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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 neurophysiological evidence from human imaging studies and animal work that
neural populations in the hippocampus and other brain regions support a
representation of spatiotemporal context.
Keywords: Temporal context, Spatial context, Mathematical models of
memory, Time cells, Place cells
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 hippocampal place code provides dramatic evidence for a representation of spatial context in the brain [2, 3, 4]. A representation of spatiotemporal context should
also change gradually over time to enable the expression of temporal relationships, 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 contextual 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 populations 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 behavioral and neural evidence for a representation of spatiotemporal context.
There is by now overwhelming neurophysiological evidence for a representation 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 evidence 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 between items presented close together in time. The importance of this contiguity effect in human episodic memory has recently been challenged [18]. However, that position seems inconsistent with recent empirical findings demonstrating 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 recognition 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 variation, 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 intervening 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 gradually over time and contained information about recent stimuli [31]. Subsequent work suggests that this temporal context signal is present not only in
the hippocampus, but also other brain regions throughout the “core recollection 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 contained in the BOLD signal [34]. Moreover, this information about the preceding 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 representation 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 different 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 definitively established that gradually-changing brain states are in fact recovered
during episodic memory. That is, suppose that the brain state is a superposition 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 reflects 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 associations 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 hippocampus [39], reviewed in [40]. Other evidence shows that the degree to
which transitive a-c associations are formed between neutral stimuli is dependent 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, suggesting an alignment with the time course of retrieval in recognition memory
[44]. It should be noted that transitive associations are not a unique prediction 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 models predict that the pattern after retrieval should resemble the neural pattern
during study of stimuli presented close in time to serial position i. This strategy 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 obstacle to a study in which the neurons active in a particular environment
associated with fear are tagged. If reactivation of that ensemble in environments 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 behavioral 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 approach develops a set of equations to describe a compressed representation
of recent experience [58, 59]. Because the temporal history changes gradually 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
5
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Figure 2. Characteristics of Grid Cells during Treadmill Running
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(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 distribution (bottom) of the width of the first firing field
for each neuron. (E) Distribution (top) and cumulative 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 difference between cumulative distributions. (F) Distribution 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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Wilcoxon rank-sum test: p = 3 3 10!16; Figures 2E and S2F), even
as firing fields for both cell types that appeared later during treadmill 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 (Figure 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
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We also examined the spatial firing properties of the same popuning. The intercept of the regression was not significant. To exlation of recorded neurons as animals traversed the maze outside
plore potential differences between regions, we performed a
the treadmill (Fig. 5). Of all the recorded putative pyramidal cells, F5
multiple regression of width onto center location interacting with
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fraction of run

(SD = 16.3 cm2; min, 6 cm2; max, 89 cm2), and AAB contained,
on average, 89% of A75 (SD = 12%; min, 30%; max, 100%), indicating 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 predictions 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 intervals 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 location was not sufficient to explain the firing activity seen on the
treadmill. These findings were similar to previous observations

