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Abstract

Theories of episodic memory have long hypothesized that recollection of a
specific instance from one’s life is mediated by recovery of a neural state
of spatiotemporal context. This paper reviews recent theoretical advances
in formal models of spatiotemporal context and a growing body of neuro-
physiological evidence from human imaging studies and animal work that
neural populations in the hippocampus and other brain regions support a
representation of spatiotemporal context.
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Introduction

Since its earliest conception, episodic memory has been hypothesized to
be associated with the recovery of the spatiotemporal context in which a
memory was formed [1]. For this to be the case, the brain must contain a
representation of spatiotemporal context that codes information about the
spatial location and temporal relationships between events. The hippocam-
pal place code provides dramatic evidence for a representation of spatial con-
text in the brain [2, 3, 4]. A representation of spatiotemporal context should
also change gradually over time to enable the expression of temporal rela-
tionships, tapping into a longstanding tradition in mathematical psychology
in which a gradually-changing state of context mediates associations between
stimuli [5, 6, 7]. Later work agumented these earlier formal models of contex-
tual drift by hypothesizing that episodic memory is associated with recovery
of a gradually-changing state of temporal context, enabling a concise account
of behavioral contiguity effects, especially in the free recall task [8, 9, 10].
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Neurophysiological work has long shown that the firing rate of neural popu-
lations in the hippocampus and elsewhere change gradually over time even
when experimentally-controlled variables are equated [11, 12, 13, 14].

This paper reviews recent progress towards an understanding of the be-
havioral and neural evidence for a representation of spatiotemporal context.
There is by now overwhelming neurophysiological evidence for a representa-
tion of spatial context—spatial correlates of neural firing in the hippocampus
and related brain regions—from a range of species (see [15, 16, 17] for recent
reviews). Because it is less well-known, this paper will focus on empirical ev-
idence for temporal aspects of a context representation based on recent work
from both animal and human studies. In addition to empirical developments,
there have also been recent theoretical developments in our understanding of
spatial and temporal context and their relationship to one another.

Empirical status of retrieved temporal context models

Retrieved context models hypothesize that a gradually-changing state of
temporal context is recovered when an episodic memory is retrieved. This
provides a natural account of behavioral effects that show associations be-
tween items presented close together in time. The importance of this contigu-
ity effect in human episodic memory has recently been challenged [18]. How-
ever, that position seems inconsistent with recent empirical findings demon-
strating that essentially all normally-functioning individuals show a temporal
contiguity effect [19] in free recall studies and that the temporal contiguity
effect in free recall is correlated with remember vs know judgments in recog-
nition memory [20], suggesting that the processes supporting contiguity are
not limited only to recall tasks. Moreover, detailed free recall modeling has
shown that this approach is sufficient to account for detailed properties of
the spacing effect in free recall [21] and patterns of recall and recognition
performance associated with normal aging [22].

Recent evidence for a gradually-changing state of temporal context in the
brain

There is now overwhelming evidence that neural population vectors in the
rodent brain change gradually over macroscopic periods of time ranging from
minutes up to at least days, providing a potential temporal context signal
for temporally mediated associations. In recent years, hippocampal region
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CA2 has been identified as possibly having a central role in temporal vari-
ation, in contrast to other hippocampal regions that show both spatial and
temporal correlates [23]. Gradual neural drift has been observed in animal
preparations with a range of imaging modalities, including optical recordings
[24] and activity-dependent markers [25, 26]. Notably, these last two studies
showed that markers of gradually-changing neural activity in the amygdala
and hippocampus coincided with temporally-graded behavioral associations
for fear conditioning, consistent with the hypothesis that temporally-graded
associations are mediated by a gradually-changing state of temporal context
in the hippocampus [14, 24].

