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The grid code for ordered experience
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Abstract | Entorhinal cortical grid cells fire in a periodic pattern that tiles space,
which is suggestive of a spatial coordinate system. However, irregularities in the
grid pattern as well as responses of grid cells in contexts other than spatial
navigation have presented a challenge to existing models of entorhinal function.
In this Perspective, we propose that hippocampal input provides a key informative
drive to the grid network in both spatial and non-spatial circumstances, particularly
around salient events. We build on previous models in which neural activity
propagates through the entorhinal-hippocampal network in time. This temporal
contiguity in network activity points to temporal order as a necessary characteristic
of representations generated by the hippocampal formation. We advocate that
interactions in the entorhinal-hippocampal loop build a topological representation
thatis rooted in the temporal order of experience. In this way, the structure of grid
cellfiring supports a learned topology rather than a rigid coordinate frame that is

bound to measurements of the physical world.

The discovery of grid cells in the medial
entorhinal cortex (MEC) inspired theories
for an elegant spatial code in the brain'’.
Grid cells exhibit spatially periodic firing
fields that tile the environment®?, which is
suggestive of a spatial coordinate system.
Together with hippocampal place cells that
fire in individual locations®, grid cells are
thought to construct an internal spatial map
of the external world>*. Because grid cell
firing corresponds to reliable coordinates in
open-field environments and is maintained
across environments, grid cells are often
interpreted to reflect a universal positional
code that captures veridical measurements of
external space. However, both grid cells and
place cells fire selectively in circumstances
other than spatial navigation, and research
in humans has long implicated both the
entorhinal cortex and the hippocampus in
structuring newly learned information into
episodic memories”®. In this Perspective, we
seek to resolve this tension between spatial
and non-spatial functionality by revising
existing network models that are thought to
support MEC processing. We propose

that the MEC-hippocampus loop builds
topological representations”’' that reflect
temporal contiguity between events within
experience (FIC. 1a).

In several prominent network models
that have been proposed to support spatial
navigation, the recurrent connectivity
within the entorhinal-hippocampal circuit
allows the network to continuously track
position in allocentric space. Precision of
spatial measurement is an emergent feature
of these models, and some recent proposals
advocate that the ‘metric’ ability of the grid
cell network to make veridical measurements
in physical space also allows it to encode
measurements in abstract feature spaces'>"’
(FIG. 1a). We challenge the notion of metric
rigidity in these models, but we highlight the
utility of the physiological mechanisms they
invoke to explain experimental observations
across both spatial and non-spatial tasks.

In light of mounting evidence that recurrent
connectivity and continuous attractor
dynamics are critical to processing across
the entorhinal-hippocampal circuit, we
advocate that temporal contiguity is an
essential characteristic of coding in the
MEC and the hippocampus. We propose
that network activity progresses sequentially
over time through reciprocal interactions
between the MEC and the hippocampus

to create topological representations of
experience. In this hypothesis, a topology

is defined as a structural representation
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of relationships between elements in an
experience, preserving their arrangement
independently of the exact time or metric
distance between them. We suggest that

the topology supported by the entorhinal-
hippocampal network is specifically derived
from the temporally ordered relationships
between experiential elements, or ‘events.
This proposed function builds on existing
models to explain how the grid system

can both map spatial positions in certain
navigational circumstances and learn

the temporally structured relationships
between events in non-spatial episodic
experiences. In this framework, both spatial
and mnemonic processing are aspects of a
more general function of the hippocampal
formation in learning topological structure
from experience rather than coding for
measurable features.

Continuous attractor networks
To lay a foundation for our updated model
of hippocampal-entorhinal function, we
first discuss the MEC as a continuous
attractor network (CAN). We then review
the influential proposal that a CAN
specialized for estimating allocentric
position — the path integration CAN
(PI-CAN) — governs activity in the MEC.
Recent studies describing the anatomy
and physiology of cells within the MEC
have converged with computational work to
describe the grid network using continuous
attractor models'®-*. In a CAN, local ‘bumps’
of excitation flow through an interconnected
matrix of neurons through recurrent
synaptic connections and surrounding
feedforward inhibition. Excitatory drive to
the network can propel activity through this
neural sheet, stabilizing in local subsets of
neurons via the intrinsic connectivity. Grid
cell firing is thus thought to be a readout
of the excitatory bumps of activity ‘passing
through’ individual neurons in the sheet
and eliciting spikes'®". The possibility that
the MEC operates as a CAN is strongly
supported by the intrinsic microcircuitry
between MEC neurons*2° (BOX 1).

The PI-CAN model. During spatial
navigation, grid cells fire in a repeating
pattern of equilateral triangles (FIC. 1D).
This pattern persists across environments
irrespective of running speed or the route
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taken, suggesting that the grid cell circuitry
may continuously track idiothetic (that is,
self-movement) information to estimate
allocentric position>”. This process is known
as path integration and is thought to be a
central function of the grid network?"**%.
To derive the allocentric specificity of
grid cells from self-movement information,
the PI-CAN model posits that neural
activity is driven through the attractor
manifold by an afferent velocity signal'®'**".
This signal has two critical elements:
direction and speed. The direction
component is hypothesized to be supplied
by head direction cells within the MEC,
which respond maximally at a particular
head orientation relative to the external
environment”**~?, Head direction cells
rotate their preferred directions coherently
with grid cell orientations to remap new
environments* >, suggesting that these cell

types are integrated into a single attractor
network. Although theories differ on
the source of the speed component of the
velocity signal, the principal candidates
are MEC speed cells** or the amplitude
and frequency modulation of the theta
rhythm driven by inputs from the medial
septum’*. The velocity-driven activity of
the PI-CAN is anchored to allocentric space
via interactions with landmarks, the most
salient of which are often environmental
borders* . By linking each element of
a path integration circuit to concrete
physiological mechanisms, the PI-CAN
model has elicited enduring support for
the theory that spatial navigation is central
to the function of the MEC.

