;
Sanborn & Chater 2016; Icard 2016; Block 2018; Rescorla 2020). And as Munton
observes, it is unclear whether boundary extension is genuinely an effect on percep-
tual representation, or arises while encoding perceptually represented information
into memory (or perhaps involves perceptually based imagery—Nanay 2021).⁶

I focus on VWM because I believe it offers the strongest argument for the use
of explicit past-tensed representations in perceptual processing. When information
is retained in VWM, it is made accessible for retrieval and report in recall tasks.
Such wide accessibility is a hallmark of explicit representation. Furthermore, it’s
at least plausible that when a representation of an object is retained in VWM, the
object is represented or ‘tagged’ aspast. Such taggingwould allowVWMandpercep-
tual representations to be integrated in reasoning without creating confusion about

⁶ Or perhaps boundary extension emerges only when reporting remembered scene boundaries, not in either
perception or memory encoding.
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which things are currently there and which disappeared several seconds ago (White
2020: 594). By contrast, higher-capacity sensory memory stores (e.g., iconic or frag-
ile short-term memory—Sperling 1960; Landman et al. 2003) are more short-lived
than VWM, making temporal tagging less critical.

Suppose, then, that perceptual processing is sometimes guided bymnemonic rep-
resentations with past-tensed content. Does this immediately threaten perceptual
presentism? I believe the answer is no.

RecallMunton’s (2022) claim that ‘an entwinement with the past is inherent in the
most basic of perceptual capacities’ (18). It is important to distinguish causal from
constitutive versions of this claim. On one view, perception is entwined with the
past just insofar as mnemonic representations causally influence the production of
perceptual representations. On another view, perception is entwined with the past
insofar as some perceptual representations are either partially or fully constituted
by mnemonic representations (i.e., have such representations as constituents).⁷
The foregoing evidence only directly supports the causal claim: representations
retained in VWM influence the production of perceptual representations (e.g.,
of motion).⁸ However, the constitutive claim is the relevant one for evaluating
perceptual presentism.

Does the fact that mnemonic representations are computed over in perceptual
processing suffice to show that they are perceptual representations? If so, then
there would be less distance between the causal and constitutive claims than it first
appears, since the right sort of causal involvement in perceptual processing would
suffice to make a mnemonic representation perceptual, establishing the constitutive
claim.

The answer depends on what we mean by a ‘perceptual representation’. Percep-
tual presentism claims that perceptual representations have entirely present-tensed
content. But whatmakes amental representation ‘perceptual’, as opposed to doxastic
or something else?

On one view, perceptual representations are simply representations ‘in’ one’s per-
ceptual system. They are representations within the database to which the percep-
tual system has access during computation. Call this the system view of perceptual
representation—so called because it distinguishes perceptual from non-perceptual
representations by appeal to the systems that use them. The view needn’t claim that
being a perceptual representation excludes being a representation of another type.
If a state is accessed by systems of both perception and action, then it might count
as both a perceptual representation and a motor representation.

If the system view were right, then the foregoing evidence arguably would refute
perceptual presentism. For it demonstrates that VWM representations are within

⁷ However, even if perceptual representations are partially constituted by mnemonic representations, then it is
still a further question whether the latter representations are genuinely past-tensed (see section 5b).

⁸ Munton is primarily concerned to argue that mnemonic information informs the perceptual representation of
objects while they are occluded, and thus allows us to ‘see’ invisible objects. Note that one could grant that mem-
ory affects perception in this way without granting that mnemonic representations partially constitute perceptual
representations.
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the database of representations that our perceptual systems can access when com-
puting representations of distal conditions. If VWM representations are genuinely
past-tensed, then wemust conclude that there are perceptual states with past-tensed
content, and so perceptual presentism is false.

However, perceptual presentists should reject the system view, since it provides
a too permissive criterion of perceptual representation. It is highly implausible that
anymental state within the stock of representations accessed during perceptual pro-
cessing is thereby a perceptual representation. Consider cognitive penetration. It has
been argued that desires can influence distance perception, whereby desired objects
appear closer than non-desired objects (Balcetis & Dunning 2010). While there are
reasons to doubt this claim (Durgin et al. 2011; Firestone & Scholl 2016), suppose
for the moment that it is true, and that the effect involves direct, unmediated access
to desires during perceptual processing (cf. Macpherson 2012). Then desires would
bewithin the database towhich perceptual processes have access. Still, it would seem
wrong to conclude that desires are therefore perceptual representations.

So, there are reasons to regard the system view as too permissive.⁹ But this does
not yet constitute an argument against treating offline VWM representations as per-
ceptual representations when they are accessed during perceptual processing. I now
consider a more restrictive criterion that may serve this purpose.

Various authors have suggested that perceptual states are stimulus-dependent in a
way that cognitive states are not (Beck 2018; Phillips 2019; compare Rock 1982;
Carey 2009: 9). Roughly, perceptual states function to be produced by proximal
stimulation of the sense organs, and to be updated in response to changes in proxi-
mal stimulation. If a state is completely untethered from proximal stimulation, then
either it is non-perceptual or itmust involve somemalfunction of the sensory system
(e.g., in certain cases of hallucination).

Beck (2018) endorses the stronger claim that, necessarily, all constituents of
perceptual states function to be stimulus-dependent. Roughly, any perceptual
attributive—any element of a perceptual state that indicates a property—functions
to be causally sustained by some relevant aspect of proximal stimulation—i.e., a ‘cue’
to the property it represents. However, this claim has faced pushback (Quilty-Dunn
2020a). Moreover, cases of perceptual tracking through full occlusion raise prima
facie difficulties for strong stimulus-dependence. Perceptual object representations
are plausibly sustained through periods of occlusion where no proximal cues are
received from the object (Scholl & Pylyshyn 1999; Flombaum et al. 2008; Munton
2022). Here, a perceptual representation of the object, and arguably attributives
for at least some of its features, e.g. shape or size, are sustained not by proximal
cues supplied by the object or its features, but (if anything) by proximal stimulation
supplied by the occluder.

⁹ Gross (2017) likewise claims that there can be representational states within perceptual systems—viz., atten-
tional commands—that are not perceptual representations. However, his basis for denying that attentional
commands are perceptual representations seems to assume perceptual presentism: ‘Consider the … attentional
command. Though it is perhaps (if we deny it cognitive status) a representational state in perception, it is not itself
a perceptual state, at least in the sense of a state whose function is to represent the here and now’ (6).
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I espouse only modest stimulus-dependence criterion as a signature mark
of perception. Canonically, perceptual representations (i) function to be pro-
duced by proximal stimulation, and (ii) function to be updated in response to
changes in proximal stimulation.¹⁰ When your perceptual system is functioning
normally, a perceptual representation of a red apple is generated in response
to proximal stimulation received from the apple, and the representation is dis-
posed to be updated in response to changes in proximal stimulation. Notice that
object and feature representations retained through occlusion meet this modest
stimulus-dependence criterion. The representations are generated in response to
proximal stimulation, and are disposed to be updated in response to relevant
proximal changes (e.g., if the object emerges from occlusion and has changed
colour).

Importantly, many VWM representations do not meet even this modest stimulus-
dependence criterion. VWM representations can be retained ‘offline’, where they
function to remain unchanged regardless of changes in proximal stimulation. VWM
representations may be altered by incoming proximal stimulation due to inter-
ference from perceptual processes in overlapping brain areas (Teng & Kravitz
2019; Adam et al. 2021), but plausibly they do not function to be altered this
way. Their being so altered does not produce any reliable adaptive benefit for
the organism. This offers a principled reason to withhold perceptual status from
them.¹¹,¹²

One might argue that appealing to stimulus-dependence is question-begging
in this context. For, if perceptual presentism trivially follows from stimulus-
dependence, then anyone sceptical of perceptual presentism would simply reject
the stimulus-dependence criterion. However, perceptual presentism does not triv-
ially follow from stimulus-dependence, so this concern is misplaced. There is no
inconsistency in the idea that representations of past properties, states, or events
might function to be produced and updated in response to proximal stimulation.
In fact, I’ll argue in the next section that some of the most interesting challenges to
perceptual presentism are cases of just this sort.

Summing up: there is evidence that mnemonic representations are recruited dur-
ing perceptual processing. However, assuming modest stimulus-dependence as a
signature marker of perception, we can exclude ‘offline’ mnemonic representations
from the realm of perceptual states, even when they causally influence perceptual
processing.

¹⁰ I do not offer this as a strictly necessary or sufficient condition for perception, or as a general theory of the
perception-cognition border (for my views on the latter, see Green (2020)).

¹¹ My point is not that mnemonic representations can never be perceptual representations. Rather, it is that
some mnemonic representations—those that lack even a modest form of stimulus-dependence—are plausibly not
perceptual. I return to this issue in section 5b.

¹² Whilemodest stimulus-dependence provides oneway of denying perceptual status to offline VWMrepresenta-
tions, it may not be the only way. Theorists have proffered various empirically necessary conditions on perception,
such as iconic format (Block 2023), modularity (Mandelbaum 2018; Quilty-Dunn 2020b), or dimension-restriction
(Green 2020, 2023). Perhaps offline VWM representations lack one or more of these features. I emphasize
stimulus-dependence because I think it offers the most straightforward rationale against treating offline VWM
representations as perceptual, and most theorists would agree that it is at least a reliable signature of perception.
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Past Properties of PresentObjects

I turn to the cases I take to pose the most serious challenge to perceptual
presentism—the perception of present objects as having past properties. Past-tensed
representations may feature as constituents of more complex perceptual represen-
tations that also possess present-tensed content: e.g., <O is F, but was G>. Various
cases might be thought to work this way. I’ll suggest a general strategy on behalf
of perceptual presentists for handling them, which I call the complexity gambit. I’ll
consider an example where the complexity gambit is viable, and then an example
where it is not.

Causal History from Shape

Consider the bitten cookie in Figure 10.1. You probably have an irresistible impres-
sion that the cookie used to be roughly circular before it had a portion removed.
That is, you have an impression of its ‘causal history’. Some have suggested that an
object’s causal history might be extracted during perceptual processing on the basis
of cues in the proximal stimulus (Leyton 1989, 1992; Spröte et al. 2016; Chen &
Scholl 2016). If so, a natural interpretation is that you enjoy a perceptual represen-
tationwith partly past-tensed content. Call the cookie’s precise bitten shape ‘B’. Then
the representation is something like: <That object is now B, but was circular>.

Figure 10.1 A bitten cookie.
Source: Spröte and Fleming (2016). Reprinted with permission of Elsevier.

If this is the correct account, then it poses a more difficult problem for perceptual
presentism than the mere recruitment of mnemonic representations in perceptual
processing. For, the representation of the cookie as formerly circularmight be just as
stimulus-dependent as the representation of its current shape. The representation
of circularity is not like a VWM representation retained offline while the cookie
is absent. Rather, like the representation of the cookie’s current shape, the repre-
sentation is formed on the basis of shape-relevant cues in the proximal stimulation
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received from the cookie. It might also be updated in response to proximal changes.
For example, if the cookie were further distorted (e.g., crumbled) to remove any hint
of its past circularity, the representation of circularity might be discarded.

Earlier, I mentioned the idea that a fundamental purpose of perception is to
deliver ‘news’ to the rest of the mind on the basis of sensory stimulation. While that
idea might appear to support perceptual presentism (as Block (2023: 20) seems to
suggest), we can now see why this is not quite right. For perception to provide ‘news’,
it only needs to deliver information about the environment that is new for the per-
ceiver. But past-tensed content can surely qualify as news in this sense. If I enter my
kitchen and see a bitten cookie, then it is news to me that the kitchen contains a for-
merly circular cookie. For certain purposes, such asmonitoringmy daughter’s sugar
consumption, this news might be rather important.

Roland Fleming’s group has performed numerous studies of the recovery of causal
history from shape. These studies probe our ability to judge which shape something
had before undergoing some distortion, and to classify shapes by the particular kind
of distortion they have undergone (Schmidt & Fleming 2016; Spröte & Fleming
2016; Schmidt & Fleming 2018; Schmidt et al. 2019). In many cases, the relative
contributions of perception and post-perceptual cognition in generating subjects’
responses are unclear (as the authors acknowledge—Schmidt et al. (2019, 168)).
However, I’ll highlight the study that I think bears most directly on the issue of
whether recovery of causal history is genuinely perceptual.¹³

Spröte, Schmidt, and Fleming (2016) created shapes that appeared either ‘com-
plete’ or ‘bitten’ and asked participants to mark the perceived axis of symmetry of
the shape by placing dots along that axis. For complete shapes, subjects’ responses
clustered around the real symmetry axis, while for bitten shapes, responses instead
clustered around the axis of symmetry of its unbitten counterpart (Figure 10.2). Par-
allel results emerged for judgements about the front, back, and centre of the shapes.
Spröte et al. take these results to suggest that the visual system constructs represen-
tations of both the present and past shapes of a bitten object. But presumably we do
not perceptually represent these objects as currently possessing their past shapes—
we are not confused about whether the cookie in Figure 10.1 is presently circular or
bitten. The obvious alternative is that pre-bite shapes are attributed in the past tense,
while post-bite shapes are attributed in the present tense.

One might suggest that representation of the completed shape did not occur in
perception but only in cognition, and these cognitive judgements guided perfor-
mance on the dot placement task. However, if completed shapes affect the represen-
tation of symmetry axes, then this is some evidence that they are represented per-
ceptually. There is evidence that the perceptual system recovers axes of global sym-
metry and elongation and uses them in constructing visual shape representations
(Humphreys & Quinlan 1988; Quinlan & Humphreys 1993; Chaisilprungraung

¹³ Chen and Scholl (2016) performed another study sometimes taken to demonstrate that causal history is gen-
uinely perceived. However, this study probed the perception of dynamic transformations (viz., intrusions) within a
brief apparent motion sequence—i.e., very recent causal history. In this case, it is plausible that causal transforma-
tions were represented wholly within the bounds of a single specious present. Given the qualification in section 2,
this would be consistent with perceptual presentism.
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(1) Shape A (2) Ellipse (3) Butterf ly (4) Kidney (5) Banana

(6) Apple (7) Bitten ellipse (8) Heart (9) Rectangle (10) Bitten column

Figure 10.2 Stimuli used by Spröte et al. (2016).
Source: Spröte et al. (2016). Reprinted under the terms of the Creative Commons CC BY license.

et al. 2019). If the processes that recover completed shapes causally influence the
processes responsible for recovering symmetry axes, this lends defeasible support
to the view that the former processes are perceptual too (see also Chen & Scholl
2016).

Rather than dwell on the perception-cognition issue, I will assume for the sake
of argument that completed, pre-bite shapes are perceptually represented. My ques-
tion is whether, granting this, we must conclude that completed shapes of bitten
objects are perceptually attributed in the past tense. I think the answer is no: per-
ceptual presentists can accept that completed shapes are perceptually represented
while denying that they are attributed in the past tense.

The most flatfooted strategy would be to hold that perception of bitten shapes
involves a familiar kind of perceptual completion. Perceptual completion comes
in two familiar varieties: modal completion (Figure 10.3a) and amodal completion
(Figure 10.3b). In modal completion, one experiences an illusory border between
the completed shape and its surroundings—the square appears brighter than its
background. In amodal completion, one has a perceptual impression of the com-
pleted shape, but no illusory border is experienced (Murray et al. 2004). In both
cases, one perceptually represents the relevant object as presently possessing the com-
pleted shape. If we perceptually complete the missing portions of bitten shapes in
either of these ways, the result would presumably be a perceptual representation
of the bitten object as presently possessing its completed shape. The bitten cookie
would be perceived as presently circular.