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].
F3
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scale-invariant timing behavior [50]. Rather than merely changing gradually 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 conjunctively 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 period 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] endow it with numerous desirable theoretical properties. The compressed timeline, manifest as a set of units with firing properties like time cells, is generated from an intermediate representation. This intermediate representation
stores at each moment the Laplace transform of the input history as a function of time. By modulating the equations governing the Laplace transform
with velocity, one can construct the Laplace transform with respect to position. 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 spatiotemporal 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. Moreover, because of the mathematical properties of the representation, it can be
7
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code of dorsal CA1 ensembles changes
gradually with the passage of time (Manns
et al., 2007; MacDonald et al., 2011; Hyman 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 position. 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 sequence, or spatial position. This framework organizes superficially different
neurophysiological findings in the rodent
hippocampus and parahippocampal
Figure 12. Cells that take conjunctions of simple functions of space and time generate a rich set of firing correlates. a, b,
structures. Different pathways receive a Conjunctions of boundary vector cells generate canonical place cells with fields that move when the dimensions of the environment
variety of inputs f(!) and are modulated are changed. Each of the four panels gives a firing rate map for four different environments of different sizes. a, A cell taking the
by different functions "(!), but all of the product of input from one boundary vector cell coding for distance to the northern wall and a cell coding for distance from the
simulated cells considered are generated western wall. b, Input from three boundary vector cells was combined. The first cell peaks in its firing 2 units from the northern wall,
by the same two equations. With appro- 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
priate settings, we obtain a fuzzy represen- 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
tation of what happened when (Case I), or 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
of what happened in which part of the se- 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
quence (Case II), or what is located where 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.
(Case III). All of these sources of information combine in the hippocampus to proscales, time constants of perhaps a few thousand seconds would
vide a conjunctive description of the current spatiotemporal
be necessary. Although network effects are a possible mechanism
context (Fig. 12).
for long time constants, firing that lasts over long periods of time
could also result from intrinsic currents. Graded persistent firing
Comparison to other work
(Egorov et al., 2002; Fransén et al., 2006) is similar to an integraIn the temporal domain, the present approach extends several existtor with an infinite time constant. Long-lasting persistent firing
ing hypotheses for sequential activation of cells. Although cells are
has been observed in vitro in a variety of regions throughout the
sequentially activated in f̃ following presentation of a stimulus, cells
hippocampal region and some cells terminate persistent firing
in f̃ do not have direct connections between them, in contrast to
after variable time periods (Egorov et al., 2006; Yoshida and Haschaining models that exploit direct links between sequentially actiselmo, 2009; Navaroli et al., 2011; Sheffield et al., 2011; Hyde and
vated cells (Goldman, 2009; Itskov et al., 2011). In the temporal
Strowbridge, 2012; Knauer et al., 2013; Jochems and Yoshida,
domain, the present mathematical framework is a special case of a
2013). We recently developed a relatively detailed computational
liquid state machine (Maass et al., 2002; Buonomano and Maass,
model that adapts cellular properties believed to support persis2009), although an extremely simple one that is trivially decodable.
tent firing to implement Equation 1 with long time constants (Z.
The present approach has perhaps the most in common with
Tiganj, M. E. Hasselmo, M. W. Howard, unpublished
spectral timing theory (Grossberg and Merrill, 1992). Howobservations).
ever, the present approach is much more simple facilitating
Second, the time constants of these integrators should be disinsight into its workings and extension to other variables.
tributed along some anatomical axis to facilitate taking the derivOther work has generalized from temporal to spatial variables.
ative
with respect to s. The dorsoventral axis is a good candidate
For instance, Hasselmo (2009) presented a framework for learnfor this gradient. Place field size changes systematically along the
ing spatial and temporal trajectories using changes in synaptic
dorsoventral
axis (Jung et al., 1994; Kjelstrup et al., 2008). The
weights between grid cells and cells coding velocity. In this paper,
time constant of the integrators controls the spatial resolution of
sequential firing does not depend on changes in synaptic weights;
!1
the representation that results in f̃"x*#. Cells in MEC exhibit borLk is fixed throughout an experiment.
der cell activity consistent with F(s) in Case III (Solstad et al.,
2008). Cellular properties in MEC change systematically along
Biological requirements for the computation
the dorsoventral axis. There are systematic differences in resoAs discussed above, given a set of leaky integrators F(s), it is
nance properties (Giocomo et al., 2007; Heys et al., 2010), synapstraightforward to approximate the inversion of the Laplace
tic summation properties (Garden et al., 2008), and the radius of
transform and construct f̃ using feedforward connections with
inhibitory synaptic interactions (Beed et al., 2013) along the dorlateral inhibition. There are several computational requirements
soventral axis in vitro.
necessary to implement Equation 1, but these are at least plausiThird, Equation 1 requires that "(!) multiplicatively moduble given current knowledge.
late the inputs to a leaky integrator and its ongoing activity. On a
First, we require exponentially decaying cells with a variety of
cellular level, multiplicative interactions could be caused by the
time constants; to describe behavioral effects over long time

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 context 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 detailed hypothesis about the nature of temporal context. These new models
account for a much wider range of behavioral phenomena, provide a natural explanation of sequentially-activated time cells and provide a natural
theoretical unification between temporal context, spatial context, and spatiotemporal context.
Acknowledgments
Supported by NSF IIS 1631460, NIBIB R01EB022864, and NIMH R01MH112169.
References
[1] E. Tulving, Episodic and semantic memory., in: E. Tulving, W. Donaldson (Eds.), Organization of Memory., Adademic Press, New York, 1972,
pp. 381–403.
[2] J. O’Keefe, J. Dostrovsky, The hippocampus as a spatial map. preliminary evidence from unit activity in the freely-moving rat, Brain Research
34 (1) (1971) 171–175.
[3] M. A. Wilson, B. L. McNaughton, Dynamics of the hippocampal ensemble code for space, Science 261 (1993) 1055–8.
[4] N. Burgess, J. O’Keefe, Neuronal computations underlying the firing
of place cells and their role in navigation., Hippocampus. 6 (6) (1996)
749–62.
9