The combined idiothetic and sensory
inputs to the PI-CAN are theorized
to generate a direct mapping between
translocation through space and

Fig. 1| Representations that are hypothesized
to be supported by grid cells. a| Comparison of
conceptual models that may be supported by
grid cells. The ‘representational scheme’ schem-
atic illustrates how the entorhinal-hippocampal
network represents relationships, and the ‘net-
work computation’ schematic illustrates the
nature of the information supplied to readers of
the entorhinal-hippocampal network. A topol-
ogy based in the temporal order of events (left)
has structure across nodes rooted in the order of
events in experience; relationships reflect
temporal adjacency. This structure formulates
sequences that can link disparate items, which
may be manifest in the fine timing of spikes
within each theta cycle (see FIG. 2). By contrast,
a feature space in which relationships between
items are defined by featural attributes measured
along the axes (right) can be used to derive cate-
gories (such as types of apples or citrus fruits; see
BOX 2). b | Firing patterns of an archetypical
grid cell in the medial entorhinal cortex and a
place cellin the hippocampus, in a square open
arena. The animal’s trajectory through the arena
(grey line) and the spikes of the cells (red dots) are
depicted (left). The heat map (right) depicts spa-
tially averaged firing rates of the cells, with
warmer colours indicating higher firing rates.
c | Grid cell fields are organized in a rhombus-
shaped tile that spans the environment. The rela-
tive position within the tile is given by coordi-
nates (¢, y) defined by the rhombus axes (solid
and dashed arrows). In one proposed implemen-
tation of connectivity within the tile, connecting
the rhombus edges forms a twisted torus'*?*0,
creating a continuous surface capable of gener-
ating periodic fields. d | Grid cells with similar
field spacing and orientation are organized in
modules. Spatial offset between grid cells (differ-
ent colours within a module) indexes the relative
position within a module tile. Combining activity
across modules disambiguates individual posi-
tions in the environment along the trajectory
(dotted line). Spike rasters demonstrate the activ-
ity of each module over time as the trajectory
progresses. The population rate code across
modules creates a unique identifier for each posi-
tion in space (green and red asterisks). The rhom-
boid tile of each module creates its own twisted
torus (right), on which individual grid cells are
periodically active at different locations along its
surface. e | Inaccurate decoded positions result-
ing from distortion in grid field spacing®. When
the walls of the environment are reconfigured
from a rectangle to a trapezoid, grid fields shift
away from the altered edge, such that position
decoding that depends on the precise geometry
and regular spacing of the grid pattern would be
inaccurate.

advancement of neural activity through the
neural sheet (that is, the attractor state)*".
The attractor state yields a positional code
through the collective activity of grid cell
modules, which are subnetworks of grid
cells with shared field size, spacing and
orientation of the grid axis". Each grid cell
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module maps a tile that repeats throughout
the environment (FIG. 1¢), and the fields

of grid cells within the module are offset
from each other, collectively mapping the
relative space within a tile"*. Periodicity is
posited to arise from connectivity within the
module that allows the activity to repeatedly
cycle through the attractor whenever the
animal reaches the edge of the module
tile's2"2"*1_ Owing to this connectivity,

the grid network is thought to provide a
geometrically consistent code irrespective
of the shape or size of the environment.
Because the pattern of activity within each
module repeats, unique locations across

the entire environment are disambiguated
by combining information across different
modules that have different orientation

and spacing'®*****»** (FIG. 1d). If the grid field
spacing of each module is consistent across
the environment, the combined activity
across modules can map a one-to-one
relationship between the attractor state and
the animal’s coordinates in space. With these
elements, the PI-CAN model of the grid

cell system is thought to create an efficient
and boundless code, allowing downstream
structures to calculate the distance and
vectoral bearing between two points*>*>>*,

Evaluating the PI-CAN framework

Data consistent with the PI-CAN model.
Experimental findings support the idea that
a local attractor network underlies MEC
processing. Grid cell spiking is accompanied
by sustained membrane depolarization as
animals pass through the firing fields of a
grid cell>*, consistent with a link between
translocation and excitatory bumps of activity
moving through the neural sheet. As predicted
by CAN models, anatomically neighbouring
grid cells are roughly clustered into modules
with similar grid spacing and orientation***"”’
that maintain their spatial relationships
across different environments®>**. Spike
correlations between cells within a module
are preserved during sleep™-*', demonstrating
that structured activity during waking is
supported by intrinsic connections rather
than being solely reliant on external inputs.
In addition, manipulations of both MEC
layer II pyramidal cells** and parvalbumin
interneurons® (see BOX 1) disrupt the spatial
specificity of grid fields, indicating that grid
cell firing is critically shaped by intrinsic
MEC connectivity and is consistent with
CAN dynamics.

Spatial data requiring an update of the
PI-CAN model. While there is strong
evidence of CAN dynamics, accumulating
experimental evidence presents two main

challenges to the PI-CAN framework. First,
the PI-CAN model posits that symmetric
field spacing of grid cells allows a metric
measurement of space. To provide this
metric measurement, symmetric spacing
should be static across experience and
independent of environmental features.
However, several lines of evidence have
shown that grid spacing is instead dynamic
with experience and malleable with changing
environmental features. Displacing the
walls of 2D environments causes grid fields
to elongate their spacing in proportion to
the environmental change®*"%, and open
fields that lack symmetry cause distortions
in the geometry of the grid pattern near
the asymmetric wall*>* (FIC. 1¢). These
shifts in grid field spacing may depend

on the recent experience of the animal

in encountering borders®, which drives
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history-dependent updates of the relationship
between the attractor state and the external
environment**>*. Consistent with a role

for experience in shaping the grid pattern,
environmental novelty increases grid field
spacing, while gaining familiarity reverses
this effect” and shifts grid spacing in
accordance with the learned layout of the
environment®™*. During goal-directed
behaviours, grid fields can migrate towards
learned reward locations, locally distorting
grid spacing and over-representing goals’.
The symmetric spatial periodicity implied
by the PI-CAN model is therefore not an
immutable feature of grid cells. Rather,
environmental features anchor grid fields,
which sometimes results in irregular spacing.
This limits the interpretability of grid
patterns as a metric code’". Instead, the grid
network is well suited to represent the spatial

Box 1| MEC and hippocampus connectivity underlying CAN dynamics

(CAN) comprising the superficial layers**.

a b

in strength as a function of distance???*26:143.214.215

MEC

Principal cells in layer Il (L2) and layer IIl (L3) of the medial entorhinal cortex (MEC) comprise a
multitude of functionally defined cell types, including grid cells, head direction cells, border cells
and non-grid spatial cells?’**?'-23, Within the MEC, grid cells are embedded within a network
that has elaborate intrinsic connectivity, with recurrent excitation between subsets of nearby
excitatory neurons and strong feedforward inhibition via local interneurons?»2326:214=217,

This connectivity is poised to support recurrent activity patterns and provides an anatomical
substrate for intrinsic propagation of activity through the tissue.