However, the ‘completion’ of bitten shapes differs markedly from both modal
and amodal completion. Regarding the former, there seems to be no phenome-
nal impression of an illusory contrast border surrounding the missing portion of
a bitten shape (Spröte & Fleming 2013). Regarding the latter, evidence suggests that
bitten shapes are treated differently by the visual system from amodally completed
shapes. Visual search data suggest that amodal completion of partially occluded
objects takes place early and ‘preattentively’, while completion of bitten objects does
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Figure 10.3a Modally completed square.

Figure 10.3b Amodally completed circle.

not (Brenner et al. 2021). Thus, the ‘completion’ of bitten shapes probably is not
reducible to ordinary modal or amodal completion.

I recommend a different strategy. It is possible that perception might represent
a past property of an object without attributing the property in the past tense and
without representing it as a present property of the object. Instead, the property
may feature as part of a complex perceptual description of a distinct present prop-
erty. Call this the complexity gambit. In the current case, the perceptual presentist
might suggest that the completed ‘past’ shape of the object serves as a means to rep-
resenting the more complex present shape of the object, but without any explicit
representation of its pastness.

Consider the object in Figure 10.4. If asked to describe its shape, it would be nat-
ural to reply: ‘ellipse, save for a rectangular notch on the left’. When you answer this
way, you do not commit to the claim that the object everwas elliptical. The appeal to
ellipticality serves only as a convenient means to describing the real, complex shape
of the object.

Figure 10.4 Ellipse with a notch.
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There is a useful analogy to the perception of holes. Studies suggest that when
we see an object with a hole, we visually represent not only the shape of the object,
but also the shape of the hole it encloses (Palmer et al. 2008; Nelson et al. 2009).
When asked which among several alternatives matches a target shape, participants
are equally fast and accurate whether the target shape is a material surface or an
immaterial hole (Nelson et al. 2014). More recently, Kim (2020) found that when
participants performed the well-known ‘bouba/kiki’ correspondence on objects
with holes, correspondence decisions were driven by the intrinsic shape of the hole,
rather than the shape of its exterior.¹⁴

Palmer et al. (2008) propose that the visual system employs a two-part scheme
to represent objects with holes. It generates one representation of the shape of the
outer boundary of the surface, and another representation of the shape of the hole,
with the latter marked as enclosing an empty region. Together, such representations
describe the overall shape: the shape of the surface bounded by the outer contour
‘minus’ the shape of the hole—a ‘negative part’. Because the intrinsic shape of the
hole is encoded by a constituent of this representation, it is made accessible to shape
recognition processes.

A similar scheme might be employed for bitten objects. Perception might com-
plete the bitten shape by filling in the portion that has been removed, then produce
a representation of the shape of the indentation caused by the bite,marked as enclos-
ing empty space. Together, these representations would describe the overall shape:
the shape of the completed counterpart minus the shape of the indentation. Crit-
ically, however, the completed shape is not represented as a past property of the
object. The representation is silent on whether the object ever had the completed
shape by which its present shape is described.

This story assumes that the visual system represents the intrinsic shapes of inden-
tations caused by bites. I already mentioned such evidence in the case of holes, but
there is also evidence that the shapes of other negative parts like notches or bites are
perceptually represented, provided they are sufficiently salient. Mary Peterson and
colleagues have shown that when we see a figure-ground display, the shape of the
region seen as background, perceived as an ‘intrusion’ into the figural region, can
be processed to the level of semantic categorization (Peterson & Skow 2008; Cac-
ciamani et al. 2014). Cacciamani et al. (2014) showed participants figure-ground
displays, such as those in Figure 10.5, in which a familiar shape was suggested on the
side of the contour typically seen as background. The shapes defined by these con-
tours nonetheless exerted semantic priming effects (faster categorization of words
naming objects belonging to the same superordinate category). Thus, salient neg-
ative parts can plausibly have their shapes perceptually encoded, even when the
negative part is (unlike a hole) not bounded by a closed contour.¹⁵

¹⁴ See, however, Bertamini and Helmy (2012) for evidence that holes are not perceived like material objects in
all respects.

¹⁵ Note that this story only applies to salient negative parts. Spröte et al. (2016) found that participants plotted
the symmetry axis of a completed shape, rather than the bitten shape actually shown, only when the concavity
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A Control Silhouettes

Figure 10.5 Stimuli from Cacciamani et al. (2014). Though the white regions tend to be
perceived as negative parts, their shapes are processed to a level sufficient to engage semantic
priming.
Source: Cacciamani et al. (2014). Reprinted with permission of Springer Nature.

I’ve argued that perceptual presentists might accommodate the perception of
causal history from shape through the complexity gambit. Even if we perceptually
represent the ‘past’ shape of a distorted object, it is questionable whether we repre-
sent this shape in the past tense. Rather, it may feature as a constituent in a complex
representation of the object’s present shape.

At this point, one might wonder what would constitute good evidence for past-
tensed content in perception. If the complexity gambit allows us to finesse any
possible evidence against perceptual presentism, then one might worry that it is too
powerful. However, I do not think this is true. In the causal history case, the com-
plexity gambit is available only because certain present properties of the object are
naturally describable in terms of the relevant past properties—viz., due to a close
geometrical relationship between them. I suggest that progress might be made by
instead investigating the representation of past properties bearing no non-arbitrary
relation to the object’s present properties. I close with a potential example of this
sort.

Object Files

I argued earlier that when mnemonic representations are retained wholly offline,
we can deny them perceptual status because they violate even a modest stimulus-
dependence criterion. These cases involved ‘pure’ VWM representations completely
untethered from current proximal stimulation. However, the visual system also
forms complex representations containing mnemonic elements alongside present-
tensed elements, and these representations do seem to satisfy stimulus-dependence.

An object file is a representation that sustains reference to an individual over
time while storing information about that individual’s current and recent features
(Kahneman et al. 1992; Noles et al. 2005; Green & Quilty-Dunn 2021). Evidence
for object files derives from many sources. In the object-reviewing paradigm, two

was plausibly interpreted as a bite—not when the concavities were smoothed. As Spröte et al. note, the apparently
bitten concavities were more salient than the smoothed concavities due to the presence of sharp discontinuities at
the opening of the concavity (Kim & Feldman 2009) and completion cues linking the contours on opposite sides
of the concavity.
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wireframe objects appear on a computer screen, and features (letters or shapes)
appear within thembefore vanishing. Next, the objectsmove to new locations, and a
new feature appears in one of them. Participants are asked whether the new feature
matches either of those seen previously. Responses are faster when there is a match,
but faster still when a feature reappears in the same object it appeared in initially,
even though the object has shifted location. This is called an object-specific preview
benefit (OSPB). Object files are held to underlie the OSPB. When features appear
in objects at the beginning of a trial, representations of those features are entered
into files dedicated to the relevant objects; these representations are retained in the
files after the features vanish. Later, when a feature reappears, responses to it are
facilitated if it matches information already in the relevant file.

Object files are plausibly perceptual representations. First, they subserve the vital
perceptual function of apprehending object continuity over time (see also Munton
2022; Green 2023). Suppose that multiple objects are perceived at time T1 and time
T2. The visual system faces a problem of determining, for each object at T1, which
object (if any) at T2 is a continuation of it (Dawson 1991). Object-file theory claims
that an object at T2 is treated as a continuation of one at T1 when a single object file
targets both of them. There is evidence that the perception of object continuity in
apparent motion corresponds well with object-file maintenance as indexed by the
OSPB (Odic et al. 2012; although see Mitroff et al. 2005).

Object files also seem tomeet themodest stimulus-dependence criterion. They are
initiated in response to proximal stimulation and function to be updated in response
to changes in proximal stimulation. Perhaps most obviously, an object file deployed
when perceptually tracking an object must maintain a record of the object’s current
location, and update this record in response to signals received from the object as it
moves.

Here is the threat to perceptual presentism: If (i) the mnemonic constituents of
object files attribute features in the past tense, and (ii) object files—including all of
their constituents—are fully perceptual, then there are some past-tensed perceptual
representations, and perceptual presentism is false.

The complexity gambit does not seem applicable here because the relationship
between past and present features encoded within an object file can be wholly arbi-
trary. If an A appears on an object and vanishes, the object need have no property
afterward that is naturally describable in terms of the A. So, if object files fail to
undermine perceptual presentism, it is not because they succumb to the complexity
gambit.

Still, perceptual presentists might raise doubts about (i) or (ii) above.
Start with (i). I said earlier that representations in VWM plausibly mark their

contents in the past tense, since this would reduce the chance of confusing objects
currently before you with objects that have now vanished. But an alternative view
would be that VWM representations do not explicitly mark their contents as past—
they do not contain syntactic elements that explicitly encode this information.
Instead, their functional role disposes them to be treated as if their contents were
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past rather than present. A similar possibility arises for object files. The mnemonic
constituents of an object file might play a different functional role from other con-
stituents. This role might dispose them to be treated as if they attributed properties
in the past tense, but without actually doing so.

One challenge for this proposal is to explain what underpins the functional-role
difference between attributives for present properties and attributives for past prop-
erties, if tense is not syntactically marked. How do consuming processes ‘know’ to
treat a given attributive in an object file as if its content were past, if this infor-
mation is not explicitly encoded? Setting this question aside, however, note that
functional-role properties might contribute to grounding temporal content in the
absence of syntactic tense markers. If consuming processes treat a given constituent
of an object file as if it represents the content x was red, this might simply make it
the case that the constituent represents this past-tensed content, even without any
discrete constituent akin to a past-tensed copula.¹⁶

Turning to (ii), one might suggest that object files are not fully perceptual rep-
resentations, but hybrid representations with both perceptual and non-perceptual
constituents. The non-mnemonic constituents are perceptual, while the mnemonic
constituents are not. Thus, while object files do have past-tensed constituents, none
of them are perceptual representations.

This reply prompts the question of why the mnemonic constituents should be
dismissed as non-perceptual. I said that a vital perceptual function of object files is
the apprehension of object continuity over time. One way to argue that mnemonic
constituents of object files are non-perceptual would be to claim that only the non-
mnemonic constituents contribute to performing this function. However, this claim
is incorrect. The mnemonic constituents of object files play a key role in deter-
mining object continuity through saccades. Perception can use the information
that object O was red, say, to determine which object visible after a saccade marks
a continuation of O (Hollingworth et al. 2008; Richard et al. 2008; Schut et al.
2017).

Thus, perceptual presentists cannot withhold perceptual status from object files’
mnemonic constituents on the grounds that they are not used in the performance
of perceptual functions. They need another reason for doing so.

Onemight appeal again to stimulus-dependence.While I argued above that object
files satisfy modest stimulus-dependence, perhaps not every constituent of an object
filemeets this condition. In particular, themnemonic constituents of object filesmay
not function to be updated in response to new sensory input.

I regard this as an empirical question. It could turn out that newly received
cues to an object’s past properties are used to update object-file representations
of its past properties. If so, these representations would be stimulus-dependent

¹⁶ Compare Block’s proposal that object files possess singular content in virtue of their functional role rather
than through the possession of a discrete syntactic constituent with singular content (Block 2023: ch. 5). See Green
(2023) for objections to Block’s model.
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after all. Note also that others have objected to the view that all constituents of
perceptual representations must function to be stimulus-dependent (Quilty-Dunn
2020a). So, the current strategy requires a controversially strong version of the
stimulus-dependence criterion.

In any case, the current strategy raises an important, more general question. Sup-
pose we grant that a whole object file is perceptual because, inter alia, it satisfies
modest stimulus-dependence and subserves canonical perceptual functions. Then
the question arises whether any constituent of a perceptual representation automati-
cally qualifies as perceptual, ‘inheriting’ perceptual status from the complex of which
it is a part. One view would say yes: the property of being a perceptual representa-
tion is like the property of being located in Massachusetts—if it is possessed by the
whole, it is also possessed by the parts. Another view would say no: the property
of being a perceptual representation is like the property of weighing ten pounds—
it can be possessed by a whole but not its parts. More generally, is the property of
being a perceptual representation preserved under syntactic decomposition?¹⁷ If so,
then object files pose a significant threat to perceptual presentism. If not, then the
perceptual presentist may have an escape route.

I mention two further fallback positions for the perceptual presentist.
First, perceptual presentists might restrict their view to conscious perception,

and attempt to show that the mnemonic constituents of object files—or perhaps
even object files as a whole (Mitroff et al. 2005)—are always unconscious. For
those primarily interested in conscious perception, I suggest that the perception of
causal history from shape offers amore pressing challenge to presentism than object
files.

Second, even if we grant that object files are thoroughly perceptual representa-
tions with past-tensed constituents, one could argue that there is still a functional
asymmetry between present-tensed and past-tensed representation in perception:
Whenever past-tensed representation occurs in perception, it occurs for the pur-
pose of guiding production of present-tensed perceptual representations, but the
converse is not true. Thus, in the case of object files, perhaps past-tensed con-
stituents are retained solely for the purpose of guiding present-tensed representation
of object continuity and persistence. If so, then perceptual presentism, strictly speak-
ing, would be incorrect; but something would remain of the intuition that the basic
function of perception is to represent present conditions. Past-tensed perception
occurs only when it aids in performing this function.

I conclude that object files offer a crucial case study for perceptual presentism.
They straddle the boundary between present and past. They fulfill paradigmatic per-
ceptual functions and aremodestly stimulus-dependent. However, they also possess
mnemonic constituents that are vital in performing their perceptual functions.

¹⁷ Decomposition is the key direction here. One might hold that a non-perceptual representation could have
a perceptual representation as a constituent, but that no perceptual representation could have a non-perceptual
representation as a constituent.
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6. Conclusion

Perceptual presentists hold that perception is restricted to representing present
conditions. While perceptual presentism is commonly assumed, it is rarely
defended. Moreover, various strands of evidence suggest that perception is attuned
to the past in lawlike ways. This chapter has distinguished three forms of percep-
tual sensitivity to the past and considered their bearing on perceptual presentism. I
argued that only the third form constitutes a genuine threat to the view. While the
case for this form of sensitivity remains inconclusive, I suggest the most compelling
challenges to perceptual presentism derive from complex representations that inte-
grate mnemonic and present-tensed elements in performing canonical perceptual
functions.¹⁸
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Spröte, P., & Fleming, R. W. (2013). Concavities, negative parts, and the perception that

shapes are complete. Journal of Vision, 13(14), 3, 1–23.
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11
ExperienceReplayAlgorithmsand the
Functionof EpisodicMemory
Alexandria Boyle

Introduction

Think back to when you woke up this morning.¹ Maybe you snoozed your alarm
several times, or perhaps you jumped out of bed straight away, ready to face the day.
Maybe you had a leisurely breakfast and chatted to your family, or maybe you had
to tumble out of the house in a hurry with nothing but a coffee to go. Whatever
happened, as you think back to this morning you may have the feeling that you’re
‘replaying’ your experiences in yourmind’s eye. Youmightmentally smell the coffee,
see it foam or hear the hiss as it comes out of the machine. This phenomenon—
experience replay—is characteristically associated with episodic memory: memory
for personally experienced past events.

Episodic memory presents several puzzles for philosophers and scientists of
memory. Among them is the question of its function: what does episodic memory
contribute to the cognitive system (Cummins 1975)? To put it another way, what
is it that we’re able to do because we can remember and ‘replay’ past events? What
makes this puzzle challenging to resolve is the difficulty of evaluating competing
theories of episodic memory’s function. To do so, we’d ideally need an agent which
had episodic memory, whose episodic memory capacity we could ‘switch off ’ whilst
leaving its other cognitive functions intact, so that we could isolate the unique con-
tributions episodic memory makes. For reasons I’ll outline, it is not easy to find an
agent like this in the biological realm. But recent developments in AI suggest an
intriguing possibility: perhaps we could make one.