In addition to animal work, human studies have also shown that neural
processes measurable with fMRI change gradually over time and are affected
by the history of recent stimuli and, in turn, affect behavioral performance in
a range of tasks. The representational similarity in the entorhinal cortex and
other brain regions between studied events predicts the judged time between
those events [27]. Similarly, pattern dissimilarity in the hippocampus during
study predicts successful performance in the judgment of recency task [28].
Similarly, the degree to which hippocampal patterns reflect the content of in-
tervening items—the temporal context—predicts success in judging the time
that has elapsed between pairs of stimuli [29, 30]. A study in which sequences
of stimuli were presented showed that the multivoxel pattern changed grad-
ually over time and contained information about recent stimuli [31]. Subse-
quent work suggests that this temporal context signal is present not only in
the hippocampus, but also other brain regions throughout the “core recollec-
tion network” [32]. Another study showed repetition suppression to stimuli
presented in repeated temporal contexts [33], minimizing any concerns that
the analyses in [31] were contaminated by a slow hemodynamic response.

fMRI evidence from the free recall task confirms the observation that
recently-experienced stimulus categories contribute to the information con-
tained in the BOLD signal [34]. Moreover, this information about the preced-
ing temporal context in the BOLD signal predicts transitions among words
preceded by similar temporal contexts in free recall. Taken together, the
animal and human work leave little doubt that the brain contains a repre-
sentation of the recent past that comports with the basic properties required
by retrieved temporal context models.
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Is temporal context recovered in episodic retrieval?
The other main contention of retrieved temporal context models—that

temporal context is recovered as part of episodic memory retrieval—has not
yet been definitively observed. There is very strong evidence that episodic
memory results in a recovery of brain states observed during study. It is
also clear that this recovery can cause associations that bridge across dif-
ferent experiences with a stimulus, as predicted by retrieved context models
of memory. It is also known that behavioral markers of contextual retrieval
correlate with hippocampal activity [35]. However, it has not yet been defini-
tively established that gradually-changing brain states are in fact recovered
during episodic memory. That is, suppose that the brain state is a super-
position of a part that changes, and another part that reflects currently
available information. The available neurophysiological data collected in the
last few years is consistent with the hypothesis that only the part that re-
flects currently-available stimuli is recovered. Earlier studies attempted to
directly test the hypothesis that a gradually-changing temporal context was
retrieved [36, 37, 38], but each of these studies have some limitations that
prevent a definitive answer to this question.

Although it is not direct neural evidence for recovery of temporal context,
a growing body of evidence demonstrates that the hippocampus and PFC
participate in building transitive associations that bridge across temporally
disjoint events, as predicted by retrieved temporal context models. After
study of a-b and, much later, b-c, a transitive association is observed to
the extent that a and c become associated to one another. Transitive as-
sociations are a natural prediction of retrieved temporal context models. If,
during study of b-c, b recovers its previous temporal context, which includes
information from a, then this provides a natural mechanism for associations
between a and c. Recent fMRI evidence shows that transitive associations
are observed for rewarding stimuli dependent on connections with the hip-
pocampus [39], reviewed in [40]. Other evidence shows that the degree to
which transitive a-c associations are formed between neutral stimuli is de-
pendent on the degree of hippocampal-PFC connectivity [41] (reviewed in
[42]). This adds to a body of work indicating that temporal context affects
hippocampal representations [43]. MEG evidence suggests that the retrieval
of transitive associations takes place after recovery of item information, sug-
gesting an alignment with the time course of retrieval in recognition memory
[44]. It should be noted that transitive associations are not a unique predic-
tion of retrieved temporal context models [45, 46].
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Although there has not yet been a definitive study, technology exists to
measure the recovery of a neural temporal context. First, any neural measure
that generates a multivariate response can in principle be used to estimate a
neural jump back in time. Suppose that we measure the multivariate response
during retrieval of a stimulus originally presented in a randomly-assembled
study list that includes many other stimuli. If the remembered stimulus was
originally presented at serial position i, then retrieved temporal context mod-
els predict that the pattern after retrieval should resemble the neural pattern
during study of stimuli presented close in time to serial position i. This strat-
egy has been pursued previously with human single unit and ECoG studies
[37, 36, 38], but with empirically-ambiguous results. Modern techniques for
reactivating tagged neural ensembles [47] provides another possible avenue
for establishing a causal connection between retrieved temporal context and
behavioral associations. It is known that ensembles change gradually over
many days [24] and that temporally-modulated representations covary with
temporally-graded associations [26]. There is no conceptual or technical ob-
stacle to a study in which the neurons active in a particular environment
associated with fear are tagged. If reactivation of that ensemble in envi-
ronments learned close together in time results in temporally-graded fear
generalization, this would establish a causal connection between retrieval of
temporal context and temporally-graded behavioral contiguity effects.