Grid firing patterns have been observed in both excitatory principal cell types of the MEC*52%,
stellate cells and pyramidal cells***??'. L2 pyramidal cells make lateral excitatory synapses onto
stellate cells, interneurons and other pyramidal cells within L27*?', whereas L2 stellate cells
are thought to communicate with each other primarily via feedforward inhibition through
interneurons’>*** (see the figure, part a). Inhibitory input to the principal cells in L2 and L3 diminishes
,suggesting that activity propagates through the
network by successive recruitment of anatomically restricted microcircuits. Communication across
layers is facilitated by ascending excitatory synapses from L5b pyramidal cells to L5a pyramidal cells,
L3 pyramidal cells and L2 stellate cells'**'**???, as well as from L3 pyramidal cells to L2 stellate cells’"’.
Descending excitation flows primarily from L2 stellate cells to L5b pyramidal cells, the primary
recipients of hippocampal input*”. The dendritic field of excitation ascending from deep to
superficial layers of the MEC is asymmetrically offset from the receiving neuron
that deep layers may direct an asymmetric flow of activity within the continuous attractor network

3, which suggests

MEC stellate cells in L2 project primarily to the dentate gyrus (DG) and CA3, while pyramidal
cellsin L2 and L3 project to CA1 (REFS?>??/) (see the figure, part b). Reciprocally, hippocampal CA1
and subiculum (Sub) pyramidal neurons project primarily back to L5 and L6 of the MEC?>**, where
grid cells are present but less numerous than in the superficial layers”’. Direct projections from
CA1 or the subiculum to L3 (REF??°) and from CA2 to L2 have also been observed’*’, as have minor
projections from L5 back to the hippocampus®*'. Ascending excitatory connections from the deep
layers to the superficial layers of the MEC close the MEC-hippocampus loop**#!43217:222,

CA1

CA3

A—( Pyramidal (excitatory)
Stellate (excitatory)

@1 Interneuron (inhibitory)
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NATURE REVIEWS | NEUROSCIENCE

VOLUME 22 | OCTOBER 2021 | 639



PERSPECTIVES

relationships between environmental borders
and other types of landmarks learned over
the course of experience.

Second, the locomotor velocity input
in the PI-CAN model, which is putatively
provided by speed and head direction
cells, is often assumed to be uniform
across behavioural conditions to supply
the consistent driving force required for
a universal and boundless grid pattern.
However, contrary to this assumption,
changes to environmental boundaries
cause speed cells to rescale their firing
responses and head direction cells to
reorient themselves”. While the rescaling
of speed signals can account for changes
in grid spacing in the PI-CAN model", it
is unclear what drives speed cells to rescale
their firing responses or why these changes
would occur asymmetrically”. In addition
to a dynamic speed signal, head direction
cells can transiently reorient themselves
when local salient cues are moved relative
to the allocentric reference frame’. These
observations suggest that, as with grid
spacing, speed and head direction cells
are anchored to salient environmental
characteristics rather than absolute metrics
of locomotion”’. Moreover, speed and head
direction signals do not seem to be sufficient
to drive grid cell firing. Locomotion exerts
a variable influence on the positional
specificity of MEC cells” and competes with
the influence of optic flow information to
drive grid cell periodicity™. In addition, head
direction cells can decouple from the grid
network in linearized environments, such
that they maintain allocentric orientation to
room cues while grid cells reorient
themselves®®”*~7%. This finding is contrary
to the expectation of the PI-CAN model,
as static coupling between head direction
cells and grid cells is posited to support path
integration calculations irrespective of the
environment. Finally, head direction fails to

accurately capture true movement direction”,

further calling into question the role of head
direction coding in generating grid fields
according to path integration. Together, the
irregularity of grid fields and the inconstancy
of the velocity signals demonstrate that
activity in the MEC network is not dedicated
to making precise spatial measurements. As
the PI-CAN model is insufficient to explain
MEC firing in all circumstances, a revision of
the model is required to accommodate these
new experimental observations.

Spatial data unanticipated by the PI-CAN
model. Recent data have exposed additional
sources of variability in grid cell firing

that may indicate a more complex drive

to the MEC. The PI-CAN model predicts
that each field of the grid pattern will have
a consistent firing rate due to uniform
drive from velocity inputs irrespective of
position in the environment. Empirically,
however, individual grid fields can exhibit
different directional sensitivity*’ and often
have consistently different firing rates™"'-*3
or completely fail to fire®. Variable firing
rates may also signal motivationally salient
information, as grid cells selectively increase
field firing rates on the basis of the route
taken®' and near hidden reward locations™.
The variable firing within grid cells
suggests that input to the MEC varies by
position throughout the environment —

a feature that cannot be derived from a
location-independent velocity vector.

In addition, reliable location-specific
activity is exhibited by two thirds of the
neurons in the MEC outside the grid cell
population®™®. These ‘non-grid spatial cells’
remap the locations of their firing fields
under the same conditions that produce
rate remapping in individual fields of grid
cells**. These coherent changes suggest
that non-grid spatial cells are integrated
within the grid network and may even
provide an input to grid cells. Together,
the location specificity of both grid cell
firing and non-grid cell firing indicates
that position-specific input may be a strong
determinant of MEC activity, which is not
anticipated by the PI-CAN model.

Non-spatial data unanticipated by the
PI-CAN model. Despite the historical

focus on spatial navigation, there is
increasing evidence that neurons within the
hippocampal formation exhibit selective
responses in domains other than physical
space. In the MEC of rats, both grid cells and
head direction cells recorded in open arenas
fire at specific points within a sequence of
tones during a stationary auditory task®.
MEC neurons also fire sequentially in time
during delay periods**, indicating that

the grid and head direction networks can
be engaged outside physical navigation.

In both humans and non-human primates,
grid-like firing patterns have been observed
in entorhinal neurons during virtual spatial
navigation® and during visual exploration
of a scene’’’, in the absence of physical
translocation and even of eye movement”’.
Finally, studies in humans using functional
imaging and electroencephalography

have observed mesoscopic signals that are
suggestive of grid-like activity, not only in
response to virtual spatial navigation’”
but also in response to the progression

of ordered visual stimuli®>**~'".

In the hippocampus, non-spatial
response properties are even more well
established across multiple modalities'*'~'*
and across species”'**'%°. Neurons in
CAL1 respond in tasks with continuously
changing stimuli, showing place-like activity
when presented with a series of tones* or
concentration gradients from one odour
to another'®. In tasks entailing a sequence
of discrete odours or tones, hippocampal
neurons respond depending on the order
of the stimuli presented'’-'"’. As in the
MEC, hippocampal sequential tuning has
also been shown for the temporal structure
of a task'"’, corresponding to elapsed time
during forced delay periods''*''*'"” and to
a specific number of laps around a track''®.
Together, these findings demonstrate that
both continuous and discrete sequences
of events can evoke hippocampal and
entorhinal firing even in the absence
of translocation through space.