In recent years, a number of algorithms have been developed which exploit an
‘experience replay’ mechanism, drawing direct inspiration from episodic memory
in biological systems (Hassabis et al. 2017). These algorithms record details of their
‘experiences’ and replay these experiences after the fact. The replay mechanism is

¹ Earlier versions of this chapter were presented to audiences at the London School of Economics, Kings College
London, the LondonMind Group, Duke University, and the University of Arizona. I’m grateful to all those present
for helpful feedback and discussion. Thanks also to Andrea Blomkvist, Julia Haas, and an anonymous reviewer for
comments on an earlier draft. This research was supported by a UKRI Future Leaders Fellowship (grant number
MR/W00741X/1). There are no data associated with this work.
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often separable from the rest of the cognitive architecture, making it possible to
directly assess its contributions to the system’s capabilities. In this chapter, my ques-
tion is whether, by investigating the effects of experience replay on artificial agents,
we stand to learn about episodic memory’s function in biological systems. For this
to be a promising research strategy, there would need to be more than a superfi-
cial resemblance between biological and artificial experience replay. The two would
need to be meaningfully similar, such that one could hope to draw justified (if
defeasible) inductive inferences about biological episodic memory from artificial
experience replay. Whilst there are significant differences between these phenom-
ena, my argument here will be that the two are sufficiently similar in relevant ways
to ground such inferences—so, by investigating these algorithms we stand to gain
defeasible evidence about the function of episodic memory.

I begin in §2 by describingDeepMind’s deep-Qnetwork (DQN) algorithm (Mnih
et al. 2015), the experience replay algorithm I take as my case study in this chapter.²
In §3, I argue that in order to inform our accounts of episodic memory’s function,
DQN would need to resemble episodic memory at the algorithmic level. I show
that there are significant similarities between the two at the algorithmic level: both
exploit detailed, iconic representations integrating multidimensional information
about specific past events. In §4, I apply this result to the debate about episodic
memory’s function. After briefly summarizing the debate between simulationist and
mnemonic accounts of episodic memory’s function, I argue that DQN provides
some support to themnemonic view. I also acknowledge several differences between
DQN and episodic memory. I argue that for some purposes, these differences will
not matter: DQN can fruitfully serve as an idealized model of episodic memory
whilst differing from it in various ways. In other contexts, however, these differences
will matter. This reveals ways in which we might look to extend or adapt experi-
ence replay algorithms to more closely resemble episodic memory in the relevant
respects. Doing so would facilitate the evaluation of more granular theories about
episodic memory’s operations and contributions to cognition. §5 concludes.

TheDQNAlgorithm

The Arcade Learning Environment is a platform which uses Atari 2600 games, like
Breakout, Pong, and Space Invaders, to evaluate AI systems (Bellemare et al. 2013).
In 2015, DeepMind reported that their DQN algorithm had achieved a new state of
the art in the Arcade Learning Environment, achieving better scores than the previ-
ous best-performing algorithm in forty-three of forty-nine games tested (Mnih et al.
2015). DQN’s performance was comparable to that of a professional human games
tester, achieving at least 75% of the human’s score on more than half of the games

² Given the differences between DQN and other implementations of experience replay, the conclusions I draw
here can’t be generalized to other architectureswithout argument. I discuss some other experience replay algorithms
briefly in §4.
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sampled. Key toDQN’s success was a ‘biologically inspired’ experience replaymech-
anism. Unlike previous systems, which learned from each ‘experience’ and moved
on, this algorithm recorded its experiences and replayed them after the fact.

DQN is a reinforcement-learning algorithm. Reinforcement learning is amachine
learning paradigm in which an agent learns by taking actions in its environment.
Reinforcement-learning problems are commonlymodelled asMarkov decision pro-
cesses. In a Markov decision process, an agent interacts with its environment at
several discrete time stems, t = 1, 2, …, n. At each time-step, the agent observes
the state of the environment (St), selects an action (At), receives a reward (Rt) and
observes the resulting state of the environment at the next time-step (St+1) (Sutton
& Barto 2018). In the Arcade Learning Environment, the reward is the change—
positive or negative—in game score. Over time, the idea is that the agent will learn
a policy which maximizes its future rewards. Roughly speaking, a policy is a state–
actionmapping; something that determines how the agent will act in any given state.
The agent may initially act randomly, but by observing the effects and rewards pro-
duced by its actions, it develops more sophisticated policies, enabling it to respond
effectively to the environment (Figure 11.1).

AGENT

ENVIRONMENT

ST
AT

E

RE
W

AR
D

ACTIO
N

Figure 11.1 Agent–environment interactions in a Markov decision process.

DQN implements a form of reinforcement learning known as Q-learning.
Q-learning involves learning the expected reward (the ‘Q-value’) of the actions in
each scenario. In ‘vanilla’ Q-learning (i.e., the most basic form), Q-values are repre-
sented in a look-up tablemapping state/action pairs toQ-values (Figure 11.2).When
the agent acts, the Q-table is updated to reflect new information about the relevant
state/action pairs. DQN is a variation onQ-learning inwhich theQ-table is replaced
by a neural network mapping input states (i.e., observed states of the environment)
to action/Q-value pairs.

At each time-step, the agent selects an action using an ‘ε-greedy’ policy: it selects
a random action with probability ε, and selects the action predicted to have the
highest value with probability 1-ε. The value of ε is adjusted during training such
that the agent begins by randomly exploring the available actions, later shifting
towards exploiting what it has learned. Whenever the agent takes an action, the
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Figure 11.2 Q-table.

divergence between the expected and actual reward is used as an error signal to
train the Q-learning network.

The important thing about DQN for our purposes is its use of experience replay.
In experience replay, the agent’s experience at each time-step is recorded. An
experience consists of a 4-tuple representation (St, At, Rt, St+1), where:

• St = the state of the environment at t
• At = the action taken at t
• Rt = the reward obtained at t
• St+1 = the state of the environment at t+1.

These 4-tuple experiences are pooled in a store called the ‘episodic buffer’. The oldest
experiences are deleted when the episodic buffer’s finite capacity is reached.

Importantly for our purposes, the state representations (St) are more complex
than this brief sketch suggests. ‘St’ in fact represents a sequence of observations (Xt)
and actions (At) over the m time-steps leading up to and including t. The number
of time-steps per sequence (m) is variable; in DeepMind’s original implementation,
m = 4. St is then shorthand for the sequence: Xt-3, At-3, Xt-2, At-2, Xt-1, At-1, Xt. Each
X is an observation of the screen of the Atari emulator, represented as pixel vector.
Simplifying, this is generated by taking a screenshot from the Atari system, apply-
ing some minimal pre-processing to remove artifacts, standardizing the size of the
screenshot and converting it to greyscale. Each pixel in the resulting 84 × 84 pixel
greyscale image can now be represented as a single number, the luminance value
corresponding to its particular shade of grey. These luminance values are used to
convert the image into a two-dimensional numerical array. The two dimensions of
the array correspond to image height and width; each number in the array picks
out the pixel in the corresponding image location and represents its luminance. The
sequence, St, is then a temporally ordered sequence of pixel vectors interspersed
with the actions taken at the corresponding time-step.

The Q-learning network learns ‘off-policy’, by training itself on minibatches
of experiences selected at random from the episodic buffer, rather than directly
on the agent’s most recent experience (see Figure 11.3). One advantage of using
past experiences for learning in this way is that each experience can be used
for learning several times. Another is that it eliminates the correlations which
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would otherwise hold between consecutive training samples, which are both inef-
ficient for learning and increase the chances of the system getting stuck in local
minima—that is, becoming committed to suboptimal strategies. Consistently with
experience replay conferring these learning advantages, disabling replay signifi-
cantly worsens the network’s performance, sometimes by an order of magnitude
(Mnih et al. 2015: Table 3).

Select action at t:
p(ε) = random action

p (1-ε) = optimal action

Observe state and
reward at t+1

Store experience as
4-tuple in episodic buffer

Sample experiences from
episodic buffer and
apply Q-learning

Figure 11.3 Simplified sketch of the DQN algorithm.

Representations in EpisodicMemory andDQN

As noted in §1, DQN’s reliance on experience replay is suggestive because of
the characteristic association between experience replay and episodic memory in
humans. But to determine whether this is any more than suggestive, we’d need to
know whether this is a meaning ful similarity between episodic memory and DQN.

In general, cognitive systems can be described and explained at various ‘levels.
David Marr’s (1982) prominent account distinguishes the computational, algorith-
mic, and implementation levels. The computational level is the level at which we
describe what the system is doing and why; the algorithmic level describes what
representations are used and what algorithms are used to process them; the imple-
mentation level describes the physical structures realizing this processing. There is
some independence between these levels, meaning that two systemsmight resemble
one another at one level whilst being very different at another.

In the current context, we are ultimately interested in understanding the cog-
nitive role function of episodic memory: what it does, and how, by doing that, it
contributes to the capacities of the cognitive systems of which it’s a part (Cummins
1975). What makes this puzzling is that, on an intuitive picture of what episodic
memory does, it’s not obvious that it has a distinctive contribution to make. Its
central job is to carry detailed information about specific past events. But we have a
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general-purpose memory system in the form of semantic memory—a decontextual-
ized memory store carrying information about words, conceptual relations or facts.
So, we might wonder, what is the point of having another memory system dedicated
to the storage, encoding and retrieval of detailed information about specific past
events when, after all, much of this information is surely redundant, and the specific
events will never come around again?³ Put in these terms we can see that our ques-
tion is pitched at the algorithmic level: what is the point of having a memory system
that uses these kinds of representations in this way? For DQN to aid us in answer-
ing this question, we would therefore need to establish that it resembled episodic
memory at the algorithmic level.⁴ The task of this section is to establish that there
are reasons for thinking this is true, by showing that DQN and episodic memory
exploit similar kinds of representations.

The first step is to give an account of the representations exploited by biological
episodicmemory.WhenEndel Tulving introduced the distinction between episodic
and semantic memory (Tulving 1972), he distinguished the two in terms of their
content. Episodic memory was a matter of remembering what happened, where,
and when. However, Tulving and many others came to see this characterization
of episodic memory as inadequate, for two reasons. First, there are examples of
episodic memories in which one or more of the ‘what-where-when’ components
is missing. Second, it is not uncommon to semantically remember the ‘what-where-
when’ of events, including events which one could not episodically remember, such
as the Battle of Hastings. These seem significant problems: ideally, an account of
episodic memory ought at least to capture what in general distinguishes it from its
most salient contrast class (Boyle 2020b).

In response to this, Tulving and others came to place greater weight on the char-
acteristic phenomenology of episodic recollection: the experience described in terms
of ‘replaying’ past events (Tulving 2005).⁵ To place toomuchweight on experience in
characterizing episodic memory feels problematic, however. Most significantly for
our purposes, this provides little guidance when it comes to evaluating the signifi-
cance of algorithms like DQN. Since, plausibly, no current AI systems are conscious,
no current architecture will exhibit the relevant phenomenology, suggesting that no
current experience replay architecture implements episodic memory. To be clear,
that may well be the right result. But this does not settle the question of whether
architectures like DQN can inform our understanding of biological episodic mem-
ory, since they might nevertheless be similar in significant respects. Nevertheless,
as I’ve argued elsewhere (Boyle 2020b), characterizing episodic memory in terms
of experience replay can be fruitful, since careful reflection on what is involved
in ‘replaying’ past events allows us to characterize the representations involved in

³ See Brown (2024: sec. 3) for a compelling discussion of this puzzle.
⁴ This means that we need not be troubled in this context by the obvious fact that DQN and biological episodic

memory processes differ at the level of implementation: DQN is implemented in ordinary computer hardware, and
episodic memory in brain structures and processes.

⁵ Following Tulving (2005), this experience is sometimes described in terms of ‘autonoetic consciousness’ and
‘chronesthesia’. I find this terminology unhelpful for reasons I’ve outlined elsewhere (Boyle 2020a), and will avoid
it here.
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episodic memory in more granular terms than ‘what-where-when’. This reveals an
account of episodic memory which both distinguishes it from semantic memory
and facilitates comparisons with experience replay algorithms: we can determine
whether experience replay algorithms involve representations which carry similar
information and are structured in similar ways.

To say that episodicmemory characteristically involves experience replay involves
taking on some substantial commitments about the content episodic memory car-
ries. First, it suggests that episodic memory carries detailed spatial information
about an event. This is not merely to say that it carries information about where
the event occurred. In fact, one might episodically remember an event without
being able to pinpoint its location. But episodically remembering an event typically
involves remembering what we might call the event’s ‘internal’ spatial features, that
is, the spatial context in which the event occurred. For instance, if you remember
having breakfast this morning, you might remember the room you ate in, how the
furniturewas arranged in that room,where your cereal bowlwas relative to the table,
where the cereal was relative to the bowl, and so on. That episodic memory captures
this kind of contextual spatial information about an event is central to accounts char-
acterizing episodic memory in terms of ‘scene construction’ (Boyle 2020a; Clayton
& Russell 2009; Rubin & Umanath 2015).

In addition, to the extent that episodic memory prototypically involves replay-
ing events, it must carry similar information about the event’s temporal features.
Once again, this is not a matter of remembering when the event occurred. In fact,
episodic memory need not involve representing events as past at all (Boyle 2020a).
But episodically remembering an event, such that one could in principle men-
tally replay or re-experience it, must involve remembering its ‘internal’ temporal
features, that is, the order in which its component parts occurred (Boyle 2020b).
So, again, if you remember having breakfast this morning, you might remember
that your cereal bowl was full at the beginning and became progressively emptier,
that the cereal was crispy at the beginning but became progressively soggier, and
so on.

Spatial and temporal information are of course not the only kinds of informa-
tion episodic memory characteristically carries about an event. Given that episodic
memories are of events you personally witnessed or were involved in, we might add
that episodic memory can carry self-referential information, such as information
about how you were involved, what you were thinking, feeling, or perceiving (Boyle
2020b).

So, we now have a somewhat fuller characterization of the sort of content episodic
memory prototypically carries, namely, detailed, multidimensional information
about an event, including the spatial and temporal organization of the event, and
the remembering subject’s involvement in, perception of and thoughts and feelings
about the event at the time of its occurrence. This is by no means a novel view of
episodic memory’s content: a number of recent accounts emphasize the fact that
episodic memory carries event information across a number of quality dimensions
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(Brown 2024; Gershman & Daw 2017). This picture of episodic memory’s con-
tent is also reflected in the methodologies used to investigate episodic memory in
cognitive science. For instance, the Autobiographical Interview Questionnaire dis-
tinguishes the episodic and semantic aspects of an autobiographical memory by
coding reported details as either ‘internal’ (episodic) or ‘external’ (semantic), where
‘internal details’ are comments on the event’s spatiotemporal structure, and the
subject’s thoughts, emotions, or perceptions during the event (Levine et al. 2002).
Several methods for detecting episodic memory in animals also rest on the idea
that episodic memory carries detailed multidimensional event information. For
instance, the ‘what-where-which’ protocol investigates whether an animal can dis-
criminate between similar events which occurred in distinct spatial contexts (Eacott
et al. 2005), whilst ‘sourcemonitoring’ studies investigatewhether an animal remem-
bers contextual detail about an event besides what happened, where, and when
(Crystal et al. 2013).