Advances in the theory of temporal and spatial context

In parallel with empirical progress, recent theoretical developments have
led to an integrative hypothesis for spatial and temporal context that unifies
a wide range of behavioral and neural phenomena. A large body of behav-
ioral and theoretical work has suggested that the representations supporting
memory should be temporally scale-invariant, exhibiting similar sensitivity
to temporal relationships over a range of time scales [55, 56, 57]. Inspired
by the idea that memory ought to be scale-invariant, this theoretical ap-
proach develops a set of equations to describe a compressed representation
of recent experience [58, 59]. Because the temporal history changes gradu-
ally from one moment to the next, this neural representation leads to similar
predictions regarding temporally-graded associations. Moreover, because it
contains information about the temporal history leading up to the present,
this representation can also be used to account for phenomena that depend
on explicit temporal information, including judgment of recency tasks and
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Wilcoxon rank-sum test: p = 3310!16; Figures 2E andS2F), even
as firing fields for both cell types that appeared later during tread-
mill running were wider (Pearson’s linear correlation; grid cells:
r = 0.56, p = 4 3 10!20; non-grid cells: r = 0.65, p = 3 3 10!15;
Figures 2F and S2G). In addition, many grid cells (77; 44%) had
two or more firing fields (Figures 1, 2C, 4, and S1; Table S1). In
contrast, fewer non-grid cells (27; 18%) had multiple fields (Fig-
ure 2C; Table S1) compared to grid cells, c2(2) = 28.88, p = 5 3
10!7; and in a previous study (Kraus et al., 2013), we observed
only 6% of CA1 cells with multiple firing fields during treadmill
running compared to grid cells, c2(2) = 225.3, p z 0. Therefore,
parallel to their spatial firing patterns in the open field, the firing
patterns of grid cells are characterized by precise, multi-peaked
activations while animals run in place. Furthermore, time and dis-
tance modulation by grid cells, expansion of field size over time,
and multiple firing fields were observed in each animal and brain
area studied (see Experimental Procedures), indicating similar
temporal coding features among grid cells throughout cortical
areas of the hippocampal system.

Spatial Position Cannot Account for Time and Distance
Fields
We quantified the degree to which the rat’s location systemati-
cally varied as a function of the fraction of the treadmill run by
determining the area that is visited in each of five evenly divided
bins (time bins for time-fixed sessions and distance bins for dis-
tance-fixed sessions). We refer to this area as AAB (‘‘AB’’ stands
for ‘‘all bins’’) to distinguish it from the area accounting for 75%of
the time spent on the treadmill, which we refer to as A75. The
average size of AAB was 44 cm2 (SD = 24.1 cm2; minimum
[min], 11 cm2; maximum [max], 156 cm2), and the rats spent,
on average, 80% of the treadmill run within this area (SD = 9%;
min, 34%; max, 93%). The average size of A75 was 28 cm2

(SD = 16.3 cm2; min, 6 cm2; max, 89 cm2), and AAB contained,
on average, 89% of A75 (SD = 12%; min, 30%; max, 100%), indi-
cating that the rats’ positions were relatively stable throughout
the treadmill run and that each rat spent a majority of the run in
the same area.
To quantitatively evaluate the extent to which the observed

firing patterns could be explained based on location alone, we
used the spatial firing rate map of each neuron (Figure 3) as a
look-up table to generate predicted firing rates for that neuron
based on the rat’s position at each point in the run (time for
time-fixed sessions; distance for distance-fixed sessions; see
Experimental Procedures). Next, we generated two tuning
curves showing the firing rate of that neuron as a function of
time or distance spent on the treadmill for both the actual firing
(the empirical time or distance tuning curve) and the firing predic-
tions based solely on the spatial firing rate map (the model time/
distance tuning curve) (Figure 3). If location is sufficient to explain
the observed firing patterns of each neuron, then the two tuning
curves for that neuron should match. Alternatively, if the rat was
perfectly stationary while on the treadmill, or if the firing of that
neuron was completely uncorrelated with location, the model
tuning curve should be perfectly flat.
A bootstrap method was used to generate confidence inter-