The collection of multisensory responses
in the hippocampal formation has led
some to hypothesize that these regions map
non-spatial featural dimensions'>'¢?476%%11%:120,
Several of these theories leverage aspects of
the PI-CAN model to propose that the grid
cell system can encode feature metrics'>'°.
One example of this proposal is the sugges-
tion of a ‘car space;, with MEC grid cells
coding for a 2D space of car weight versus
engine power and hippocampal place cells
coding for individual categories of cars".

In this framework, grid cells serve as a
measurement system for regularly spaced
intervals within continuous feature axes,
while place cells specify unique feature
identities'’. However, this framework
requires mechanisms that deviate from the
physiological CAN dynamics that underlie
the PI-CAN model (BOX 2). Specifically, rela-
tionships within this type of feature space
are not defined by experiencing transitions
within the space through time. Instead, the
feature space maps similarity of elements
on the basis of featural identifiers, akin to
the process of categorization. A structural
relationship (for example, an orange is big-
ger than a lime but is of size similar to that
of an apple) in the feature space framework
is an attribute built on the relative similarity
of the neuronal representation (via the popu-
lation firing rate, for example). By contrast,
mechanisms of path integration necessitate
that neural activity moves through the net-
work in time in concert with ongoing expe-
rience (BOX 2). This temporal contiguity is
preserved in certain abstract spaces that have
been tested experimentally, such as the ‘bird
space’ explored in one study™. In this study,
the participants learned about relationships
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Box 2 | Incongruity of abstract feature spaces with CAN dynamics

To assess whether abstract feature spaces could be supported by the
mechanisms proposed to underlie the medial entorhinal cortex (MEC)
continuous attractor network (CAN), let us imagine a 2D conceptual space
of fruit. In this space, fruit diameter lies on one dimension and tartness

on the other dimension. For the hippocampal formation to code this ‘fruit
space’, the fields of each grid cell would span the measurement range

of each fruit dimension (for example, smaller to larger diameter), and
hippocampal neurons would be selectively active for a subclass of fruit,
such as lemons and limes. Generalizing the path integration CAN (PI-CAN)
model to this space utilizes the model’s assumed metric relationship
between features of the physical world and the firing patterns of grid cells
and place cells. However, to adapt the mechanistic framework from the
PI-CAN model to fruit space, two key model constructs must be reconciled,
each creating unique challenges in featural domains.

First, measurements of change along the feature axes (that is, Ax and Ay)
(see the figure, part a) must be conveyed to the grid network through
afferents specifying information about each feature, analogous to a
velocity signal containing direction and speed. These inputs must either
bypass the velocity input to advance the attractor state through the CAN
independently or somehow convert the relationship between abstract
features, such as perceived differences in tartness between fruits, to
avelocity signal (see the figure, part b). The possible mechanisms for
converting sensory inputs specific to each feature to a velocity-like input
are unclear. To drive the CAN independently of this conversion would

require a combinatorial explosion of extrinsic inputs to drive MEC
representations of all possible abstract spaces. Moreover, to decode
measurements of fruit diameter and tartness from the firing of a grid field,
the network must generate regular field spacing that reflects metric
intervals in the feature space. Such fixed regularity is often absent, even
in physical space outside symmetric open-field environments.

Second, to measure displacements in the feature space using PI-CAN
mechanisms, activity must move through successive states of the CAN.
Because activity states evolve continuously over time (that is, At), rather
than shifting in large jumps across the manifold, updates require a ‘path’
through the space that can be ‘path-integrated’ through time from the
velocity analogue. To construct such a path, elements in the space must
be ordered in time. It is unclear how feature spaces that lack temporal
contiguity between their elements would correspond to updates in the
CAN — for example, does defining the tartness relationship between
limes and apples traverse a path through oranges and lemons (see the
figure, part c)? While landmark inputs alone (such as inputs specific to
limes) can shift the network activity towards the landmark*, these inputs
must be used in concert with a continuously evolving input, such as
velocity in the PI-CAN model, to drive the activity through intervening
states. Together, these constraints imposed by the mechanisms in the
PI-CAN model limit the scope of abstract spaces that can be plausibly
mapped according to our current understanding of network dynamics
in the MEC.
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between features in the space by viewing
videos of birds’ necks and legs changing con-
tinuously, thus linking features sequentially
in time. In the following section, we propose
arevised CAN model to explain why tem-
poral contiguity is a critical aspect of spaces
learned and represented in the hippocampal
formation.

A revised CAN model

Hippocampal input shapes activity in

the MEC CAN. To address the gaps left by the
PI-CAN model in explaining experimental
data, we propose that the dynamics of the
MEQC attractor network are substantially
shaped over time by sequential hippocampal
cell input. Hippocampal neurons can track
sequences of task-relevant stimuli, just

as the activity of place cells continuously
changes during movement in a maze,
thereby bridging events within spatial and
non-spatial experiences. With its prominent
anatomical projections to the MEC and
flexible responses across experiential
modalities, the hippocampus is a strong
candidate to provide informative drive to
the MEC CAN. Because the location-specific
variability of grid cells and the prevalence
of non-grid spatial cells are not explained
by the PI-CAN model, a velocity signal may
provide only a component of the informative
drive to the MEC, even in the context of
navigation*>'*'.