Whilst ‘replaying’ an event involves recalling detailed multidimensional event
information, the various details are not recalled separately fromone another. Rather,
these various details are presented to us as a package: they seem to be integrated
into a single, structured representation of the event as a whole (Boyle 2021; Rubin
& Umanath 2015). Once again, this idea is reflected in methods used to detect
episodic memory. The ‘integration’ criterion for detecting episodic memory in
animals investigates whether the various datapoints an animal remembers about
an event are integrated into a single, unified representation (Clayton et al. 2001).
One operationalization of this is that memory is integrated when retrieval of one
piece of information encoded in the memory predicts retrieval of the rest (Clayton
et al. 2003). Another is that a memory is integrated if it is resistant to interference
from memories for events composed out of similar informational components—
that is, if the subject can remember and distinguish similar but distinct events
(Crystal & Smith 2014). Underlying the idea that episodic memories should be inte-
grated is the idea that episodic memories combine diverse datapoints into a single
representational unit.

It is tempting to cash this out as a claim about episodic memory’s format: perhaps
episodic memory has a (partly) iconic format. Iconic formats are characterized by
structural isomorphism. That is to say, the structure of the representation mirrors
or ‘maps on to’ the structure of the thing being represented, and that mapping is
semantically significant (Lee et al. 2022; Shea 2014). Iconic representations are typi-
cally informationally rich, integrating detailed, oftenmultidimensional information,
into a single representational unit. So, we might think a plausible hypothesis about
experience replay is that it involves representations with an iconic format, and this
explains why they integrate rich multidimensional information about events in a
way that is resistant to interference from similar memories. One thing that renders
this intuitively plausible is the way experience replay seems to represent the tem-
poral properties of remembered events. Replayed experiences seem to ‘unfold’ over
time in the mind’s eye, in a way that mirrors the represented unfolding of the event
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(Boyle 2020b). Here, the temporal features of the representation appear tomap onto
the temporal features of the represented event.

For these kinds of reasons, Nikola Andonovski (2022) argues that episodic mem-
ories are ‘structure-preserving models’ of past events. On this view, episodic mem-
ories and other forms of episodic representation are abstract mental models which
mirror the spatiotemporal structure of represented events, and perhaps their struc-
ture across other quality dimensions. Thismirroring is unlikely to be a strict isomor-
phism; it may be approximate or simplified. Importantly, this structure-preserving
format is unlikely to exhaust the representational features of episodicmemory: given
the pervasive interactions between episodic and semantic memory (Aronowitz
2022; Boyle 2021), instances of episodic remembering will almost always involve
conceptual or semantic elements in addition to the structure-preserving model at
their core.

On the view of episodic memory we’ve arrived at, then, it involves retriev-
ing representations which carry detailed multidimensional information about a
remembered event. Minimally, this includes its spatial and temporal organization,
perhaps along with information about the event’s other qualities, the subject’s back-
ground knowledge, and the subject’s involvement in, perception of, and thoughts
and feelings about the event. These details seem to be retrieved as a package,
indicating that the representations involved unite these details into an integrated
representational whole. This suggests the representations involved may be at least
partly iconic, perhaps taking the form of structure-preserving models in which
there are semantically significant approximate isomorphisms between structural
properties of the representation and those of the represented event.

We are now in a position to see that experience replay inDQN involves represent-
ing past events in a way that is meaningfully similar to biological episodic memory.
Like biological episodic memories, the representations used by DQN’s ‘experience
replay’ mechanism carry multidimensional information about events and do so in
a manner that is at least partly iconic.

First, multidimensionality. Each state representation is an ordered sequence of
observations and actions leading up to the time-step at which it is recorded. The
observations represent the two-dimensional spatial properties of events. When
stacked in ordered sequences, they additionally represent an event’s internal tempo-
ral properties: the way that its spatial properties changed over time. By interspersing
action representations between the observations in the sequence, state representa-
tions also represent the agent’s involvement in the event, and how the environment
changed in response to the agent’s actions. Experience representations (the 4-tuples
described in §2) combine state representations and action representations with
reward representations, meaning that in total they carry information about the
event’s spatial and temporal properties, the agent’s actions and how they affected the
unfolding of the event, and how rewarding the event was for the agent. This seems
like a reasonable approximation to the multidimensional information episodic
memories prototypically carry: information about a remembered event’s spatial and
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temporal properties, about the subject’s involvement in the event, and about their
thoughts, feelings, or perceptions of the event.

Second, iconicity. State representations combine observations with action rep-
resentations in an ordered sequence. As such, they are iconic in two ways. First,
observations are iconic representations, in the sense that they are structured, their
structural properties map onto the structural properties of their representata, and
this mapping is semantically significant. Specifically, as noted in §2, each observa-
tion is formatted as a two-dimensional array of numbers, where the two dimensions
represent the represented Atari screenshot’s height and width, and each position
in the numerical array corresponds to the pixel in the corresponding location in
the screenshot. Second, combining these observations in sequence, together with
action representations, produces another structured representation. In this repre-
sentation, there is a correspondence between sequence position and time, such that
items appearing earlier in the sequence are represented as having occurred at earlier
points in time. The semantic significance of the structure of these representations
means that they are unlikely to be retrievable piecemeal.Without the semantic infor-
mation provided by the structured representation as a whole, a fragment of the
representation would most likely be uninterpretable.

This is not to say that state representations are wholly iconic: in particular, lumi-
nance values and actions are represented in symbolic form. But this does not vitiate
the claim that these representations are iconic in the ways I’ve outlined, since rep-
resentations may combine both iconic and symbolic elements (Lee et al. 2022).
We might construe a pixel vector as a hybrid map-like format: the numerical sym-
bols stand for luminance values, whilst their location in the array stands for the
locations of those values in the image. The use of symbols for luminance values
does not negate the fact that there is a semantically significant structural correspon-
dence between the array and the image. More importantly for our purposes, it is
unlikely that episodic memories are wholly iconic: they are likely to involve some
conceptual or semantic elements. Since our interest in this section is in the simi-
larity between the representations involved in DQN’s experience replay and those
involved in episodic memory, a partially iconic representation of events with some
symbolic components seems to fit the bill.

EpisodicMemoryʼs Function

In this section, I expand on the idea that by using DQN as a model of episodic
memory, we might advance our understanding of episodic memory’s function.

I noted in §1 that the function of episodic memory presents a puzzle for philoso-
phers and scientists of memory. We might express the puzzle in terms of a twofold
redundancy. First, given that we have other memory faculties including semantic
memory, which stores general purpose information about theworld, it seems redun-
dant to have a faculty recording information about specific events. Second, much of
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the information stored in episodic memory appears redundant, as it relates to highly
specific events which will never be repeated and is unlikely to be directly useful in
any other context. This redundancy, together with evidence that episodic memory
is subject to systematic patterns of error and neurally overlaps with our faculty for
imagining future and hypothetical scenarios, has led simulationism to become the
dominant view of episodic memory’s function (De Brigard 2014; Schwartz 2020).
Simulationism is the view that episodic memory’s function is primarily to support
the imaginative construction of future and hypothetical scenarios.

Against this, several philosophers have recently mounted defences of the
mnemonic view of episodic memory’s function, on which its role is to store, encode,
and retrieve information. For example, I’ve argued that episodic memory facilitates
retrospective learning, that is, extracting novel information from an event after the
event has passed (Boyle 2019). SimonBrown (2024) offers a related account, arguing
that episodic memory supports unrestricted learning. The idea is that by capturing
multidimensional information about events, episodic memory enables us to con-
tinuously revise and expand our models of the world. Elsewhere, I’ve also argued
(Boyle 2021) that episodic memory plays a significant role in the storage, encoding
and retrieval of semantic memory: it is both critically involved in the ordinary pro-
cess of laying down semantic memories and provides internally generated cues for
their retrieval. In a similar vein, Sara Aronowitz (2022) argues that we cannot under-
stand the function of episodic memory in isolation. The process of semanticization,
in which information from episodic memory becomes gradually more abstract and
is encoded in semantic memory, suggests that episodic memory can be understood
only in the context of a broader memory system.

Evaluating these theories is challenging. A natural way to approach the question
would be to compare the behavioural repertoires of agents which have episodic
memory with those of agents which lack it. We might do this by comparing humans
with and without episodic memory deficits. This can be informative but faces some
limitations: it can be difficult to knowwhich behavioural differences are attributable
to episodic memory. This is both because brain damage is rarely limited to only the
brain areas involved in episodic memory, and because the brain areas supporting
episodic memory may also support other cognitive functions: brain areas can mul-
titask. Alternatively, we might try to compare the behaviours of animals with and
without episodic memory. But the distribution of episodic memory in the animal
kingdom is another significant puzzle: there is insufficient agreement about this for
us to be sure which animals have or lack it.⁶

Given the resemblance between DQN and episodic memory at the algorithmic
level, I propose that DQN and similar algorithms provide a testing ground for com-
peting theories of episodic memory’s function. In artificial agents, it is possible to
ablate experience replay and to know that there has been no other intervention on

⁶ For a discussion of this issue, see Boyle (2022).
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the agent’s cognitive architecture. Any differences in the agent’s behavioural reper-
toire that result from this intervention can be traced directly to the agent’s having or
lacking the capacity to replay past events. It is also possible to tweak the inner work-
ings of the experience replay algorithm and observe the effects of these changes.
Insofar as artificial experience replay resembles biological experience replay at the
algorithmic level—i.e., both provide integrated, partially iconic, multidimensional
representations of events—this kind of investigation would provide defeasible evi-
dence about the cognitive role function of episodic memory and might differentiate
between accounts which are otherwise difficult to empirically evaluate.

Of course, DQN has not been used to directly test rival theories of episodic mem-
ory’s function, so we should exercise caution in interpreting the results obtained
with DQN in this way. Such caution notwithstanding, those results do suggest some
support for mnemonic views, particularly those that emphasize episodic memory’s
role in semantic learning. In DQN, memories of specific events are used to train a
network that learns more abstract, relational knowledge structures about the rela-
tionships between states of the environment and action/Q-value pairs. By using
event memories in this way, DQN was able to learn much faster than rivals which
do not make use of event memories in this way. It also attained a new state of
the art in the Arcade Learning Environment, a set of complex problems involv-
ing high-dimensional sensory input. Disabling the experience replay component
of the algorithm significantly impaired its performance. If we view the relationship
between experience replay and the Q-learning network as analogous to the relation-
ship between episodic and semantic memory, this provides some support to the
theoretical claim that episodic memory supports the rapid acquisition of semantic
memory. At the very least, it vindicates the idea that episodic memory could carry
out a distinctivemnemonic function, even in the presence of amore general, abstract
memory system. And given the similarities between DQN and episodic memory, I
suggest, this provides some defeasible evidence that episodic memory carries out a
similar function in us.

One might worry that the preceding argument overstates the similarity between
DQN’s experience replay and our episodic memory capacity. One reason for think-
ing this is that DQN records details accurately and the contents of its stored
‘experiences’ are not subject to change. By contrast, biological episodic memories
are constructive and friable. We do not ‘record’ events accurately in entirely faithful
detail. Our episodic memories are reconstructed at the time of retrieval, often draw-
ing on general knowledge from semanticmemory as well as details from the original
event. As such, they are subject to change whenever they are retrieved, leading to
systematic patterns of error (see De Brigard 2014 for discussion). A second, con-
verse, issue is that biological episodic memories may include many details DQN’s
memories do not. Most of us remember perceptual and sensory information that
goes beyond the visual: we might remember sounds, smells, sensations, and so on.
Moreover, there are types of non-sensory content we recall as well, such as informa-
tion about the emotions we felt or what we were thinking at the time of the event.
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In summary: DQN’s representations include a type and level of detail not typical of
episodic memories, whilst also excluding some kinds of information characteristic
of episodic memories.

However, usingDQN to learn about episodicmemory’s function does not require
that the two be exactly similar. Our interest is in using DQN as a model of episodic
memory, such that we can draw justified inductive inferences about episodic mem-
ory by observing and manipulating DQN. Models can be useful in this way even
if they are simplified or idealized, that is, even if they omit certain features of the
modelling target, or include some features not found in the modelling target. As
Catherine Stinson (2020) argues, what matters is whether both the model and the
target belong to a common kind which licenses inferences from one to the other. In
brief, what I have been arguing in this section is that DQN and episodicmemory are
members of a common kind: a kind of memory system characterized by the storage,
encoding and retrieval of partially iconic representations storing detailed multi-
dimensional information about past events. Moreover, our focal question about
the function of episodic memory can reasonably be construed as a question about
this kind of memory system: what is the use of a memory system which processes
detailed, multidimensional representations of past events? So, despite the ways in
which its representations differ from those involved in episodic memory, DQN
seems like a promising model. Of course, it would take empirical work to establish
the utility of this model; what I have been arguing is that there are good theoretical
grounds for thinking that this empirical work would be fruitful.

Of course, there may be contexts in which these representational differences
betweenDQN and episodic memory really matter. Wemight be interested in asking
a somewhat narrower question about episodic memory’s function, such as whether
the reconstructive, error-prone processes that characterize our episodic memory
confer epistemic or other advantages (Michaelian 2013; Puddifoot & Bortolotti
2018). In this context, a useful model would need to belong to a narrower kind: a
constructivememory system processing similar representations of past events. DQN
does not fall into this category. But this does not show that it would not be useful
here, since the DQN algorithm could be adapted to incorporate constructive pro-
cesses.⁷ So, rather than vitiating the use of DQN as a model of episodic memory,
the concern suggests how refinements to the algorithm might expand the range of
theoretical questions with respect to which it is a fruitful model of episodicmemory.

A related concern is that, notwithstanding the representational similarity between
episodic memory and DQN, there remain significant differences at the algorithmic
level relating to how these representations are processed. For example, inDQN, rep-
resentations of past episodes are randomly sampled and used to train theQ-learning
network. As I’ve indicated, semanticization in humans is a candidate analogue for
this process: episodic memories are gradually consolidated and abstracted into

⁷ For an example of a (non-DQN) episodic memory algorithm incorporating constructive processes, see
Zakharov et al. (2020)
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semantic memory. However, it is unlikely that our episodic memories are sam-
pled randomly for this purpose: salience, recency and other factors are likely to
have a significant impact on which memories are prioritized for semanticization.
A related point can be made about forgetting. In DQN, the oldest stored experi-
ences are erased when the episodic buffer reaches capacity. This does not mirror
patterns of human forgetting: we forget many things besides our oldest memories
and retain some memories for a very long time.

Again, there may be contexts in which these algorithmic level differences may
not matter. If we’re interested in understanding how a store of detailed, multidi-
mensional event-specific memories can be used to support the acquisition of more
abstract, general knowledge, DQN seems a suitable idealized model of this process.
And as before, whilst there are contexts in which these differences do matter, the
algorithmmight be extended to resemble episodic memory more closely in relevant
respects, so as to expand our understanding of episodic memory.

For example, Schaul et al. (2016) develop a DQN-based algorithm by adding
prioritized experience replay. In this version of the algorithm, memories are not
sampled randomly from the episodic buffer. Instead, memories with the highest
temporal difference (TD) error are prioritized—that is, experiences which are more
‘surprising’ because the reward obtained differs significantly from the reward the
system would predict. Alternative prioritization criteria could be used; the choice
of TD error here is partly motivated by evidence that experiences with TD error
are prioritized for replay in the hippocampus. This variant on DQN exhibited faster
learning and a new state of the art in the Atari environment.