vals around the time/distance tuning curve for each neuron
and to identify regions where the two curves were significantly
different. Although nearly all neurons expressed some degree
of spatial tuning (indicated by a non-flat model tuning curve), in
the majority of neurons with firing fields on the treadmill (155
out of 162 grid cells and 99 out of 113 non-grid cells), there
was a region of significant difference between the empirical
and model tuning curves, indicating that information about loca-
tion was not sufficient to explain the firing activity seen on the
treadmill. These findings were similar to previous observations
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Figure 2. Characteristics of Grid Cells dur-
ing Treadmill Running
(A and B) Ensemble firing rate maps showing

normalized spiking rate during treadmill running for

grid cells (A) and non-grid cells (B). Firing rate is

plotted in terms of ‘‘fraction of run’’ to allow

ensemble analysis across both time-fixed and

distance-fixed sessions.

(C–F) In (C), distribution is shown of the number of

firing fields observed for each type of cell (CA1

data from Kraus et al., 2013). This legend applies

to (C–F). (D) Distribution (top) and cumulative dis-

tribution (bottom) of the width of the first firing field

for each neuron. (E) Distribution (top) and cumu-

lative distribution (bottom) of the peak rate of each

neuron divided by the average rate of each neuron.

A smaller value indicates broader firing fields.

Vertical black line indicates the maximum differ-

ence between cumulative distributions. (F) Distri-

bution of field widths as a function of the time of

peak firing. Open circles indicate fields cut off by

the end of the treadmill run.

See also Figures S2 and S5 and Table S1.
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time cells (CA1, 4.20 ! 0.42 Hz; CA3, 4.25 ! 0.32 Hz; two sample
t test, t(122) " #0.05, p " 0.96).

Time cell sequences represent time with decreasing resolution with
increasing time
A striking aspect of time cells coding is an overabundance of time
cells early in the treadmill run and an accompanying expansion of
the duration of elevated activity later in the run (Fig. 2B). By
combining CA1 and CA3 time cells, the non-uniform distribu-
tion of time cells centers is evident when compared with the
uniform distribution (Fig. 3A,B, dashed line). These relation-
ships are most apparent in the cumulative distributions of CA1
and CA3 time field centers, in which it can be seen that the dis-
tributions for CA1 and CA3 rise faster than the uniform distri-
bution (dashed line) early in the delay interval and overlap
with one another (Fig. 3B). The distributions of combined
CA1 and CA3 time cells significantly differed from uniform
(KS test, D(123) " 0.17, p " 0.001), but the distributions for
CA1 and CA3 did not significantly differ from each other (KS
test, D(61,62) " 0.14, p " 0.57).

In addition, a scatter plot of time field widths over the period
of treadmill running suggests that the width of time fields in-
creases during running on the treadmill (Fig. 3C). A multiple
linear regression of field widths in CA1 and CA3 along with times
of the field centers confirmed a strong linear relationship
(F(1,121) " 301.66, p $ 0.001, r 2 " 0.71) such that width of a time
field increased 0.62 ! 0.04 s for every second of treadmill run-
ning. The intercept of the regression was not significant. To ex-
plore potential differences between regions, we performed a
multiple regression of width onto center location interacting with
region. Because we did not observe a reliable intercept in the

previous regression, we did not allow an intercept term in this
model. The interaction of region and the field center was signif-
icant, indicating that time field widths of cells in CA1 and CA3 are
significantly different from each other (F(1,121) " 11.12, p $ 0.01,
r 2 " 0.89). An analogous multiple regression analysis on tempo-
ral information scores with field center as a covariate showed a
nonsignificant interaction between region and the location of the
center of fields, indicating there was no significant difference
between the information scores of the two regions (F(1,119) "
1.46, p " 0.23).

Time cells are equally prevalent with and without a working
memory demand
We also recorded CA3 and CA1 time cells in animals performing
a “looping” task that did not require that animals remember the
path of the previous trial (Fig. 4). During treadmill running in the
looping task, robust time cell patterns were apparent throughout
the delay in both CA1 and CA3 neurons (Fig. 4A,B and D,E).
Time cells in CA1 and CA3 were equally prevalent in both loop-
ing and alternation sessions [CA1: looping, 37 of 116 (31.9%);
alternation, 24 of 89 (27.0%); CA3: looping, 35 of 130 (27.0%);
alternation, 27 of 97 (27.8%); Fisher’s exact test, p " 0.82,
two-tailed].