[5] W. K. Estes, Statistical theory of spontaneous recovery and regression,
Psychological Review 62 (1955) 145–154.
[6] G.-J. M. Mensink, J. G. W. Raaijmakers, A model for contextual fluctuation, Journal of Mathematical Psychology 33 (1989) 172–186.
[7] B. B. Murdock, Context and mediators in a theory of distributed associative memory (TODAM2), Psychological Review 104 (2) (1997) 839–862.
[8] M. W. Howard, M. J. Kahana, A distributed representation of temporal
context, Journal of Mathematical Psychology 46 (3) (2002) 269–299.
[9] P. B. Sederberg, M. W. Howard, M. J. Kahana, A context-based theory
of recency and contiguity in free recall, Psychological Review 115 (2008)
893–912.
[10] S. M. Polyn, K. A. Norman, M. J. Kahana, A context maintenance and
retrieval model of organizational processes in free recall, Psychological
Review 116 (2009) 129–156.
[11] J. R. Manns, M. W. Howard, H. B. Eichenbaum, Gradual changes in
hippocampal activity support remembering the order of events, Neuron
56 (3) (2007) 530–540.
[12] E. A. Mankin, F. T. Sparks, B. Slayyeh, R. J. Sutherland, S. Leutgeb,
J. K. Leutgeb, Neuronal code for extended time in the hippocampus,
Proceedings of the National Academy of Sciences 109 (2012) 19462–7.
doi:10.1073/pnas.1214107109.
[13] J. M. Hyman, L. Ma, E. Balaguer-Ballester, D. Durstewitz, J. K. Seamans, Contextual encoding by ensembles of medial prefrontal cortex
neurons, Proceedings of the National Academy of Sciences USA 109
(2012) 5086–91. doi:10.1073/pnas.1114415109.
[14] Y. Ziv, L. D. Burns, E. D. Cocker, E. O. Hamel, K. K. Ghosh, L. J.
Kitch, A. El Gamal, M. J. Schnitzer, Long-term dynamics of CA1
hippocampal place codes, Nature Neuroscience 16 (3) (2013) 264–6.
doi:10.1038/nn.3329.
[15] D. C. Rowland, Y. Roudi, M.-B. Moser, E. I. Moser, Ten years of grid
cells, Annual review of neuroscience 39 (2016) 19–40.
10

[16] A. Finkelstein, L. Las, N. Ulanovsky, 3-d maps and compasses in the
brain, Annual Review of Neuroscience 39 (2016) 171–196.
[17] M.-B. Moser, D. C. Rowland, E. I. Moser, Place cells, grid cells,
and memory, Cold Spring Harbor perspectives in biology 7 (2) (2015)
a021808.
[18] D. L. Hintzman, Is memory organized by temporal contiguity?, Memory
& Cognition 44 (3) (2016) 365–375.
[19] M. K. Healey, M. J. Kahana, Is memory search governed by universal
principles or idiosyncratic strategies?, Journal of Experimental Psychology: General 143 (2) (2014) 575.
[20] T. Sadeh, R. Moran, Y. Goshen-Gottstein, When items ‘pop into mind’:
variability in temporal-context reinstatement in free-recall, Psychonomic
Bulletin & Review 22 (3) (2015) 779–90. doi:10.3758/s13423-014-0746-7.
[21] L. L. Siegel, M. J. Kahana, A retrieved context account of spacing and repetition effects in free recall, Journal of Experimental Psychology: Learning, Memory and Cognition 40 (3) (2014) 755–764.
doi:10.1037/a0035585.
[22] M. K. Healey, M. J. Kahana, A four-component model of age-related
memory change., Psychological Review 123 (1) (2016) 23–69.
[23] E. A. Mankin, G. W. Diehl, F. T. Sparks, S. Leutgeb, J. K. Leutgeb, Hippocampal CA2 activity patterns change over time to a larger
extent than between spatial contexts, Neuron 85 (1) (2015) 190–201.
doi:10.1016/j.neuron.2014.12.001.
[24] A. Rubin, N. Geva, L. Sheintuch, Y. Ziv, Hippocampal ensemble dynamics timestamp events in long-term memory, eLife 4 (2015) e12247.
[25] A. J. Rashid, C. Yan, V. Mercaldo, H.-L. L. Hsiang, S. Park, C. J.
Cole, A. De Cristofaro, J. Yu, C. Ramakrishnan, S. Y. Lee, et al.,
Competition between engrams influences fear memory formation and
recall, Science 353 (6297) (2016) 383–387.
• Provides evidence for temporally-varying neural ensembles in amygdala, coincident with temporally-graded fear memory.