We might take this to provide defeasible evidence about the function of forget-
ting: at first blush, Schaul et al.’s results appear to support the view that forgetting
is not a design flaw, but a critical design feature on a well-functioning memory sys-
tem (Fawcett & Hulbert 2020; Michaelian 2011). Forgetting in biological systems
can take two forms: information either becomes inaccessible or unavailable. Inac-
cessibility is a matter of information still being encoded in memory but being more
difficult to retrieve; unavailability is amatter of the information having been entirely
lost. We can see that deprioritization for replay in Schaul et al.’s algorithm provides
an approximate analogue for inaccessibility: when information is deprioritized, it’s
less likely to be retrieved. As such, the algorithm suggests an adaptive role for at
least one kind of forgetting: making events with low TD error less accessible leads
to quicker learning and improved policies. Investigating the effects of different pri-
oritization criteria might provide further insights into the function of both memory
and forgetting.

As Schaul et al. note, one way to extend their work would be to apply prioriti-
zation criteria to erasure, for example, by erasing the memories with the lowest
TD error, rather than the oldest memories, when it reaches capacity. Extend-
ing the algorithm in this way might shed light on the other form of forgetting:
unavailability. In this vein, Ruishan Liu and James Zou (2019) investigate the
relationship between the size of the memory buffer and learning rates, finding
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that learning rates slow when the buffer is either too large or too small. They
develop an algorithm in which the size of the memory buffer adaptive changes.
If the TD error of the oldest memories is increasing, suggesting that these mem-
ories are becoming more informative, the buffer size increases and these memories
are retained for longer. On the other hand, if the TD error of the oldest memo-
ries is decreasing, suggesting that they are becoming less informative, the buffer
size decreases and these less informative older memories are more likely to be
erased. Again, this suggests an adaptive role for prioritized patterns of forgetting in
learning.

Similarly, we might note that whilst DQN only uses recorded experiences to train
its Q network, our episodic memories are clearly put to other uses: most obviously,
we frequently retrieve salient episodic memories to inform online decision making.
This marks another significant difference in how episodic memories are processed
in DQN and episodic memory. Once again, this simply shows that DQN is not a
useful model in all contexts, as well as highlighting a way in which we might wish
to develop experience replay algorithms to suit particular theoretical goals in cog-
nitive science. If our interest is in investigating episodic memory’s role in decision
making, we would be better off looking at an algorithm in which recorded expe-
riences are used in a similar way. For example, Blundell et al. (2016) develop an
alternative experience replay algorithm they call the ‘Episodic Controller’. In this
architecture, past experiences are stored in a buffer which the agent can query to
inform its decision making. When faced with a decision, the agent uses this body of
stored knowledge to determine which actions have previously been associated with
the highest reward in situations similar to the one it currently faces. The Episodic
Controller learns quickly, especially in the early stages of confronting a novel prob-
lem, and particularly in sparse reward environments. In these scenarios, it exhibits
behaviour ‘akin to one-shot learning’ (Blundell et al. 2016: 7). This architecture
could be a fruitful model of episodic memory for the purposes of developing and
evaluating accounts of episodic memory’s role in decision making. At first blush,
the view suggested seems to be that having access to information about individ-
ual, salient episodes facilitates fast learning in novel environments when reward is
scarce.

Conclusion

Episodic memory presents many puzzles for memory theorists. Among them is the
question of its cognitive role function: what does episodic memory contribute to
the cognitive systems of which it’s a part? I’ve argued that this question properly
cast at the algorithmic level: what is the purpose of a memory system that exploits
detailed, multidimensional, partially iconic representations of specific past events?
It is difficult to gain empirical traction on this question by looking at biological sys-
tems. But, I’ve argued, DQN provides empirical leverage on the question in virtue
of its similarity to episodic memory at the algorithmic level. In particular, against
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increasingly popular simulationist views, the results obtained with DQN suggest
that episodic memory plays a distinctive mnemonic role in the process of semantic
learning, as several theorists have recently argued. Of course, there are significant
differences between DQN and episodic memory in biological systems. But these
do not undermine the utility of DQN in this context. Rather, they suggest ways in
which we might adapt DQN or similar algorithms in future work, in order to eval-
uate theories about episodic memory’s operations and its distinctive contributions
to cognition.
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12
Memory andPlanning inBrains
andMachines
Multiscale Predictive Representations

Ida Momennejad

Imagine planning an overseas trip. You could consider the plan in exhaustive detail,
down to which seat you prefer, what you will pack, your commute plan, which socks
towear.Or you could consider themost crucial steps, thinking about it at a high level
by jumping overmany steps andmerely considering key steps such as getting a plane
ticket and booking a hotel. In this imaginary scenario you easily use representations
of the world that are organized in your memory at multiple scales. This example
illustrates the central thesis of this chapter. The ability tomove back and forth across
representations of the world, to remember the past and imagine and plan the future
at different scales of abstraction, is crucial to the structure of memory and its use in
prediction and planning.

What should these memory structures look like to enable planning and how do
we study them? This chapter reviews evidence showing that the learnt structures of
events, such as the spatial structure of an environment (Figure 12.1) or the relational
structure of a social network, are organized in memory as predictive representa-
tions that aremulti-step andmultiscale. That is, brain regions can organize the same
memories with different predictive horizons or scales (Figure 12.1). The scale varies
depending on the task at hand or the level of abstraction involved. Much of this evi-
dence is derived from experimental areas where the roles of memory in planning
are particularly evident, including spatial navigation and non-spatial associative
inference.

What is a cognitive map? A cognitive map is a representation of latent relational
structures that underlies a task or environment. It is how our knowledge or memo-
ries are organized in order to facilitate efficient retrieval, planning, reasoning, and
inference in biological and artificial agents (Tolman 1948; Kumaran and Maguire
2005; Epstein et al. 2017; Behrens et al. 2018; Momennejad 2020; Brunec and
Momennejad 2021).

The concept originated from Tolman’s latent learning experiments, demonstrat-
ing rodents’ ability to learn the latent structure of a maze without rewards (Tolman
1948). This challenged the dominant behaviourist dogma of the time that learning

Ida Momennejad, Memory and Planning in Brains and Machines. In: Space, Time, and Memory. Edited by: Lynn Nadel and Sara
Aronowitz, Oxford University Press. © Oxford University Press (2025). DOI: 10.1093/oso/9780192882547.003.0012
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Figure 12.1 Multiscale predictive representations in navigation and planning. (A) A
navigational trajectory can be represented with varying granularity: e.g., step by step (purple),
block by block (pink), or subgoal to subgoal (orange). (B) During planning, the scope or horizon
ʻvisibleʼ that each scale covers can vary from a step to the goal. Here, review evidence that
these gradients of scales are reflected in representational hierarchies in the hippocampus and
the prefrontal cortex, and are called on flexibly in navigational memory and planning.

only occurs with reinforcement; and paved the way for a cognitivist revolution.
Decades later, discoveries of hippocampal place cells (O’Keefe and Dostrovsky
1971;O’Keefe 1976;O’Keefe andNadel 1978) and entorhinal cortex grid cells (Fyhn
et al. 2004; Hafting et al. 2005; Moser, Kropff, andMoser 2008), together referred to
as ‘the brain’s GPS’, further substantiated cognitive maps and earned the 2014Nobel
Prize (The Nobel Prize in Physiology or Medicine 2014 2014).

Cognitivemaps have since been studied behaviourally, computationally, and neu-
rally.More recent studies suggest thatmulti-step, multiscale, and compressed neural
representations are crucial for inference in both memory and planning (Behrens
et al. 2018). Over the past decades, a number of Reinforcement Learning (RL)
and deep neural network models have been proposed to capture the computations
involved in cognitive maps and planning, especially in the hippocampus and the
prefrontal cortex of humans, rodents, bats, monkeys, and birds (Epstein et al. 2017;
Behrens et al. 2018; Brunec and Momennejad 2021; Pudhiyidath et al. 2022).

How does your brain organize cognitive maps? How is the organization of mem-
ory (the past) connected to prediction and planning (the future)? One possibility
is that the brain may store and unroll a step-by-step map of the environment
for planning. This is similar to the idea of model-based reinforcement learning
(MBRL) (Sutton and Barto 2018), which we will discuss in the following section.
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Note that MBRL is indeed a method that allows for multi-step planning, and the
options framework allows for multi-step compression (Sutton et al. 2023; Sut-
ton, Precup, and Singh 1999). However, the point of discussion here is whether
the representation of the environment, or the map of its states, is stored as multi-
step compressed representations, or as one-step tuples that can be unfolded for
planning.

Another possibility is that the representational structure of memory is both
multi-step and multiscale. This allows for ‘jumps’ over multiple steps in memory,
i.e., how many steps a compressed representation ‘jumps’ over. Here the hori-
zon or ‘scale’ of these jumps rely on compression and the predictive nature of
the representation at a given scale. Similarly, computational and empirical stud-
ies of cognitive maps suggest that they are organized as predictive representations
that are also multiscale, organized with different predictive scales, or horizons
(Figure 12.1). While there are various approaches to temporal abstraction, one idea
highlighted in this chapter involves the successor representation (SR) in reinforce-
ment learning, proposed by Dayan, and variations that combine SR with replay
and propose multiscale successor representations (Dayan 1993; Momennejad et al.
2017;Momennejad 2020;Machado et al. 2023).Wewill discuss this inmore detail in
sections 1 and 2.

Accumulating evidence over the past decades is consistent with the idea that such
predictive representations may govern human behaviour in episodic memory tasks
(Gershman et al. 2012), planning and decision-making (Momennejad et al. 2017;
Russek et al. 2017), and further, that these compressed representations may support
cognitive maps (Behrens et al. 2018) in the rodent hippocampus and entorhinal
cortex (Stachenfeld, Botvinick, and Gershman 2017; Geerts et al. 2020; de Cothi
et al. 2022).

Consistently, a recent human fMRI study showed that naturalistic VR naviga-
tion relies on multiscale predictive representations in prefrontal and hippocampal
hierarchies (Brunec and Momennejad 2021). This study showed that weighted rep-
resentational similarity at longer scales are associated with goal-directed naturalistic
navigation. Consistently, another study suggests the brain uses hierarchical rep-
resentations in anticipation of events that are multiple steps away (Tarder-Stoll,
Baldassano, and Aly 2023). A study of complementary task representations in
hippocampus and prefrontal cortex showed that task abstractions in medial pre-
frontal cortex simultaneously represent behaviour over different temporal scales
(Samborska et al. 2022). More evidence discussed in section 3 onward.

In this chapter I will first establish how temporal abstraction connects the past and
the future, then introduce the main computational methodology (reinforcement
learning, RL) for framing this connection in terms of predictive representations at
multiple scales, and then discuss a number of behavioural, neural, and computa-
tional studies that support the computational idea. I will end by discussingwhy these
approaches can inspire novel ways to evaluate and augment planning andnavigation
abilities of generative AI.
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Temporal Abstraction: Binding thePast andFuture

Consider how we come to learn representations of the world. One possibility is that
as we navigate the world our brains store each event that we experience individually,
and later on retrieve them individually. In this framework, planning requires rolling
out and evaluating every single event step by step to identify the optimal planning
trajectory. This is similar to model-based RL (MBRL, Figure 12.2).

Let us consider another hypothesis about how brains learn, store, and update rep-
resentations of the world. As we navigate environments, each event leaves various
traces in our memory systems, and these traces last for variable durations, their
traces decaying at different rates and scales in different parts of the brain. Over
time the trailing traces of events that occurred closer in time overlap, leading to
an association among events that are closely associated.

Gradually these overlapping traces are consolidated as associations that, depend-
ing on the horizon and decay rate of the trace, lead to temporal clustering of events
that occurred within overlapping horizons (Figure 12.1). This is also a form of com-
pression, or temporal abstraction, which can further lead to the efficient storage of
memories, categorization, or the ability to plan. The primary scales or horizonsmay
depend on the size and complexity of the environment in spatial settings, or on
the frequency of surprising events more broadly for both spatial and non-spatial
associative settings.

Now let us consider how the overlap of trailing traces and the ensuing temporal
abstractions serve prediction. Let us say the memory of event A (Figure 12.1A, loca-
tion 1) occurred at time t1, and event B (Figure 12.1A, location 2) at time t3, and
event C (Figure 12.1A, location 3) at time t5. Now consider a part of the brain where
the trace of each event lasts for three time steps. As such, each time the memory of
event A is triggered by the world, we get a partial activation of event B even when it
is not present, because the memory of event A is already bound to the activation of
event B so each time A is activated, B is partially activated too.

As coactivation of successor events occurs over time, an event’s activation leads
to the partial activation of its successor state in a predictive manner (Figure 12.1, B).
The strength and scope of the chain of successor event activation depends on two
factors. First, it depends on the distance of each state from the current one. Second,
it depends on the horizon of temporal compression in the part of the brain where
these representations are activated.

Evidence from human fMRI (Figure 12.2) suggests that the scale or horizon of
the temporal abstraction increases along the posterior to anterior axis of the hip-
pocampus and entorhinal cortex (Strange et al. 2014; Nielson et al. 2015; Collin,
Milivojevic, and Doeller 2015), as well as the rostro-caudal axis of the prefrontal
cortex during goal-directed navigation (Brunec and Momennejad 2021; Patai and
Spiers 2021), multi-step planning in sequential and hierarchical problem solving
(Botvinick and Weinstein 2014), and prospective memory (Burgess et al. 2008;
Momennejad and Haynes 2012; Momennejad and Haynes 2013).
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1-step association maps VS. Predictive multi-step maps
 Flexible but inefficient (MB RL)       Compression => Semi-Flexible & efficient

e.g. successor representation (Dayan 1993)

Momennejad and Haynes (2012, 2013) Nielson et al. (2015)

Collin, Milivojevic, and Doeller (2015)

γ γ

Figure 12.2 What do cognitive maps look like? (Top) Two computational hypotheses about
the structure of cognitive maps in memory. One possibility is that the brain stores step-by-step
(1-step) associations and unrolls them for evaluation at the moment of decision-making. This
is similar to the transition probabilities in model-based RL (Sutton and Barto 2018). Another
possibility is that the brain may store jumpymulti-step associations using temporal
abstraction, simplifying prediction, and planning. Computationally, this is the successor
representation (Dayan 1993). (Bottom) Evidence from human fMRI suggests that predictive
representations may be learned at different scales along the hippocampal and prefrontal
hierarchies such that more anterior regions are more likely to represent larger scales, γ,
corresponding to more temporal or spatial abstraction.

The above-mentioned hypotheses can be formalized in the service of computa-
tional modelling and quantitative analysis of representations underlying memory,
navigation, and planning. Section 2 considers a common approach for such a
formalization, the computational framework of reinforcement learning.

TheComputational Approach: FramingMemory and
PredictiveRepresentationswithReinforcement Learning

Reinforcement learning (RL) is a computational framework that simplifies value-
based and goal-directed decision-making and planning behaviour. The RL frame-
work posits an agent in an environment with a number of states, such that from
each non-terminal state S the agent can take action, a, to move to the next state S’
and receive reward r (Sutton and Barto 2018).
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In classic RL, the agent’s goal is often simplified as maximizing expected value in
this environment.Most RL algorithms aim to capture how an agent achieves the goal
of maximizing value in exploration, learning, and decision-making phases. That is,
first, how RL captures how the agent takes actions in the environment to explore
states, learn the state values or state-state relationships and rewards. Second, RL
captures how the agent combines this knowledge to find the policy or sequence of
actions, π∗or π(a|S) that maximizes value. This is known as optimal policy, leading
to optimal value or V∗.