Comparison of time and place cell firing properties in
CA1 and CA3
Place cells are equally prevalent in CA1 and CA3
We also examined the spatial firing properties of the same popu-
lation of recorded neurons as animals traversed the maze outside
the treadmill (Fig. 5). Of all the recorded putative pyramidal cells,
249 CA1 cells and 322 CA3 cells that had an average firing rate of

Figure 3. Distribution of time and place fields and field widths. A, Firing patterns of all recorded time cells. B, Cumulative distribution function of CA1 and CA3 distributions on the treadmill. For
a description of how to read this graph, see Results. C, Scatter gram of the center in time of firing fields on the treadmill run and the width of those fields. D, Same as A except distance traveled along
the looping maze. E, Same as B except the x-axis is distance traveled from the previous water ports on the looping maze. Note that neither CA1 or CA3 stray far from the uniform distribution. F, Same
as C except the x-axis is distance traveled from the previous water ports on the looping maze.

Salz et al. • Time Cells in CA3 J. Neurosci., Month XX, 2016 • 36(XX):XXXX–XXXX • 5

rich3/zns-neusci/zns-neusci/zns99916/zns8779d16z xppws S!5 6/8/16 5:27 4/Color Figure(s): F1-F5 Art: 0087-16 Input-bcc
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Figure 1: Theory of scale-invariant temporal context and neurophysiological evidence. A.
A method for constructing a scale-invariant timeline. Top: an input function through time.
Middle: a set of units retains the Laplace transform of the input function up to that point.
Different lines are units with different time constants, corresponding to different values
of the (real) Laplace domain variable. Bottom: By approximating the inverse Laplace
transform a set of cells constructs an estimate of the history of the input function up
to that point. Three units corresponding to different parts of a compressed timeline are
shown. These units respond a characteristic time after the input was presented. Because
the timeline decreases in accuracy as it recedes into the past, the “time fields” of these
cells grow wider and the number of cells with time fields decreases as the delay goes on.
After [48]. B. Neurophysiological observation of time cells with the qualitative properties
predicted by theoretical work. Left: Firing rate properties of neurons in rodent CA1.
These cells fire sequentially during the delay of a memory experiment, with increasing
width of the time fields as the sequence goes on. After [49]. Right: Width of time fields as
a function of the center location in various brain regions in rat. The theoretical framework
in [50] predicts a linear increase. Clockwise from top left, rodent hippocampus (different
colors for CA1 vs CA3) [51], rodent medial entorhinal cortex (different colors show grid
cells vs non-grid cells [52], medial prefrontal cortex [53], and striatum (different colors are
different delay durations) [54].
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scale-invariant timing behavior [50]. Rather than merely changing gradu-
ally over time, this compressed timeline provides a record of what stimuli
happened at what point in the past (Fig. 1A).

At the neural level, such a timeline would consist of cells that fire con-
junctively when a particular stimulus was experienced at a certain point in
the past. In this way, a set of these cells would enable reconstruction of what
happened when in the past. These predictions resemble the properties of
hippocampal “time cells” that fire sequentially during a circumscribed pe-
riod within a delay period [60, 49]. Consistent with the hypothesis that the
compressed representation of the past is accessed in many different forms
of memory, time cells are not only observed in the hippocampus [51], but
also the entorhinal cortex [52], striatum [54, 61], and medial PFC [53, 62].
Notably, in all of these studies, time cells show a characteristic compression
as qualitatively predicted by theory (Fig. 1B).

The mathematical specifics of the compressed representation [58, 59] en-
dow it with numerous desirable theoretical properties. The compressed time-
line, manifest as a set of units with firing properties like time cells, is gener-
ated from an intermediate representation. This intermediate representation
stores at each moment the Laplace transform of the input history as a func-
tion of time. By modulating the equations governing the Laplace transform
with velocity, one can construct the Laplace transform with respect to po-
sition. By providing different input functions and modulating the Laplace
transform with various functions, one can generate a “particle zoo” of place
cells observed in the hippocampal formation during spatial navigation tasks
in rodents [63] (Fig. 2A). As such, the same mathematical framework can be
used to construct a representation of temporal context, of spatial context,
and of conjoint spatiotemporal context [65].