Supporting a critical role for
hippocampal input, grid patterns appear
only after place cells achieve spatial tuning

during development®*'#*-'*. Moreover,
inactivation of the hippocampus abolishes
the 2D periodicity of grid firing'*, although
spike correlations remain intact between
grid cells'**'*’. These findings suggest that
local intrinsic connections help determine
the order of spiking between grid cells, but
hippocampal input is required for periodic
spatial patterns during behaviour. Some
advocates of the PI-CAN model interpret
this to mean that the hippocampus is
providing uniform excitatory drive to

the entire grid network'**. However, we
advocate that the hippocampus provides
non-uniform, event-specific input that can
shape the flow of activity through the MEC
CAN. For example, the unique ensembles
of hippocampal place cells that are active
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<« Fig. 2| Topological representations in the spike order of theta sequences. a | The medial entorhinal

cortex (MEC)-hippocampus (HPC) loop model for updates of network activity in each region.
Information about velocity and salient events is proposed to influence the MEC continuous attractor
network (CAN), which reciprocally interacts with the hippocampus, although this does not preclude
a direct effect of these inputs on the hippocampus as well. b | Theta sequences in the hippocampus
and hypothesized theta sequences in the MEC. A trajectory (left) through an open arena (black arrow)
passes through a sequence of place cells (top) and grid cells from a single module (bottom). Place cells
and grid cells both exhibit ordered spiking on the theta timescale (right) that progresses in concert
with movement through the maze. Vertical dotted lines mark theta cycle boundaries. Theta disinhibi-
tion is out of phase between the hippocampus and the MEC, allowing communication to alternate
across regions. c—e | MEC grid cells and hippocampal place cells fire as a rodent moves along a linear
track (part c), runs continuously on a treadmill (part d) or progresses through a sequence of discrete
sensory events involving odours and tones'” (part e). The grid cell firing patterns in part e are hypo-
thetical. As the animal progresses in position, time or events, neurons exhibit theta phase precession,
shown for hippocampal cells as the transition of spikes from later to earlier theta phases. In each of
these experiences, neuronal spikes are ordered within a single theta cycle (dashed arrow) according
to the animal’s past, present and future. This spike ordering generates a topological graph of the expe-
rience, with each node of the topology corresponding to an ordered instance in the experience
(bottom panels). When a linear track is stretched'® (part c) or when the time of a treadmill run is
increased®'* (part d), both grid cells and place cells demonstrate the capacity to rescale their firing
fields (and, for grid cells, the distance between firing fields) to span the entire experience. Despite this
field stretching, spike ordering is preserved within a theta cycle (bottom panels), preserving the top-
ological representation from the original to the stretched experience by maintaining temporal rela-
tionships between neurons. Further work is needed to determine the scalability of topological
representations for discrete sequences of events. Parts ¢ and e adapted with permission from REF.'*,
Elsevier. Part d adapted with permission of AAAS from REF.'*>. @ The Authors, some rights reserved;
exclusive licensee AAAS. Distributed under a CC BY-NC 4.0 License (http://creativecommons.org/
licenses/by-nc/4.0/).

at each location in an environment may
drive location-specific variability in grid

cell firing**-#>1%%, as well as the specificity of
non-grid spatial patterns®. This hypothesis
aligns with computational models that show
that location-based inputs can generate

grid patterns®>"'*-17, even in the absence
of an explicit velocity input®"!24131134-157,
Thus, the ability of ordered hippocampal
activity to generate periodic grid cell firing
could be particularly critical in non-spatial
circumstances without locomotion.

The MEC-hippocampus loop drives
network activity in time. We hypothesize
that interactions between the hippocampus
and MEC reciprocally drive updates of

the attractor state within each region

(FIG. 2a). In this model, the bidirectional
communication is temporally coordinated
by the theta rhythm'*, which reflects
windows of disinhibition that create
discrete epochs of activity within each local
network'”. Hippocampal and MEC theta
oscillations are offset from each other,

such that spiking in the MEC occurs out

of phase with spiking in the hippocampus”
(FIC. 2b). Hippocampal input is thus well
timed to prime the flow of MEC CAN
activity within each theta epoch, because the
bulk of CA1 spiking occurs just before

the rhythmic disinhibition of MEC neurons.
As each CALl neuron has anatomically
restricted axon terminals in the deep layers
of the MEC'"""*?, which in turn generate

non-uniform drive to the superficial layers'*
(BOX 1), the population of CA1 neurons that
is active during each theta cycle is poised to
bias the directional flow of activity through
the grid attractor network. This possibility is
supported by the loss of grid cell periodicity
when either hippocampal inputs'*>'** or
medial septal inputs supporting theta*>*
are removed, as well as computational
work demonstrating that theta-timescale
hippocampal inputs can generate MEC grid
patterns’**.

The reciprocal projections from the
MEC back to the hippocampus complete
aloop, allowing the MEC to mutually
shape the activity within the hippocampus.
Under the synchronizing guidance of the
theta oscillation, these two regions alternate
between speaker and listener. As each
region responds to its input, it primes
the subsequent state in its counterpart,
inextricably binding the activity across
regions as a progression of handshakes across
time. This reciprocal communication may
even explain the observation of sequential
activity in the loop in the absence of changing
sensory input to the hippocampal-entorhinal
system during delay periods®>'!3!14 145116,
Because the flow of states across time is
inherent to the physiology of the network'*,
the activity of neurons throughout the
MEC-hippocampus loop reflects a
continuous link of events through time.

The proposed handshake between
the hippocampus and the MEC may
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manifest itself on the fine timescale as

the propagation of ‘theta sequences’ in

each region. Hippocampal neurons display
finely ordered spiking nested within a

theta cycle'**"*" mirroring the sequence

of place cells that fire over the course of
seconds as an animal traverses the
environment (FIG. 2b—d). These theta
sequences similarly track the progression
of discrete events during non-spatial tasks'”’
(FIG. 2¢). Each hippocampal theta sequence
thereby constitutes a time-compressed
representation of a momentary trajectory
through the experience'*""*' (FIC. 2b—g).
Because theta sequences project ahead of
the animal’s current position, this activity
is poised to guide the flow of activity
within the MEC network'**. While theta
sequences have not yet been thoroughly
characterized in the MEC (but see REF®!),
computational models suggest that MEC
theta sequences would arise naturally

from theta-paced inhibition mediating
CAN dynamics'®*. Moreover, individual
MEC cells show spiking that is temporally
organized by the theta rhythm (that is, theta
phase precession)'*, consistent with the
existence of theta sequences. We hypothesize
that as hippocampal input helps direct the
entorhinal attractor through successive
states, the MEC returns information

to the hippocampus influencing the
progression of the next theta sequence'”
(FIG. 2b). As theta sequences develop over
the course of experience'* and have been
linked to the retention of learned spatial
information'’-'%, theta sequences in the
MEC-hippocampus loop are well suited

to support the representation of ordered
events in episodic memory. Although some
non-rodent mammals lack a continuous
theta rhythm, temporally structured activity
can nonetheless be observed relative to

the underlying oscillation'¢'~'*. These
observations point to compressed spike
sequences, organized relative to a periodic
or aperiodic carrier oscillation, as a general
mechanism for updating attractor states
across regions.