This simple computational framework offers various algorithms for learning rep-
resentations with abstraction, hierarchy, generalization, and transfer. The most
commonly known RL algorithms within the cognitive and neurosciences include
model-free RL, model-based RL, the successor representation, and hybrid algo-
rithms combining one or more elements of these algorithms with each other and
with offline replay. Let us take a closer look at them.

Model-Free RL, Model-Based RL, and the Successor
Representation

Briefly, model-free agents simply learn to cache the value of each state and action,
Q(S, a), in a lookup table or a value function V(S). Importantly this approach
combines states, actions, and rewards to cache a scalar expected value without stor-
ing state-state relationship, i.e., the probabilities of states leading to one another.
Since model-free RL does not store representations of the relational structure of
states, it can not serve as a candidate for formalizing the structure of cognitive
maps and memory. The approach has been fruitful in the study of simpler value-
based decision-making and ‘habits’ (Gläscher et al. 2010), and in modelling striatal
learning in the dual-systems hypothesis (Daw, Niv, and Dayan 2005).

Let us consider an RL algorithm that can serve as models of memory. Model
based RL agents (MBRL) capture the relationship between adjacent states, that is,
the probability of transition to a state S’ given the agent starts in state S and takes
action a. This is formalized as p(S’ | S, a). As such, MBRL stores the reward for state
and action tuples, r(S, a), on the one hand; and the relational structure of the envi-
ronment, p(S’ | S, a), on the other, i.e., a map of one-step transition probabilities
(Figure 12.2, Table 12.1).

Unlike model-free RL, the model-based agent does not use a look-up table
of cached values to determine the optimal policy (or the sequence of actions
that yield the highest value given the goals). Instead, MBRL rolls out, step-by-
step, all possible policies iteratively, computing the expected discounted value
of each trajectory and picking the policy, or sequence of actions, that maxi-
mizes rewards. Updating the value function relies on iterations using the Bellman
equation:

Equation1.V ∗ (S) = maxa[R (S, a) +∑
S′

p(S′|S, a)γV ∗ (S′)]
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The Bellman equation is fundamental to RL. Here we only discussed the Bellman
equation in relation toMBRL. However, note that the Bellman equation can be used
to estimate model-free value as well. For MF value estimation, the equation does
not include the transition probabilities among states, p(S′ |S, a), but the value of the
next state is either based on the actual action taken and direct experience as in Sarsa
(on-policy method):

Q(s, a) = Q(s, a) + α∗[R + γ∗Q(s′, a′)—Q(s, a)]

or estimated based on themaximumQ-value of the next state regardless of the action
taken in Q-learning (off-policy algorithm):

Q(s, a) = Q(s, a) + α∗[R + γ∗max(Q(s′, a′))—Q(s, a)]

So far a candidate model of memory we discussed is model-based RL, with the state
transition probability T as a potential model of the relationship among states in
memory. In Figure 12.2 (top left) we considered such a one-step tuple organization
(Daw et al. 2011) as one of the hypotheses about how cognitive maps or relational
structures may be organized in memory.

We also considered another possibility (Figure 12.2, top right). Namely, that rep-
resentations of events and their relationships, or cognitive maps, can be organized
beyond one-step relations: as predictive representations of successor states in mem-
ory. The RL framework offers a formalization of this perspective in terms of the
successor representation (Dayan 1993).

The successor representation (SR) caches multi-step relationships among states.
Specifically, it captures how often on average an agent expects to visit a successor
state S’ starting in state S and moving under policy, π. Unlike model-based RL,
the SR agent doesn’t store probabilities of state–action–state transitions. The SR
between a given state and a successor state (that can be multiple steps away) is com-
puted bymultiplying a discount parameter and the probability of state–action–state
transition at every state (see Equation 2).

One way to construct the SR matrix, which we will call M following Dayan’s for-
mulation (Dayan 1993), is to derive it analytically from the transition probability of
amodel-based agent’sT, wherematrixT stores the state-by-state transition probabil-
ities, or the expected transition distribution under the policy. The equation would
be as follows:

Equation 2.M =
∞
∑
t=0

γtTt = (I – γT)–1

Where value for state S is computed as : V (S) = ∑
S′

M (S, S′)R (S′)

Intuitively, Equation 2 is derived by summing discounted probable states over

time, M =
∞
∑
t=0

γtTt, which mathematically converges to (I – γT)–1.
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However, we do not need to learn T first in order to learn the SR matrix. The
SR can be learned via temporal difference learning, in which a row of SR, M(S), is
updated as the agent moves from state S, as follows:

Equation 3.M (S) = M (S) + α (onehot (S) + γM (S′) – M (S) )

This formulation allows for the gradual learning of the successor representation over
time (Dayan 1993).

M can be initiated as amatrix of zeros or the identitymatrix, when each state could
lead to itself. Then, each time the agent visits state S, the Sth row of M is updated
according to Equation 3: with learning rate α, discount parameter γ, and a successor
prediction error. At every observation of a state, action, state transition, the successor
prediction error is the sum of a onehot vector, all zeros except for index S, and a
discountedM(S’) or the S’th row of the successor representation,minus the previous
M(S). Note that the vector of rewards R is stored separately.

At the moment of decision, unlike model-based RL, the SR agent does not need
to roll out every single possible path and decide which one is best. Instead of iter-
ating Equation 1, the expected value can be computed via a linear combination or
dot product of M and R (the reward vector). In a sense, SR ‘pre-bakes’ the unrolled
combination of probabilities and discount parameters over time, compared to the
one-step structure stored by a tabular¹model-based agent. Therefore, bymerelymul-
tiplying the reward vector, the SR agent can come up with a decision faster than
MBRL.

A growing number of studies find evidence for the successor representation, and
its eigenvectors, in memory and decision-making tasks, alluding to the possibility
that it may serve as a general principle for the organization of memories (Gersh-
man et al. 2012; Schapiro et al. 2013; Stachenfeld, Botvinick, and Gershman 2017;
Momennejad et al. 2017; Garvert, Dolan, and Behrens 2017; de Cothi and Barry
2020; Bellmund et al. 2020; Momennejad 2020).

Flexible Behaviour as a Window Into Latent Representations

Imagine you are on the way to work. You notice your favourite food truck is unusu-
ally parked a few blocks to the west of the office. During lunch will you default to
habit and go three blocks south, where the food truck usually parks, or will you
integrate that morning’s observation with your knowledge of the city and go west?

An important aspect of planning is flexibility of behaviour in response to local
changes in the environment that require integrating past memories with new

¹ Note that deep MBRL such as DreamerV2 (Hafner et al. 2020) can have representations that go beyond one-
step. That said, it’s been shown that deep MBRL behaviour does not pass tasks requiring the flexibility expected
of tabular MBRL (Wan et al. 2022). That said, here we follow a neuroscience tradition that focuses on the tabular
notion of MBRL (Daw, Niv, and Dayan 2005; Daw and Dayan 2014; Daw et al. 2011).
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experience. There are at least two kinds of local changes, both of which require flex-
ibility of planning. This could be a change in the location of rewards (like the food
truck), or a change in the transition structure (e.g., a road is blocked, requiring a
detour, or F train is running on the A train track, etc.).

Earlier we discussed RL agents that offer candidate models of memory, namely
MBRL and varieties of SR-based algorithms.² To address the connection between
memory and planning, a reasonable question follows. Which agent’s behaviour on
planning tasks is more similar to humans? One way to discern whether human
behaviour is more similar to a model-based or SR approach is to design exper-
iments that elicit different behaviour in these agents. One such example are
experimental paradigms that probe flexibility to local changes in rewards and
transition structures, e.g., blocked road, swapped train track (see section 2c for
detail).

In the face of a local change (like the food truck example above) model-based RL
only needs to have updated the one-step change. If this update was successful while
experiencing the local change, MBRL can solve the problem with the same reaction
time as planningwithout such a change. The SR agent, on the other hand, only learns
from direct experience (according to Equation 3) and, therefore, can adapt to local
changes in rewards (where the structures don’t change) but, without using offline
replay, is worse at adapting to local changes in transition structures. For instance, it
would update the row of the SR associated with the truck but not the row associated
with exiting the office. This can bemitigated if the agent could replay the trajectories
related to the change it has observed.

This idea that SR could be updated offline according to Equation 3 has been intro-
duced in terms of SR-Dyna—or DynaSR (Barnett and Momennejad 2022)—and
hybrid SR–MB (Momennejad et al. 2017; Russek et al. 2017). The replay compo-
nent, Dyna, was proposed in Rich Sutton’s proposal of the Dyna architecture, where
a model-free agent’s policy is updated offline via simulated experience or roll-outs
of the model-based T (Sutton 1991).

In sum, we have three hypotheses of how latent representations of an environ-
ment may be organized when humans engage in flexible planning behaviour. The
cognitive map, or the relational structure of the environment may be stored as a
one-step map (MB), a multi-step map (successor representation or SR) only learned
and updated online, or a multi-step map that can be updated both online and offline
(SR-Dyna or DynaSR).

The next section dives deeper into tasks that elicit different behaviour from these
models: the retrospective revaluation of rewards (the structure doesn’t change but
the rewards change), the retrospective revaluation of transitions (the structure has
changed but not the rewards), and empirical results comparing human and agent
behaviour in these tasks.

² Recall that model-free agents cannot adapt to local changes without re-experiencing the entire trajectory after
the change.
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Table 12.1 Comparison of model representations, value computation, and behaviour. Both
the MF cached value and the SR can be learned via simple temporal difference learning during
the direct experience of trajectories in the environment. M, the SR or a ʻroughʼ predictive map
of each stateʼs successor states; value function Q(s, a) (which maximizes value for optimal
policy; compare to V(s), value function for a state under the current policy); R, reward function;
T, full single-step transition matrix.

Representation Computation Behavior

MF learner Q: Cached value Retrieve cached value
Lowest cost

Habit, Fast

MB learner R: Vector of all state rewards
T: One-step state transitions matrix

Iteratively compute values
Highest cost,
resource-constrained

Fully flexible,
Slow

SR learner R: Vector of all state rewards
M: Multi-step future state
occupancy matrix
(policy-dependent caching)

Combine cached future
occupancies with rewards
Intermediate costs

Semi-flexible,
Fast

Hybrid SR R & M (as above)
SR output combined with T, or
update SR with replay (on- or
offline)

Combine SR with MB or
replay
Intermediate costs: mostly
SR costs, at times MB or
replay costs

Flexible but
asymmetric,
Fast (mostly)

Experimental Tasks to Compare Behaviour: Model vs. Human

Let us return to the central question: How are memory representations structured,
and how do these structures connect to prediction and planning? One possibility
we discussed is similar to a model-based RL agent that stores one-step transition
probability tuples p(S’ | S, a) and then rolls out possible paths according to Equation
1 to determine the optimal one (Figure 12.2). Another possibility is that there are
multi-step contingencies rather than one-step transitions. A common version of this
is the successor representation or DynaSR, where SR is updated both online and
offline.

As noted earlier these models respond differently to tasks with partial changes
in rewards and transition structures. Such tasks require the integration of mem-
ory and new experience for planning. While model-free RL cannot solve any
of the problems (Figure 12.3), model-based RL can solve both reward reval-
uation and transition revaluation symmetrically, online SR can only manage
reward revaluation, and SR with replay or DynaSR can adapt to both changes.
However, the latter needs more computation for transition revaluation, using
offline replay to stitch together different pieces of the past to update the present
policy.

In a series of experiments, researchers designed a number of simple flexible
planning tasks (Figure 12.3) to measure and compare human andmodel behaviour.
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Interestingly, human behavioural results reflect an asymmetry (Figure 12.3,
bottom): while humans can solve both tasks, they significantly perform bet-
ter at retrospective revaluation of rewards compared to transition revaluation.
These findings were replicated a number of times in tasks with simple line
graph structure and tree structure (Momennejad et al. 2017; Russek et al.
2021).

Taken together, humanbehavioural results are consistentwith theDynaSRmodel,
which predicts both asymmetric accuracies on reward and transition revaluation as
well as longer reaction times for transition revaluation. Another behavioural result
to note is that this asymmetry is not the result of a speed accuracy trade-off, that
is worse performance is not accompanied by faster reaction times (RTs). In fact,
on the contrary, human reaction times are significantly longer for solving transition
revaluation (on which human performance was less accurate) compared to reward
revaluation (Figure 12.3, bottom right).

Accounting for both differences in accuracies and reaction times is important for
computational models of brain function. For instance, a recent study considered
the hypothesis that a probabilistic successor representation may capture the same
behavioural results. However, while the probabilistic approach captures the asym-
metry in accuracies in its present format it cannot trivially account for reaction time
differences observed in humans, without ad hoc additions and assumptions (Geerts,
Stachenfeld, and Burgess 2019).

Methodologically, the importance of explaining various dimensions of behaviour
(e.g., accuracy and RT) in computational models of cognitive capacities and brain
function cannot be overstated. This is especially important in the field of neuroAI
and building human-like agents (Momennejad 2023).

Prioritized Replay during Offline Learning

We discussed the importance of offline learning via replay as a key component
of DynaSR, the model that best captured human behaviour in tasks that required
integrating memory and planning (Figure 12.3). However, in real-life problem set-
tings there are far too many memories to replay and reactivate, such that were
brains to replay them at random, noticing the most relevant memories and stitch-
ing them together could become a matter of luck, or even intractable. So how
can our models of brains account for choosing the most relevant memories to
replay?

One possibility is that the model that best captures behavioural and neural find-
ings prioritizes which memories to replay according to the amount of surprise
associated with them. This notion of surprise can be captured in terms of predic-
tion errors, computed as the difference between what the agent expects and what it
observes, which can be signed (positive or negative prediction error) or unsigned
(simply a surprising event). This idea has been used in reinforcement learning since
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Figure 12.3 Experimental design, hypothesized representations, human, andmodel
behaviour. (Top) The design of reward and transition revaluation and a schematic illustration
of how each of the three RL agents discussed earlier would solve the problem. (Bottom)
Model-free agents cannot solve either, model-based is expected to solve both equally well, a
successor representation learner without replay is expected to solve reward revaluation but
fail at transition revaluation, and a hybrid agent learning SR both online and offline via replay
(SR-Dyna or DynaSR) is expected to learn both but be better at reward revaluation. Human
behaviour in terms of both accuracy and reaction times is more consistent with DynaSR agents.

the 90s (Moore and Atkeson 1993) and still echoes in contemporary RL and deep
learning algorithms as much as in psychology and neuroscience (Sutton et al. 2012;
Schaul et al. 2015; Mattar and Daw 2018; Rouhani and Niv 2021).

While it is more common to consider reward prediction errors in the context
of memory prioritization, it is also possible to consider successor prediction errors
(PE) as discussed earlier in relation to Equation 3. A recent modelling paper pro-
posed PARSR, Priority Adjusted Replay for Successor Representations, offering
variants of DynaSR where the replay priority can be set to reflect reward PE or
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successor PE (Barnett and Momennejad 2022). The study found differences in the
representations learned by the different prioritization approaches, whichmay better
serve different types of tasks. Future research is required in this area to better
elucidate the usefulness of these different approaches.

Neural Representations:Model vs. Human

Evidence for Predictive Representations

We discussed behavioural evidence for the hypothesis that cognitive maps may be
organized similarly to the successor representation: predictive representations of
expected visitations to successor states. SR has a number of properties that lend well
to a number of testable neural predictions. For instance, the rows of SR capture the
future, or the successors of each state, and the columns of which capture the past,
or the predecessors of each state (Figure 12.4).