This unified account of spatial context, temporal context and spatiotem-
poral context aligns well with recent fMRI studies virtual reality suggesting
not only that similar regions participate in recovery of spatial and temporal
context [66, 67, 64] (see also Fig. 2B). These findings have been extended
to real world memory [68], where hippocampal ensembles capture not only
the spatial distance between memories and the temporal distance between
memories, but also the interaction of spatial and temporal distance. Rodent
work demonstrating that entorhinal grid cells have time-cell-like properties
in time cell experiments [52], suggesting that spatial and temporal context
representations are supported in some cases by the same neurons. More-
over, because of the mathematical properties of the representation, it can be
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A B
code of dorsal CA1 ensembles changes
gradually with the passage of time (Manns
et al., 2007; MacDonald et al., 2011; Hy-
man et al., 2012; Mankin et al., 2012).

Discussion
Equations 1 and 6 provide a unified
framework for constructing functions of
time, position in a sequence, or spatial po-
sition. The method starts by constructing
an intermediate representation of leaky
integrators with different time constants.
From this intermediate representation,
we extract a fuzzy representation of a
function of time, or position in a se-
quence, or spatial position. This frame-
work organizes superficially different
neurophysiological findings in the rodent
hippocampus and parahippocampal
structures. Different pathways receive a
variety of inputs f(!) and are modulated
by different functions "(!), but all of the
simulated cells considered are generated
by the same two equations. With appro-
priate settings, we obtain a fuzzy represen-
tation of what happened when (Case I), or
of what happened in which part of the se-
quence (Case II), or what is located where
(Case III). All of these sources of informa-
tion combine in the hippocampus to pro-
vide a conjunctive description of the current spatiotemporal
context (Fig. 12).

Comparison to other work
In the temporal domain, the present approach extends several exist-
ing hypotheses for sequential activation of cells. Although cells are
sequentially activated in f̃ following presentation of a stimulus, cells
in f̃ do not have direct connections between them, in contrast to
chaining models that exploit direct links between sequentially acti-
vated cells (Goldman, 2009; Itskov et al., 2011). In the temporal
domain, the present mathematical framework is a special case of a
liquid state machine (Maass et al., 2002; Buonomano and Maass,
2009), although an extremely simple one that is trivially decodable.
The present approach has perhaps the most in common with
spectral timing theory (Grossberg and Merrill, 1992). How-
ever, the present approach is much more simple facilitating
insight into its workings and extension to other variables.

Other work has generalized from temporal to spatial variables.
For instance, Hasselmo (2009) presented a framework for learn-
ing spatial and temporal trajectories using changes in synaptic
weights between grid cells and cells coding velocity. In this paper,
sequential firing does not depend on changes in synaptic weights;
Lk

!1 is fixed throughout an experiment.

Biological requirements for the computation
As discussed above, given a set of leaky integrators F(s), it is
straightforward to approximate the inversion of the Laplace
transform and construct f̃ using feedforward connections with
lateral inhibition. There are several computational requirements
necessary to implement Equation 1, but these are at least plausi-
ble given current knowledge.

First, we require exponentially decaying cells with a variety of
time constants; to describe behavioral effects over long time

scales, time constants of perhaps a few thousand seconds would
be necessary. Although network effects are a possible mechanism
for long time constants, firing that lasts over long periods of time
could also result from intrinsic currents. Graded persistent firing
(Egorov et al., 2002; Fransén et al., 2006) is similar to an integra-
tor with an infinite time constant. Long-lasting persistent firing
has been observed in vitro in a variety of regions throughout the
hippocampal region and some cells terminate persistent firing
after variable time periods (Egorov et al., 2006; Yoshida and Has-
selmo, 2009; Navaroli et al., 2011; Sheffield et al., 2011; Hyde and
Strowbridge, 2012; Knauer et al., 2013; Jochems and Yoshida,
2013). We recently developed a relatively detailed computational
model that adapts cellular properties believed to support persis-
tent firing to implement Equation 1 with long time constants (Z.
Tiganj, M. E. Hasselmo, M. W. Howard, unpublished
observations).