The MEC-hippocampus loop builds the
topology of experience. We advocate that
hippocampal input to the grid cell CAN
shapes the progression of MEC activity in
accordance with structured hippocampal
firing around salient events. For example,
place cells tend to shift their fields towards
learned reward sites'**'*>, which could yield
the changes in grid field spacing’® and firing
rate” that are observed when an animal is
near recalled reward locations'®. The shared
variability in field density and firing rates
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across the MEC-hippocampus loop reflects
mnemonic properties as well. MEC field
rates are modulated by route destination or
origin during goal-directed movement in
linear environments®"'*'® in concert with
similar firing rate changes in hippocampal
neurons'*>'*-'"!, Collectively, the evidence
of parallel flexibility in hippocampal

and MEC firing patterns suggests that

the hippocampus supplies structured
informative drive to the grid network,
particularly around behaviourally relevant
locations and events.

In return, the MEC grid network is
situated to provide a key input to the
hippocampus, allowing it to bridge
the gaps between salient stimuli with
reliable sequences of activity'”. It was
once thought that hippocampal place
cells read the MEC grid code to index
specific locations, but numerous studies
using lesions'*>'”*-'7¢, optogenetics'*>!7"!17¢
and pharmacology*>'”*"'*" have now
demonstrated that hippocampal neurons
retain the capacity for forming place
fields irrespective of grid cell input.
Instead, altering grid cell activity degrades
hippocampal cell tuning in the middle of
large arenas'”'*>'* and during long delay
periods'*®'”” when the animal is spatially
or temporally far from salient landmarks.
These studies suggest that grid cell input
to the hippocampus is key to structuring
hippocampal activity in the absence of
salient stimuli. This role of the MEC may
be particularly vital in novel settings,
before the structure of the environment
has been learned. By supplying a regularly
structured input from the beginning of
learning, the periodicity of the grid cell
CAN may help generate new sequences of
hippocampal activity that bridge disparate
landmarks'’>'*'%>, In this way, the grid cell
CAN could provide a temporal scaffolding
onto which situation-specific activity can be
linked across time, preserving the ordinal
structure that supports a topology.

Bridging salient stimuli through the
MEC-hippocampus loop. For grid network
activity to link events into a topological
representation of a given experience,

the periodic scaffolding provided by the
grid network must be anchored to salient
landmarks that demarcate the experience.
Salient events may therefore influence grid
cell CAN dynamics, similar to the manner
in which boundaries have been proposed to
anchor the location of MEC attractor states
to the external environment*>**'*, During
spatial exploration, it is thought that velocity
inputs drive the flow of activity within

the grid cell CAN during locomotion, but
encounters with walls, signalled by MEC
border cells or hippocampal place cells,
pull the flow of activity towards the state
associated with the landmark**“. In this
way, the MEC attractor state becomes
anchored to the physical environment,
thereby ensuring reliable spatial activity*
However, landmarks do not need to be
physical walls to provide an anchoring
stimulus. The hippocampal population
over-represents the start and end points of
virtual linear tracks'**'*”'* and non-spatial
task sequences®>'””, and thus could entrain
the grid cell CAN to event boundaries
by virtue of focal increases in excitation
from the hippocampus. Reward would
act as a particularly salient feature to alter
the structure of the topology, anchoring the
MEC grid pattern®”° and the hippocampal
population activity'**'*° to salient goal
locations. Updating by the hippocampus with
regard to salient landmarks can thus help
provide waypoints that regulate the flow of
activity through the grid cell CAN. In turn,
the MEC facilitates the ability of both regions
to form stable patterns of activity, especially in
novel settings. Together, these interactions
in the MEC-hippocampus loop generate a
topological representation of experience that
is foundationally defined by the link between
the progression of neural activity and the
temporal order of events in the world.
Experimental results are consistent with
the hypothesis that the MEC-hippocampus
loop constructs a topological representation.
Importantly, topological structure is
preserved despite changes in spacing between
salient events that define the topology'®.
Accordingly, the grid pattern dynamically
stretches in proportion to the displacement
of a moveable wall®*-*>%%%1% — g finding
that has been mirrored in hippocampal
place cells in an open field"'. Furthermore,
experiments using expandable'**-*
and reconfigurable'’ linear tracks have
demonstrated that hippocampal cell firing
corresponds to the relative order of events as
opposed to precise distances (FIG. 2c,f). The
flexibility of this topological code is evident
in MEC and hippocampal neurons that
rescale their responses to span the duration
of a forced delay period®'* (FIC. 2d,g).
These findings suggest that the topology
can be rescaled relative to the progression
between salient events rather than providing
veridical measurements of space or clock
time. Indeed, neither elapsed time nor
distance travelled definitively captures the
specificity of grid cells and hippocampal
neurons during treadmill runs within forced
delay periods*”''. By adapting to changing

5,186

intervals between salient events®’»#403-00:08.69,

the grid cell CAN would aid in guiding the
flow of activity in the hippocampus despite
variability across individual experiences.
Although representations are malleable
in response to manipulations of time or
space, the fine spike timing between neurons
remains intact within theta cycles'”>'*,
indicating that the topological structure is
maintained on the theta timescale despite
the stretching that occurs on the behavioural
timescale. This preservation of spike order
between cells suggests that theta packets
reflect an ordinal structure that is stored
in the hippocampal formation, raising the
possibility that the rescaling seen in time
or space is an emergent property of pacing
the progression of theta sequences'"'*".
This pacing is likely determined by the
combination of inputs to the MEC-
hippocampus system. As described in
the PI-CAN model, inputs to the MEC
conveying information about speed and
allocentric orientation contribute to the flow
of activity in the grid cell CAN**>**. These
velocity inputs may even help to label’ each
attractor state with metric information'»'>"’,
resulting in activity that can reflect a spatial
code. Complementing inputs that reflect
self-movement information, recent research
has elucidated the additional importance
of visual perception for attractor network
activity™. Just as landmarks have been
proposed to drag the flow of the attractor*,
the MEC-hippocampus loop may be
updated by perceptual information reflecting
the approach or expectation of a salient
event. As the spatial trajectories represented
in theta sequences are known to be bounded
by salient features'**'*’, perceptual updates
of the network may shape the rate of
sequence progression. If the approach to
an upcoming salient event can be predicted
by a continuously evolving input, then we
would expect to see a continuously changing
set of theta sequences, as is the case with
running on a linear track (FIC. 2¢). However,
if a task is defined solely by discrete events
that progress in a punctuated manner,
then we would expect the attractor to be
drawn to these salient features and likewise
demonstrate piecewise advancement
through theta sequences, as is the case with
such tasks'” (FIG. 2¢). In either case, the
progression of activity is always linked across
time as a topology that binds experiences of
the world within an ordinal structure.