Importantly, it has also been shown that the columns of SR resemble the rep-
resentation of place fields in the hippocampus, and explain observed phenomena
including backwards expansion on tracks and elongation near walls (Stachenfeld,
Botvinick, and Gershman 2017; George et al. 2022). Note that policy-dependent
(or path-dependent) SR representations predict that the brain represents distances
not in Euclidean terms, but in a path-dependent fashion, see Figure 12.4 (Russek
et al. 2017; Momennejad 2020).

This is in line with a number of observations in rodent and human neuroscience.
Mehta and colleagues have shown that place fields become more predictive with
experience, i.e., they expand along the direction of the path experienced (Mehta,
Barnes, andMcNaughton 1997; Mehta, Quirk, andWilson 2000), see the rightmost
representation in Figure 12.4.Moreover, distance to goals has been shown to be path
dependent and not Euclidean in human medial temporal lobe (Spiers and Maguire
2007; L. R. Howard et al. 2014). This is in line with a multiscale SRmodel discussed
later, the derivative of which can capture distance among states (Momennejad and
Howard 2018), see section 3d for more detail.

A human fMRI study (Russek et al. 2021) conducted the flexible planning exper-
iment discussed in section 2c (Momennejad et al. 2017) in the scanner. The
study focused on transition revaluation (Figure 12.3), investigating whether fMRI
evidence for outdated successor representations (i.e., persisting representational
similarity of a starting state to a further state that is no longer a successor) could pre-
dict behavioural errors in transition revaluation. They found that indeed, in regions
associated with navigation and planning, representational similarity to outdated
successors predicted behavioural errors (Russek et al. 2021).

If the SR captures the structure of representations that underlie navigation, some
further behavioural predictions could be made. A recent paper specifically investi-
gated how deforming the cognitive map may distort memories and showed how a
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Figure 12.4 Successor representation as a model of predictive cognitive maps. (Top Left). A
successor representation matrix for the graph structure of the task in Figure 12.3 is displayed.
The rows correspond to the successor states that are one or more steps away, or the future
(e.g., the successors of state 2 have non-zero successor representations in row 2). The columns
represent the predecessors of a state (or the past). NB: the diagonal can also be 1, assuming
thereʼs a possibility of going to a state from that state. (Top Right) Evidence suggests that
columns of SR simulate place fields in the hippocampus, while the eigenvector of SR simulates
grid fields, and the derivative of multiscale SR estimates the distance among states. These
findings make SR, a path or policy-dependent representation, a viable computational
candidate for capturing memory and space in the medial temporal lobe (MTL). (Bottom)
Consider a rodent in the gridworld maze. Its current location, its successor representation
according to a randomwalk (independent of the path it takes), and according to the policy or
path it takes are displayed. Place fields become predictive of the path with experience.

model with SR and its eigenvectors can explain the phenomenon (Bellmund et al.
2020). The study used an innovative design, in which the structure of the environ-
ment goes from a rectangle to a trapezoid, leading to distortions in behavioural
judgements such as distance.

Another study proposed a model of how environmental manipulations may
impact predictive representations in the medial temporal lobe. They proposed a
model where the SR is learned from a basis set of boundary vector cells (BVCs), and
showed that themodel captures place cell firing in terms of successor features, while
grid cells represent a low-dimensional representation of these successor features (de
Cothi andBarry 2020). They test the predictions of themodel against environmental
manipulations such as dimensional stretches, barrier insertions, and the influence of
a room’s geometry on the representation of space (related to the behavioural study
mentioned above).
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Connecting the Past and the Future: Multiscale Predictive
Representations

Let us return to the example of planning a flight, and moving between coarse and
more detailed scales during planning. In the models described earlier, the scale or
horizon of abstraction of a given successor representation is determined by the dis-
count parameter, γ. However, in the agents we discussed so far only one discount
parameter was used to learn the relations structure of the environment. Yet, various
scales of abstraction might be more appropriate for different planning problems.
How does the brain, or an RL agent, handle planning seamlessly at different scales
of granularity?

If we take the successor representation approach, one hypothesis is that the brain
or the model simply stores multiple successor representations with different values
of the discount parameter γ. In other words, the representation of the environment
stores multi-step dependencies according to different scales or discount parameters,
leading to a multiscale set of successor representations.

If such a model captures multiscale representations in the brain, a number of
testable empirical predictions follow. One prediction is that during navigation of
long distances, representations in different parts of the brain should reveal sensi-
tivity to different horizons. If not, all brain regions should show the same level of
granularity.

In order to test this hypothesis, it is important to go beyond small-scale labo-
ratory studies of how relational knowledge enables inference and planning in few
step controlled designs. Such a study needs to be feasible for neural measurements,
e.g., human neuroimaging. Virtual reality-like navigation of long distances inside an
fMRI scanner offers a sweet spot between laboratory and life-scale planning inside
a scanner, offering a window into studying how people use stored knowledge in
continuously unfolding navigation, e.g., walking long distances in a city.

One study used an existing fMRI dataset of virtual navigation of realistic distances
(of up to kilometres) in the city of Toronto (Brunec et al. 2018). They hypothe-
sized that there are predictive representations organized at multiple scales along
posterior–anterior prefrontal and hippocampal hierarchies, and that they guide nat-
uralistic VR navigation (Brunec andMomennejad 2021). To test this hypothesis, the
study conducted model-based representational similarity analyses of neuroimaging
data measured during navigation of realistically long paths in VR. They tested the
pattern similarity of each point along a given path to a weighted sum of its suc-
cessor points within different predictive horizons (Figure 12.5). They found that
the anterior prefrontal cortex (PFC) showed the largest predictive horizons (up to a
kilometre), posterior hippocampus the smallest (about 25metres), with the anterior
hippocampus and orbitofrontal regions in between (100–200 metres). These find-
ings offer novel insights into how multiscale cognitive maps can connect memory
and prediction to support hierarchical planning (Figure 12.5, bottom).
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Figure 12.5 Multiscale successor representations. (Top) The virtual Toronto navigation
experiment was conducted in fMRI with two conditions: goal-directed, in which participants
navigated to a known goal with no guidance and based on their memory; and GPS, in which
they did not know the goal and followed a GPS arrow in an unfamiliar part of the city. The
similarity of fMRI representations was measured between every point on the trajectory and the
weighted sum of its successor states on the taken path using different discount parameters.
(Bottom) In the prefrontal cortex, the largest horizon or scale was only observed in the
goal-directed condition (in the anterior PFC, up to about 1 kilometre). Smaller horizons, which
could have been seen in the VR image, were observed in the GPS condition as well.

A number of recent studies consistent with the multiscale view here are note-
worthy. A recent study simultaneously recorded hippocampal-prefrontal ensem-
bles and investigated how rats generalize navigational rules across different
environments. They showed that the hippocampus represented the specificity of



282 Memory and Planning in Brains and Machines

separate environments, while the prefrontal cortex representations generalized
across environments (Tang, Shin, and Jadhav 2023). A human study investigated
abstract representations of a story in human brains as participants listened to the
story (Owen, Chang, and Manning 2021). They found that the anterior hippocam-
pus and prefrontal cortex had more information about paragraphs and longer scale
themes in the intact stories, than words and jumbled versions of the story.

While some studies propose emergent self-scaling in entorhinal grid fields (Fiete,
Khona, and Chandra 2023), other studies explored models of mechanisms underly-
ing multiscale memory retrieval. They suggest that inhibitory diversity can increase
the range of memory retrieval and change how the network of memories becomes
activated (Burns, Haga 芳賀 達也, and Fukai 深井朋樹 2022). Moreover, recent
bat studies have reported multiscale representation of larger spatial environments
in the bat hippocampus (Eliav et al. 2021). Taken together, this body of studies offers
evidence in support of multiscale memory representations across species and using
a diverse set of imaging, empirical, and theoretical methods.

Neural Evidence for Offline Replay

Earlier we discussed the importance of offline replay in the models that best capture
human behaviour in flexible planning (Figure 12.3). Let us consider neural evidence
that offline replay of past states contributes to updating a planning policy.

A human neuroimaging study used a behavioural design with reward revalua-
tion (where the rewards change but the may of the environment doesn’t change,
Figure 12.3) and a control condition (Momennejad et al. 2018), and interleaved
three 30-second rest periods during the re-learning phase (in which participants
no longer visited the starting states). The study showed that while offline replay
of earlier states that had not been visited in a while (Figure 12.3, state 1) was
correlated with changing planning behaviour in the test phase, there was no correla-
tion between offline replay and behaviour in the control condition (where nothing
changes in the world).

Notably, the study did not use hippocampal replay, which is too fast for fMRI and
hippocampal fMRI signals are often noisier than some other regions.³ That said, the
reactivation of cortical patterns related to an earlier state. This memory reactivation
follows the expected patterns hypothesized by replay that prioritizes surprise.More-
over, the study showed that the extent to which the brain was sensitive to unsigned
prediction error (or surprise) during the learning phase, could predict how much
the earlier states would be replayed during rest, and in turn, how much this offline
replay would correlate with subsequent changes in revaluation behaviour during the
test phase.

³ N.B. Some suggest that specific experimental designs can overcome this problem of fast hippocampal replay
(Schuck and Niv 2019). However, it is the author’s opinion that the feasibility and reliability of this approach for
other study designs that may require longer learning and re-learning phases as well as rest periods remains to be
established.
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Over the past decade a number of studies have investigated the role of replay in
behaviour across different species and using different imagingmodalities. A series of
human fMRI studies have shown evidence for offline replay in non-spatial sequen-
tial tasks across the hippocampus, visual cortex, and the orbitofrontal cortex (Schuck
and Niv 2019; Wittkuhn and Schuck 2021; Schuck et al. 2016; Wittkuhn et al.
2021).

A series of rodent studies suggest that forward and backward or reverse replay
may differentially contribute to planning and updating a plan following prediction
errors, forming a cognitive map by capturing the topological map of the environ-
ment (Pfeiffer and Foster 2013; Pfeiffer and Foster 2015b; Foster and Wilson 2006;
Wu and Foster 2014; Foster 2017; Ólafsdóttir et al. 2015; Pfeiffer and Foster 2015a;
Widloski and Foster 2022). A recent study suggests that hippocampal replay appears
after a single experience but episodic details may emerge with more experience
(Berners-Lee et al. 2022).

A number of other studies have established the role of prediction errors and sur-
prise (unsigned prediction errors) in memory in both laboratory tasks (Rouhani
and Niv 2021) as well as natural and long-term life events (Rouhani, Stanley et al.
2023). Other research has highlighted the role of uncertainty and prediction errors
in offline learning and memory (Rouhani, Niv et al. 2023; Schapiro et al. 2018).
More research is needed to better understand whether there are varieties of prior-
itization of memory reactivation and replay depending on the task demands, time
pressure, andmemory resources (Barnett andMomennejad 2022). It is also possible
that such task-specific prioritization is meta-learned during the life-long learning of
processes that are optimal for different classes of generalized problems (Wang et al.
2018; Wang et al. 2016; Botvinick et al. 2019).

One area that we did not address in depth within this chapter is the role of sleep
in replay and the reorganization of memory. Consistent with models, behavioural,
and neural evidence discussed in sections 2 and 3, cognitive neuroscience research
suggests that sleep improves memory representations in humans (Coutanche et al.
2013). This body of work lends further evidence to the idea that replay and reorga-
nization of memories during sleep may support generalization, semantic memory,
and flexible behaviour (Tandoc et al. 2021; Schapiro et al. 2018; Poe, Walsh, and
Bjorness 2010; Schapiro, McDevitt et al. 2017).

The Successor Representation and Episodic Memory

So far we have only discussed hippocampal function in terms of multi-step predic-
tive representations and temporal abstraction. Neuroscience has provided mech-
anisms and evidence for how synaptic plasticity in the hippocampus leads to
sequence learning and spatial maps (Mehta, Lee, and Wilson 2002; Mehta 2015)
and at different scales (Moore et al. 2021). However, beyond capturing the rela-
tional structure of events, the hippocampus is also involved in episodic memory
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(Tulving and Markowitsch 1998), or memory of individual events. Are both these
two seemingly different functions supported by successor representations?

A computational study has proposed a link between the successor representation,
eligibility traces, and the temporal context model (TCM) of episodic memory (Ger-
shman et al. 2012). According to TCM, as we navigate the world the brain’s mental
context dynamically changes over time in response to both internal and external
events, and anything we store inmemory is boundwith the temporal context during
encoding. Therefore, the temporal context can serve as a cue for retrieval, explain-
ing the way in which memories encoded close in time (i.e., have a shared temporal
context) are recalled together as a cluster. TCM offers quantitative explanations of
the recency effect (recent memories are easier to recall) and the contiguity effect
(adjacent items are easier to recall, especially a successor adjacent item), and related
medal temporal lobe function (Howard and Kahana 2002; Polyn, Norman, and
Kahana 2009; Howard et al. 2005; Howard, Youker, and Venkatadass 2008; Mau
et al. 2018).

The computational study suggested that the Temporal Context Model (TCM) is
estimating the SR using temporal difference learning–as described earlier (similar
to Equation 3) (Gershman et al. 2012). They suggest that the successor prediction
is formed through recurrent dynamics in the CA3 subfield of the hippocampus,
which is then compared to sensory input arriving at CA1 directly from the entorhi-
nal cortex (EC), thus, CA1 computes successor prediction error, consistent with the
reported novelty (mismatch) signal in this region (Lisman and Otmakhova 2001;
Kumaran and Maguire 2005 2007).

A more recent study suggests that error-driven temporal difference learning may
not be implemented in hippocampal networks (George et al. 2022). Rather, they sug-
gest that spike-timing dependent plasticity (STDP), a formofHebbian learning,may
rapidly learn an approximation of SR from ‘theta sweeps’, or temporally compressed
trajectories. The model uses spiking neurons modulated by theta-band oscillations
to capture SR-related phenomena (e.g., backwards expansion on a 1D track and
elongation near walls in 2D (Stachenfeld, Botvinick, and Gershman 2017)), as well
as multiscale place field sizes along the dorsal-ventral axis of the rodent hippocam-
pus. The authors suggest that such topological ordering is necessary to prevent larger
place fields from mixing up the scales (George et al. 2022).

Another study looked at the mathematical relationship between the successor
representation and another prominent model of remembering multiscale memo-
ries, which models long term memory using the Laplace transform of past events
(Momennejad and Howard 2018). The study noted that SR with a single scale often
discards information about the sequential order of states and the distance between
them.Given these are task-relevant inmanynavigation tasks in animals and artificial
agents, the paper suggested that establishing the plausibility of SR as an organiz-
ing principle for the past and future requires an approach that can reconstruct the
sequence.
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The authors proposed that operations on an ensemble of SRs with multiple scales
can reconstruct both the sequence of future states and estimate the distance to goal
(Figure 12.5, bottom left). The computation needed was simply to compute the
derivative of SR between a given S and S’, which can be computed linearly. They
showed that a multiscale SR ensemble is mathematically equivalent to the Laplace
transform of future states, and the inverse of this Laplace transform is a biologically
plausible linear estimation of the derivative. This suggests the possibility that mul-
tiscale SR and its derivative could lead to a common principle for how the medial
temporal lobe supports both map-based and vector-based navigation.