11

[26] D. J. Cai, D. Aharoni, T. Shuman, J. Shobe, J. Biane, W. Song,
B. Wei, M. Veshkini, M. La-Vu, J. Lou, S. E. Flores, I. Kim, Y. Sano,
M. Zhou, K. Baumgartel, A. Lavi, M. Kamata, M. Tuzsynski, M. Mayford, P. Golshani, A. Silva, A shared neural ensemble links distinct
contextual memories encoded close in time, Nature 534 (7605) (2016)
115–118.
•• This technical tour-de-force demonstrates that hippocampal ensembles change over hours coincident with temporally-graded fear memory.
[27] O. Lositsky, J. Chen, D. Toker, C. J. Honey, M. Shvartsman, J. L. Poppenk, U. Hasson, K. A. Norman, Neural pattern change during encoding
of a narrative predicts retrospective duration estimates, eLife 5 (2016)
e16070. doi:10.7554/eLife.16070.
[28] L. J. Jenkins, C. Ranganath, Distinct neural mechanisms for remembering when an event occurred, Hippocampus 26 (2016) 554–559.
[29] S. DuBrow, L. Davachi, Temporal memory is shaped by encoding stability and intervening item reactivation, Journal of Neuroscience 34 (42)
(2014) 13998–4005. doi:10.1523/JNEUROSCI.2535-14.2014.
[30] S. DuBrow, L. Davachi, Temporal binding within and across events,
Neurobiology of learning and memory 134 (2016) 107–114.
[31] L.-T. Hsieh, M. J. Gruber, L. J. Jenkins, C. Ranganath, Hippocampal
activity patterns carry information about objects in temporal context,
Neuron 81 (5) (2014) 1165–1178.
[32] L.-T. Hsieh, C. Ranganath, Cortical and subcortical contributions to
sequence retrieval: Schematic coding of temporal context in the neocortical recollection network, NeuroImage 121 (2015) 78–90.
[33] F. Wang, R. A. Diana, Temporal context processing within hippocampal
subfields, Neuroimage 134 (2016) 261–269.
[34] S. C. Y. Chan, M. C. Applegate, N. W. Morton, S. M. Polyn, K. A. Norman, Lingering representations of stimuli influence recall organization.,
Neuropsychologia.

12

[35] J. E. Kragel, N. W. Morton, S. M. Polyn, Neural activity in the medial temporal lobe reveals the fidelity of mental time travel, Journal of
Neuroscience 35 (7) (2015) 2914–2926.
[36] J. R. Manning, S. M. Polyn, B. Litt, G. Baltuch, M. J. Kahana, Oscillatory patterns in temporal lobe reveal context reinstatement during
memory search, Proceedings of the National Academy of Science, USA
108 (31) (2011) 12893–7.
[37] M. W. Howard, I. V. Viskontas, K. H. Shankar, I. Fried, Ensembles of
human MTL neurons “jump back in time” in response to a repeated
stimulus, Hippocampus 22 (9) (2012) 1833–1847.
[38] R. B. Yaffe, M. S. D. Kerr, S. Damera, S. V. Sarma, S. K. Inati, K. A. Zaghloul, Reinstatement of distributed cortical oscillations occurs with precise spatiotemporal dynamics during successful memory retrieval, Proceedings of the National Academy of Sciences 111 (52) (2014) 18727–32.
doi:10.1073/pnas.1417017112.
[39] R. T. Gerraty, J. Y. Davidow, G. E. Wimmer, I. Kahn, D. Shohamy,
Transfer of learning relates to intrinsic connectivity between hippocampus, ventromedial prefrontal cortex, and large-scale networks, Journal
of Neuroscience 34 (34) (2014) 11297–11303.
[40] D. Shohamy, N. D. Daw, Integrating memories to guide decisions, Current Opinion in Behavioral Sciences 5 (2015) 85–90.
[41] M. L. Schlichting, D. Zeithamova, A. R. Preston, CA1 subfield contributions to memory integration and inference, Hippocampus.
[42] M. L. Schlichting, A. R. Preston, Memory integration: neural mechanisms and implications for behavior, Current Opinion in Behavioral
Sciences 1 (2015) 1–8.
[43] A. C. Schapiro, N. B. Turk-Browne, K. A. Norman, M. M. Botvinick,
Statistical learning of temporal community structure in the hippocampus, Hippocampus 26 (1) (2016) 3–8.
[44] Z. Kurth-Nelson, G. Barnes, D. Sejdinovic, R. Dolan, P. Dayan, Temporal structure in associative retrieval, Elife 4 (2015) e04919.