Temporal contiguity defines the ordered
topology. The reciprocity between the
hippocampus and the MEC illuminates
the function of the hippocampal formation
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as building topological representations

of experience’”™*. As events unfold in

time, the states of the MEC attractor are
continuously updated in concert with

the ongoing activity of the hippocampus.
Because each state flows from a progression
of previous states, the information supported
by this network inherently incorporates
temporal adjacency. Continuous attractor
models that support path integration
similarly track movement through physical
space according to temporal adjacency”,
and differ only by rigidly mapping the
neural activity to measurements of
physical distance. In casting the circuitry
of the hippocampal formation as a
sequence generator'’, the need for a priori
dimensionality or metric relationships

is avoided. Instead, the topology is built
through synaptic plasticity between neurons
that are repeatedly activated in a particular
order during learning, similar to existing
theories highlighting the importance of
ordered spiking'-*"'*°. In this topological
framework, the grid network supports
ordered relationships between elements

of experience without needing to measure
exact feature quantities. Our proposal thus
synergizes the activity exhibited by the
MEC and the hippocampus during spatial
navigation with the roles of these structures
in forming episodic memories.

Once this topological representation is
built, it can be used to facilitate decision-
making. States within the topology span
the sequence of events from task initiation
to the outcome, similar to the progression
of states described in reinforcement
learning models'**'%. With decision
points in the topological graph anchored
to salient features, the network would be
able to propagate a series of states from
the decision point to the goal to aid in
choice®17=117L172_ Consistent with a role
in decision-making, representations across
the MEC-hippocampus network that reflect
future choices®"'*~'**** manifest themselves
on the theta timescale in both spatial
tasks®*"**> and non-spatial tasks'”. Leading
up to a choice, the representations of possible
futures can even alternate on successive theta
cycles™, suggesting that neuronal sequences
mediate cognitive access to multiple possible
outcomes via the task topology.

The topological interpretation also
suggests that tuning in non-spatial tasks
does not rely on particular stimulus features
(such as auditory frequency). Instead,
hippocampal and entorhinal neurons
encode the position of the stimulus in
a sequence. Such a sequential topology
can be constructed from stimuli that are

PERSPECTIVES

either continuously changing in time**#%1%

or discretized’>'*>!*, as punctuated
multimodal events are likewise represented
by hippocampal tuning and compressed
into theta sequences'” (FIC. 2¢). While
individual neurons may show specificity
for particular odours or sounds during
these tasks'*""'%, we advocate that tuning
arises from the association of individual
stimuli with specific transition probabilities
in the sequence’* rather than detection of
the sensory features of the stimulus. Our
topological model therefore differs from
feature space proposals (BOX 2), which

cast the hippocampal formation more

as a semantic organizer that determines
relationships between objects on the basis
of measurable feature qualities'>'®. Instead,
given the accumulating evidence that the
MEC-hippocampus network operates as
a CAN, we highlight its defining attribute
as the sequential progression of network
activity through adjacent states over time.
In sum, abstract feature spaces (BOX 2)
lacking temporal contiguity between
neighbouring elements would not be
supported by the model mechanisms we
propose here.

Critical aspects of our proposal are
consistent with recent studies that have

Box 3 | Testable predictions of the revised CAN model

We propose that the medial entorhinal cortex (MEC)-hippocampus loop supports topological
representations based in temporal contiguity. Here we suggest experiments to test several key
predictions of the model.

Robust communication across the MEC-hippocampus loop manifests itself on the theta
timescale

If large ensembles of neurons were simultaneously recorded in the MEC and CA1 of the
hippocampus, this model would predict several findings. First, theta sequences should exist within
the MEC. Second, distortions in grid field patterns near reward sites should correspond to a
concentration of fields in hippocampal neurons. Third, trajectories decoded from the population
activity on each theta cycle would be similar across regions, including cases where theta
sequences sweep ahead towards goals?***"*. Fourth, disruption of firing order within hippocampal
theta sequences via localized manipulation (for example, see REF.***) should also disrupt the
structure of activity within the MEC, even though the aggregate hippocampal input will remain
similar (see REF.'?%).

Order of stimulus presentation shapes the responses to individual stimuli, even if the
featural qualities are the same

We predict that if an animal were trained to advance a continuously changing series of tones®
involving, for example, repeats of a tone within the sequence, the MEC-hippocampus network
would exhibit unique responses to each presentation of the tone. This result would strongly
suggest that spiking is driven by sequential order informed by the history of experience, whereas
similar responses to each presentation of the tone would suggest that spiking is driven by featural
measurements. The results would inform the interpretation of similar phenomena observed in the
spatial domain'®"'*® and with discrete sequences'®.

Links in the topology depend on temporal contiguity

Virtual mazes offer the possibility of teleporting across space, thereby allowing the animal to travel
continuously through time while experiencing a discontinuity in space. We would expect the
topology to smoothly link the two points of teleportation'®’, much like adjacent locations are
represented by place cells. We would also expect theta sequences to extend across the points

of teleportation but not through the intervening positions, since traversing the intervening space
is not necessary to connect the two nodes in the topology. These expectations contrast with the
predictions of a path integration framework, which would allow interpolation of shortcuts via
Euclidean geometry.

Remaining open questions:
* Are navigational inputs privileged in driving the MEC attractor? Does the strength of
navigational inputs vary across species in relation to increases in cognitive flexibility?

e Is the intrinsic circuitry of the grid cell continuous attractor network (CAN) static, or can novel
sequences of grid cells be formed through plasticity?

* How do extrinsic cortical afferents, such as those from the prefrontal cortex, influence activity
in the MEC CAN? Which inputs inform MEC activity around goals and salient features according
to task demands?

¢ How do subpopulations and subcircuits of the hippocampus and the MEC (for example, CA1
sublayers, the trisynaptic pathway and CA1 versus subiculum input to the MEC) contribute to the
computations in the MEC-hippocampus loop?