Second, the time constants of these integrators should be dis-
tributed along some anatomical axis to facilitate taking the deriv-
ative with respect to s. The dorsoventral axis is a good candidate
for this gradient. Place field size changes systematically along the
dorsoventral axis (Jung et al., 1994; Kjelstrup et al., 2008). The
time constant of the integrators controls the spatial resolution of

the representation that results in f̃"x*#. Cells in MEC exhibit bor-
der cell activity consistent with F(s) in Case III (Solstad et al.,
2008). Cellular properties in MEC change systematically along
the dorsoventral axis. There are systematic differences in reso-
nance properties (Giocomo et al., 2007; Heys et al., 2010), synap-
tic summation properties (Garden et al., 2008), and the radius of
inhibitory synaptic interactions (Beed et al., 2013) along the dor-
soventral axis in vitro.

Third, Equation 1 requires that "(!) multiplicatively modu-
late the inputs to a leaky integrator and its ongoing activity. On a
cellular level, multiplicative interactions could be caused by the

Figure 12. Cells that take conjunctions of simple functions of space and time generate a rich set of firing correlates. a, b,
Conjunctions of boundary vector cells generate canonical place cells with fields that move when the dimensions of the environment
are changed. Each of the four panels gives a firing rate map for four different environments of different sizes. a, A cell taking the
product of input from one boundary vector cell coding for distance to the northern wall and a cell coding for distance from the
western wall. b, Input from three boundary vector cells was combined. The first cell peaks in its firing 2 units from the northern wall,
the second cell peaks firing 4 units from the western wall, and the third peaks 6 units from the eastern wall. The firing rate of the
unit shown is the firing rate of cell 1 times the sum of cells 2 and 3. c, Firing rate map for a simulated conjunctive time cell/place cell
for different periods of time. The simulated cell’s firing rate is given by the product of two boundary vector cells (Case III) and a time
cell (Case I) coding for an event at the beginning of the session. The first firing rate map is for 0 –2000 units of time; the second map
is for 2000 – 4000 units of time. Because the temporal history is scale-invariant, the units of time are arbitrary except insofar as the
time scale is long enough to allow the path to thoroughly sample positions.

4704 • J. Neurosci., March 26, 2014 • 34(13):4692– 4707 Howard et al. • Time, Space, and Sequence in the MTL

Figure 2: Spatiotemporal context in the hippocampus. A. Theoretical generalization
of scale-invariant temporal context to spatial context accounts for a variety of place cell
phenomena. a,b. Simulated place cells in enclosures of various shapes. In a, the simulated
place cell does not change its place field location relative to the northwest corner as the
environment is stretched. In b, the simulated place cell does not change as the environment
is deformed in the east-west direction, but stretches when the environment is deformed
in the north-south direction. c. A temporally modulated place cell. The plots left to
right show simulated place cell activity averaged over different time intervals. The place
field comes into existence, then persists for a time, then disappears. After [63]. B. After
learning object locations in a virtual environment neural pattern similarity was computed
between pairs of tested images. Left: Voxels where neural pattern similarity between pairs
of images was correlated with the distance between images, with the time between them,
and both. Right: Pattern similarity across the hippocampal ROI for pairs of images based
on the quantile of spatial and temporal distance between the learned locations. Retrieval
of the memories result in neural representations that reflect the temporal and spatial
distances in the virtual world. From [64].
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extended further to generate compressed representations of the future [69].

Conclusions

Recent years have shed light on retrieved temporal context models of
episodic memory. There is now strong evidence from animal and human
work that brain states change gradually over time reflecting recent stimuli
and that these brain states predict behavior, as predicted by retrieved con-
text models. Although the recovery of these gradually-changing states—a
jump back in time—has not been definitively established, a growing body of
evidence is consistent with predictions of retrieved temporal context models,
especially with regard to transitive associations that bridge across episodes.
In addition, theoretical developments have produced a richer and more de-
tailed hypothesis about the nature of temporal context. These new models
account for a much wider range of behavioral phenomena, provide a nat-
ural explanation of sequentially-activated time cells and provide a natural
theoretical unification between temporal context, spatial context, and spa-
tiotemporal context.
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