13

[45] A. Banino, R. Koster, D. Hassabis, D. Kumaran, Retrieval-based model
accounts for striking profile of episodic memory and generalization, Scientific Reports 6.
[46] A. C. Schapiro, N. B. Turk-Browne, M. M. Botvinick, K. A. Norman,
Complementary learning systems within the hippocampus: A neural
network modeling approach to reconciling episodic memory with statistical learning, Philosophical Transactions of the Royal Society B: Biological Sciences 372 (1711) (2017) 20160049.
[47] S. Ramirez, S. Tonegawa, X. Liu, Identification and optogenetic manipulation of memory engrams in the hippocampus, Neural circuits underlying emotion and motivation: Insights from optogenetics and pharmacogenetics (2015) 108.
[48] Z. Tiganj, K. H. Shankar, M. W. Howard, Scale invariant value computation for reinforcement learning in continuous time, in: AAAI 2017
Spring Symposium Series - Science of Intelligence: Computational Principles of Natural and Artificial Intelligence, 2017.
[49] C. J. MacDonald, K. Q. Lepage, U. T. Eden, H. Eichenbaum, Hippocampal “time cells” bridge the gap in memory for discontiguous events, Neuron 71 (4) (2011) 737–749.
[50] M. W. Howard, K. H. Shankar, W. Aue, A. H. Criss, A distributed
representation of internal time, Psychological Review 122 (1) (2015)
24–53.
• Presents a new formulation for temporal context and detailed behavioral models for a wide range of tasks including conditioning, interval
timing, short-term and long-term memory, and episodic recall.
[51] D. M. Salz, Z. Tiganj, S. Khasnabish, A. Kohley, D. Sheehan, M. W.
Howard, H. Eichenbaum, Time cells in hippocampal area CA3, Journal
of Neuroscience 36 (2016) 7476–7484.
[52] B. J. Kraus, M. P. Brandon, R. J. Robinson, M. A. Connerney, M. E.
Hasselmo, H. Eichenbaum, During running in place, grid cells integrate
elapsed time and distance run, Neuron 88 (3) (2015) 578–589.

14

[53] Z. Tiganj, J. Kim, M. W. Jung, M. W. Howard, Sequential firing codes
for time in rodent mPFC, Cerebral Cortex.
[54] G. B. Mello, S. Soares, J. J. Paton, A scalable population code for time
in the striatum, Current Biology 25 (9) (2015) 1113–1122.
[55] N. Chater, G. D. A. Brown, From universal laws of cognition to
specific cognitive models, Cognitive Science 32 (1) (2008) 36–67.
doi:10.1080/03640210701801941.
[56] G. D. A. Brown, I. Neath, N. Chater, A temporal ratio model of memory., Psychological Review 114 (3) (2007) 539–76.
[57] P. D. Balsam, C. R. Gallistel, Temporal maps and informativeness in
associative learning., Trends in Neuroscience 32 (2) (2009) 73–78.
[58] K. H. Shankar, M. W. Howard, A scale-invariant internal representation
of time, Neural Computation 24 (1) (2012) 134–193.
[59] K. H. Shankar, M. W. Howard, Optimally fuzzy temporal memory, Journal of Machine Learning Research 14 (2013) 3753–3780.
[60] E. Pastalkova, V. Itskov, A. Amarasingham, G. Buzsaki, Internally
generated cell assembly sequences in the rat hippocampus., Science
321 (5894) (2008) 1322–7.
[61] H. Akhlaghpour, J. Wiskerke, J. Y. Choi, J. P. Taliaferro, J. Au, I. Witten, Dissociated sequential activity and stimulus encoding in the dorsomedial striatum during spatial working memory, eLife 5 (2016) e19507.
[62] S. S. Bolkan, J. M. Stujenske, S. Parnaudeau, T. J. Spellman, C. Rauffenbart, A. I. Abbas, A. Z. Harris, J. A. Gordon, C. Kellendonk, Thalamic projections sustain prefrontal activity during working memory maintenance, Nature Neuroscience.
[63] M. W. Howard, C. J. MacDonald, Z. Tiganj, K. H. Shankar, Q. Du,
M. E. Hasselmo, H. Eichenbaum, A unified mathematical framework for
coding time, space, and sequences in the hippocampal region, Journal of
Neuroscience 34 (13) (2014) 4692–707. doi:10.1523/JNEUROSCI.580812.2014.

15

[64] L. Deuker, J. L. Bellmund, T. N. Schröder, C. F. Doeller, An event
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