In short, the study showed that multiscale successor representations and their
derivatives (Momennejad and Howard 2018) are mathematically equivalent to a
prominent computational model of memory (Shankar and Howard 2012; Shankar,
Singh, and Howard 2016), in which the inverse laplace transform of a sequence of
past events corresponds to distance of the past memory to the present. Notably,
the multiscale SR approach and its derivative could explain distance to goal cells
observed in bat hippocampal data (Sarel et al. 2017). Note that not only can indi-
vidual state trajectories and their distance be recovered frommultiscale SR, but since
the Laplace transform and its inverse had been previously proposed to underlie
remembering past events in a scale-invariant fashion (Shankar and Howard 2012;
M. W. Howard et al. 2014; Shankar, Singh, and Howard 2016), these findings add
credence to the idea of multiscale SR as a principle for memory organization in the
medial temporal lobe.

Predictive Representations and Complementary Learning
Systems

A related computational view suggests the complementary learning systems in the
hippocampus: that it serves both learning distinct separate episodes as well as gen-
eral statistical commonalities among the episodes (Schapiro, Turk-Browne et al.
2017). They used a neural network rather than the RL framework to ask how the
hippocampus handles both statistical learning (which requires detecting common-
alities) and memorization of individual episodes (Schapiro, Turk-Browne et al.
2017). The neural network model, with hippocampus-like connectivity and sub-
fields, was trained on sequences with temporal regularities, similar to the stimuli
in statistical learning experiments. The results suggest that the pathway connecting
the entorhinal cortex directly toCA1may support statistical learning (monosynaptic
pathway), while the pathway connecting entorhinal cortex to CA1 through dentate
gyrus and CA3 (trisynaptic pathway) learns individual episodes.

According to this view, associative reactivation through recurrence may give rise
to the representations of statistical regularities, and different anatomical pathways
may mediate the trade-off between learning episodes and associative functions of
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the hippocampus. This is also in line with a study suggesting distinct roles for dorsal
CA3 and CA1 in memory for sequential nonspatial events (Farovik, Dupont, and
Eichenbaum 2010). A more recent human neuroimaging study used an associa-
tive learning paradigm to test both SR and the complementary learning systems
predictions, and found intriguing convergence (Pudhiyidath et al. 2022). Future
research can further illuminate this link between SR and complementary learning
and memory systems.

Consistently, neuroimaging studies suggest a complementary role for CA1 and
CA3 in episodic memory and context. One study showed that CA1 represented
objects that shared an episodic context as more similar to each other, while CA3
differentiated between objects encountered in the same episodic context (Dimsdale-
Zucker et al. 2018). The authors suggest that the complementary nature of CA1 and
CA3 captures how we parse experiences into cohesive episodes while retaining the
specific details. A consistent study showed that damage to CA3 can disrupt both
recent and distant episodic memories (Miller et al. 2020).

Taken together, these studies suggest that hippocampal subfields may contribute
to both associative and episodic learning through complementary circuitry, func-
tions, and interactions. Moreover, recent work connects the statistical learning of
successor representation to on-task replay (Wittkuhn, Krippner, and Schuck 2022),
providing further credence to the importance of the predictive structure of memory
in our understanding of behavioural and neural phenomena surrounding memory,
replay, and planning.

Predictive Representations, Hierarchical Planning,
and Deep RL

Most real world navigation and planning problems involve hierarchical problem
solving. Studies of taxi drivers and indigenous navigators offer evidence for the
explicit use of hierarchical planning in humans in the real world (Spiers and
Maguire 2008; Fernandez-Velasco and Spiers 2024). Behavioural and neural sig-
natures of hierarchical planning and navigation, as well as their computational
models, are active areas of research in contemporary computer science and cognitive
neuroscience.

Hierarchical RL (or HRL) focuses on representation learning mechanisms that
empower an agent to explore an environment and learn options, which are abstrac-
tions of policies or various sequences of state–action–state sequences that function-
ally achieve the same goal (Sutton, Precup, and Singh 1999; Dietterich n.d.; Stolle
and Precup 2002; Barto and Mahadevan 2003; Bacon, Harb, and Precup 2016;
Botvinick andWeinstein 2014; Xia and Collins 2020). The HRL and options frame-
work allow for more efficient exploration and representations for goal-directed
navigation and problem solving.
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Moreover, neuroscientific studies of hierarchical planning and reasoning suggest
a key role for the prefrontal cortex, e.g., in motivating functional hierarchies in cog-
nitive control (Egner 2009) and simulating the future (Javadi et al. 2017). Patient
studies show that damage to the human anterior prefrontal cortex leads to impair-
ments inmulti-tasking, or completing a sequence of errands in order (Burgess 2000;
Burgess et al. 2000; Roca et al. 2011). A number of studies combining human fMRI
and machine learning approaches have established a role for the anterior prefrontal
cortex in prospective memory, or remembering to execute a long-term intention
later while we are busy doing something else now (Okuda et al. 2007; Burgess et al.
2008;Momennejad andHaynes 2012;Momennejad andHaynes 2013; Haynes et al.
2015). Primate neural recordings also suggest a role in hierarchical reasoning by the
frontal cortex (Sarafyazd and Jazayeri 2019).

Recent work in deep learning used inspiration from human studies of collective
memory and collective cognition (Coman et al. 2016; Hirst, Yamashiro, and Coman
2018; Momennejad, Duker, and Coman 2019; Momennejad 2022) to propose a
multi-agent approach to hierarchical problem solving using deep RL agents (Nisioti
et al. 2022). The study designed a set of hierarchical problems with various levels of
branching and breadth, and connected a network of ten deep Q-learning networks
(DQNs) with different connectivity graphs, and had each multi-agent collective of
agents solve the problems by exploring individually and sharing their replay con-
tent with each other (Nisioti et al. 2022). The results revealed that it was not an
all-to-all connectivity nor individual agents that could optimally solve all problems.
The more difficult problems could only be solved by networks with dynamic con-
nectivity: where agents first communicated in smaller clusters and then changed the
connectivity to communicatemore broadly, and repeated this dynamic connectivity.

This multi-agent finding is potentially useful in understanding how the prefrontal
cortex flexibly coordinates communication among other brain regions to solve dif-
ferent tasks such as hierarchical problems. While some tasks may be better served
by dense connectivity among certain brain regions, others may require selective
or dynamic connecting of some connections, and the PFC may need to metalearn
optimal connectivity patterns for each problem category over the course of contin-
ual and lifelong learning (Lopez-Paz and Ranzato 2017; Parisi et al. 2018). Future
research could shed light on such a multi-agent communication hypothesis about
the role of the PFC in flexible task switching and hierarchical problem solving.

Let us return to multiscale predictive representations. Over the past decade, a
series of RL studies have linked the options and hierarchical RL framework to var-
ious forms of the successor representation. A number of RL studies have focused
on the eigenvectors of the graph Laplacian of the environment’s structure to derive
options and subgoals in HRL (Anderson andMorley 1985; Gutman 2003; Sprekeler
2011; Machado, Bellemare, and Bowling 2017; Klissarov and Machado 2023), as
well as eigen-options, or generalized option components, the linear combination
of which can provide various policies in an environment (Sherstan, Machado,
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and Pilarski 2018; Machado et al. 2017; Machado, Bellemare, and Bowling 2020).
Notably, SR is comparable to the inverse of the graph Laplacian. Thus, a num-
ber of studies investigated how successor feature learning and deep successor
representation models acquire representational underpinning of HRL.

A standing challenge in this area and for future studies involves the observed
dichotomy between the learning rules in deep SR, or deep successor feature agents,
and the emergent structure of learned representations. While the learning rules fol-
low SR, sometimes the similarity structure of representations do not reflect what
would be expected to a tabular successor representation approach. Future studies
are required to better understand efficient and optimal learning and use of SR and
deep SR in hierarchical learning and problem solving.

Future research is required to better understand more prefrontal cortical-centred
functions such as task sets and schema (Farzanfar et al. 2023; Masís-Obando,
Norman, and Baldassano 2022; Preston and Eichenbaum 2013; Graziano and
Webb 2015; Gilboa and Marlatte 2017; McKenzie et al. 2014; Gupta et al. 2012),
compositional tasks, and decomposing value and policy with different basis sets
(Whittington et al. 2019).

EvaluatingGenerative AIʼs PlanningBehaviour
andUnderlyingRepresentations

Evaluating Navigation Behaviour in Xbox Games

Contemporary generative AI is ubiquitous, from search engines to medical assis-
tants, office copilots, and game agents, various dimensions of the future of life and
work are tied to it (Lee, Goldberg, and Kohane 2023). However, various capacities
discussed here related to planning, long-term memory with efficient retrieval, and
navigation remain unresolved challenges for contemporary generative AI.

It is the author’s belief that cognitive science and computational neuroscience
inspired methods and theories can enhance both the evaluation of generative AI
systems and inspire architectures and solutions that enhance their abilities. This
may herald a new dawn for the application of cognitive neuroscience approaches
in AI.

While a detailed survey remains outside the scope of the present chapter, it is
noteworthy that the classic computer science benchmarks have proven to not be
sufficient for the evaluation of memory, generalization, planning, and navigation,
and methods from cognitive and neural science prove highly relevant. For instance,
two studies compared the behaviour of human-like agents with human behaviour
when navigating in the same VR game environment: Bleeding Edge (Devlin et al.
2021; Zuniga et al. 2022). They showed that while both agents had similarly high
performance on benchmarks such as reward and steps to completion, neither of
them passed the Navigation Turing Test (HNTT).
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Figure 12.6 Evaluating planning and cognitive maps in large languagemodels. (Top) The
performance of eight LLMs on tasks related to flexible planning. (Bottom) Three major failure
modes of LLMs include hallucinating edges that do not exist (there is no direct path between 13
and 12), taking a long path when a one-step path is available, and falling in loops (I.
Momennejad et al. 2023). These failure modes do not support the idea that LLMs including
GPT-4 have emergent cognitive maps or planning ability.

That is, human judges observed side by side videos of an avatar navigating the
game, and could significantly tell in which videos the avatar’s navigation was con-
trolled by agents and in which by humans (Devlin et al. 2021; Zuniga et al. 2022).
Notably, a second study use six different artificial judges to determine if they can
judge human-like navigation in the game, and found that while they reached high
performance at detecting human play, when comparing videos played by two agents
side by side, they could not distinguish or rank which of the two agents would be
judged as navigating more human-like by human judges (Devlin et al. 2021).

The significance of these findings are twofold: first, benchmarks are not enough to
capture human-like behaviour—see this rubric for human-like agents and neuroAI
for more detail (Momennejad 2023); and second, judging which of two agents dis-
play human-like navigation was not trivial for existing imitation learning and deep
learning models. A deeper understanding of both human navigation behaviour and
metrics for its understanding are required to address these challenges.
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Can Large Language Models Plan?

Another intersection of the research discussed in this chapter with generative AI
is in the evaluation of planning and navigation behaviour in large language mod-
els (LLMs) such as GPT-4, Bard, or Llama. A recent study (Momennejad et al.
2023) turned the design of a number of studies mentioned in this paper (including
Figure 12.3) into prompts, and tested eight LLM’s behaviour on variety of planning
related tasks, such as reward or goal directed planning, finding shortest paths dur-
ing multi-step traversal, reward revaluation, transition revaluation, shortcut, and
detour tasks (Figure 12.6).

The paper proposed CogEval (Momennejad et al. 2023), a cognitive-science
inspired protocol for the systematic evaluation of cognitive capacities (such as
planning and cognitive maps) in LLMs. From Tolman to the present day, flexible
planning behaviour in humans and animals has been studied in terms of robustness
to various local changes in the environment that have implications for the global
policies, which is the same approach used by the researchers to study the ability to
extract and use cognitive maps for planning in eight LLMs.

The study found that taken together, none of the eight large language mod-
els tested showed consistent flexible behaviour across the tasks. Notably, while
larger models (especially GPT-4) showed apparent success on some of the sim-
pler linear planning tasks, a number of failure modes suggest that even GPT-4
does not have strong emergent planning capacities. These failure modes included
hallucinating edges and paths that didn’t exist, falling into loops, and taking
many steps of unnecessary moves even when the LLM merely needed to tra-
verse a one-step path. Together, planning performance and failures in LLMs
including GPT-4 do not support the idea of emergent planning or cognitive map
capacity.

Follow up research (Webb et al. 2023) inspired by cognitive computational neu-
roscience methods, improved LLM-based planning by creating iterative prompts
that function like different components of the prefrontal cortex (PFC). This led
to a modular black-box architecture, where GPT-4 was prompted to play the
role of different PFC regions to solve the problem in an iterative fashion (Webb
et al. 2023). The results show improvement in hallucinations as well as planning
ability in both graph traversal and Tower of Hanoi tasks. Future research can
improve on this modular approach by creating multiscale modules that can identify
subgoals.

Summary

How do memories simultaneously capture details about the past, while enabling
generalization, prediction, and planning? Here we reviewed evidence for the
hypothesis that the answer involves how memories are organized in the brain,
namely, as multiscale predictive representations. We reviewed computational,
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behavioural, and neural evidence for this hypothesis, and showed that it is com-
patible with complementary memory systems, in which different subregions and
gradients of the brain’s memory systems collaborate to support episodic details on
the one hand, and abstraction on the other: the past and the future.

We discussed reinforcement learning as one of the computational frameworks
for understanding how predictive representations may be organized in memory.
The successor representation (SR) was discussed as a candidate principle for gen-
eralization in computational accounts of memory, and the structure of predictive
representations in the hippocampus and the prefrontal cortex.

We discussed how SR is learned when an agent navigates a sequence of states:
the SR stores how often, on average, each upcoming state is expected to be visited.
This is different from other RL accounts such as model-based RL that learn only
one-step associations, in that SR learns expected this future visitation for states that
are multi-steps away. A discount or scale parameter determines howmany steps into
the future SR’s generalizations reach,which in turn enables rapid value computation,
subgoal discovery (e.g., via SR’s eigenvectors), and flexible decision-making in larger
decision trees.

When an agent, or the brain, learns multiple SRs with different discount or scale
parameters, we have amultiscale set of predictive representations, the rows of which
capture the future, or the successors of each state, and the columns of which cap-
ture the past, or the predecessors of each state (Figure 12.4). It has been shown that
the successor representation (SR) offers a candidate principle for generalization in
reinforcement learning (Dayan 1993; Momennejad et al. 2017; Russek et al. 2017)
and computational accounts of episodic memory and temporal context (Gershman
et al. 2012), with implications for neural representations in themedial temporal lobe
(Stachenfeld, Botvinick, and Gershman 2017) and the midbrain dopamine system
(Gardner, Schoenbaum, and Gershman 2018).

The central question was echoed in our discussion of complementary learning
systems in the medial temporal lobe (Schapiro et al. 2013). The view suggests that
hippocampal subfields contribute to both associative and statistical learning, as well
as learning of distinct episodes. We discussed how predictive representations and
the successor representation could be used to model this theory as well.

We also discussed how a combined computational, behavioural, and neural evalu-
ationmethodology can be used to evaluate and improve generative AI.We discussed
an example of a deep RL agent navigating an Xbox game, showing that merely beat-
ing certain benchmarkmetrics such as total rewards or steps to goal are not sufficient
to guarantee human-like navigation behaviour in the Xbox game. Possible solutions
may indeed require a more brain-like approach to the architecture of the agents. We
also summarized research evaluating and improving planning behaviour in large
language models, using similar empirical paradigms to those summarized in this
chapter.

Taken together, evidence reviewed here supports the idea that memories and
cognitive maps may be structured in terms of multiscale predictive representations
along hippocampal and prefrontal hierarchies, supporting flexible behaviour in
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humans, rodents, bats, and agents. Future research can shed further light on the pro-
cesses that use these representations for further abstraction, schema, and task-based
generalization mediated by these regions.
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