* What happens to attractor dynamics in the absence of a continuous theta rhythm, either during
waking immobility or in primate species in which theta occurs in bouts?
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formalized the coding of non-spatial
domains without relying on feature
measurements. One of these approaches is

a model known as the Tolman-Eichenbaum
machine (TEM), which dissociates the
representation of structural relationships

in the MEC from their binding to sensory
features in the hippocampus®”. Similarly

to experimental training paradigms, the
TEM must be trained through ordered
presentation of task stimuli to generate

grid firing patterns that are consistent with
structural relationships after learning. In this
way, our emphasis on temporal contiguity
aligns well with this model, although
temporal progression is not an explicit focus
of the TEM. However, we suggest that the
MEC and the hippocampus work together
to learn structure, while the TEM advocates
that the MEC has a special role in abstracting
and storing relational structure. Despite this
difference, both the TEM and our model
are also parsimonious with work proposing
that hippocampal place cells represent
predicted future states'**, or successor
representations'*>**?*+%° In simplified
terms, the successor representation model
posits that hippocampal firing signals

how much a current state predicts that

the agent will occupy future possible
states'*. A topological representation
storing the connectivity between states

in an experience is highly compatible

with both this predictability and the
requirement for learning inherent in

the successor representation model.
Furthermore, the successor representation
model highlights the ability of a topology

to facilitate decision-making at any step,
because the agent learns the transition
probabilities from each state to the outcome.
The commonalities between the TEM

and the successor representation model

are likewise compatible with multiple

past studies advocating hippocampal
topological representations®'*~+°2 a5
well as the foundational notion of relational
memory”*”.

Our proposal raises several testable
predictions (BOX 3) and complements
previous studies in three important ways.
First, we suggest a biological implementation
of the MEC-hippocampus networks ability
to construct a topology through reciprocal
communication organized by the theta
rhythm. Second, we emphasize temporal
contiguity in the information represented
topologically, aligning this function
more closely with learning sequences
than learning featural relationships'>**'°.
Third, we unite a topological framework
with CANs, updating the hypothesized role

of the grid network to include functions
beyond allocentric spatial navigation.

Conclusions

We propose that the interplay between
the hippocampus and the MEC works
synergistically to build ordinal topologies
that are based on experience. While the
velocity inputs in the PI-CAN model may

be sufficient to drive the MEC attractor
network during navigation with few salient
features, the hippocampus is ideally suited to
bind the MEC representation to important
elements of experience in the order they
occur. We advocate that the function of grid
cells is best interpreted through the lens of
activity across the MEC network, rather
than the patterning of spikes from individual
cells in relation to an experimenter-chosen
predictor. Under this broadened scope of
entorhinal-hippocampal function, moving
through physical space is just one example of
progressing through a topology. Importantly,
correspondence to measurements of physical
or abstract spaces would be incidental to the
necessary relationship between the temporal
structure of experiences while moving
through space. Recasting the hippocampal
formation as a builder of topologies
comports well with the role of this region

in linking a series of events to construct

new memories, and potentially resolves the
tension between the navigation and memory
literature.

Jon W. Rueckemann'2%, Marielena Sosa(2}**,
Lisa M. Giocomo([2)**™ and Elizabeth A. Buffalo

'Department of Physiology and Biophysics, University
of Washington School of Medicine, Seattle, WA, USA.
2Washington National Primate Research Center,
Seattle, WA, USA.

3Department of Neurobiology, Stanford University
School of Medicine, Stanford, CA, USA.

“These authors contributed equally: J. W. Rueckemann
and M. Sosa.

1,2,564

SThese authors jointly supervised this work: E. A. Buffalo
and L. M. Giocomo.

®e-mail: giocomo@stanford.edu; ebuffalo@uw.edu

https://doi.org/10.1038/s41583-021-00499-9
Published online 27 August 2021

1. Rowland, D. C., Roudi, Y., Moser, M. B. & Moser, E. I.
Ten years of grid cells. Annu. Rev. Neurosci. 39,
19-40 (2016).

2. Hafting, T, Fyhn, M., Molden, S., Moser, M. B. &
Moser, E. |. Microstructure of a spatial map in the
entorhinal cortex. Nature 436, 801-806 (2005).

3. Fyhn, M., Molden, S., Witter, M. P, Moser, E. |. &
Moser, M. B. Spatial representation in the entorhinal
cortex. Science 305, 1258—1264 (2004).

4. O'Keefe, J. & Dostrovsky, J. The hippocampus as a
spatial map. Preliminary evidence from unit activity
in the freely-moving rat. Brain Res. 34, 171-175
(1971).

5. OKeefe, J. & Nadel, L. The Hippocampus as a
Cognitive Map (Clarendon Press, 1978).

6.  Tolman, E. C. Cognitive maps in rats and men.
Psychol. Rev. 55, 189-208 (1948).

7.  Eichenbaum, H., Dudchenko, P., Wood, E., Shapiro, M.
& Tanila, H. The hippocampus, memory, and place

10.

12.

13.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34,

35.

cells: is it spatial memory or a memory space? Neuron
23,209-226 (1999).

Squire, L. R., Stark, C. E. & Clark, R. E. The medial
temporal lobe. Annu. Rev. Neurosci. 27, 279-306
(2004).

Poucet, B. Spatial cognitive maps in animals: new
hypotheses on their structure and neural mechanisms.
Psychol. Rev. 100, 163-182 (1993).

Dabaghian, Y., Brandt, V. L. & Frank, L. M.
Reconceiving the hippocampal map as a topological
template. eLife 3, e03476 (2014).

Buzsaki, G. & Tingley, D. Space and time: the
hippocampus as a sequence generator. Trends Cogn.
Sci. 22, 853-869 (2018).

Warren, W. H. Non-Euclidean navigation. J. Exp. Biol.
222 (Suppl. 1), jeb187971 (2019).

Muller, R. U., Stead, M. & Pach, J. The hippocampus
as a cognitive graph. J. Gen. Physiol. 107, 663—694
(1996).

Dabaghian, Y. Through synapses to spatial memory
maps via a topological model. Sci. Rep. 9, 572
(2019).

Bellmund, J. L. S., Gardenfors, P., Moser, E. . &
Doeller, C. F. Navigating cognition: spatial codes for
human thinking. Science 362, eaat6766 (2018).
Park, S. A., Miller, D. S., Nili, H., Ranganath, C. &
Boorman, E. D. Map making: constructing, combining,
and inferring on abstract cognitive maps. Neuron
https://doi.org/10.1016/j.neuron.2020.06.030
(2020).

Morton, N. W. & Preston, A. R. Concept formation as
a computational cognitive process. Curr. Opin. Behav.
Sci. 38, 83-89 (2021).

Fuhs, M. C. & Touretzky, D. S. A spin glass model

of path integration in rat medial entorhinal cortex.

J. Neurosci. 26, 4266—-4276 (2006).

Burak, Y. & Fiete, I. R. Accurate path integration in
continuous attractor network models of grid cells.
PLoS Comput. Biol. 5,e1000291 (2009).

Guanella, A., Kiper, D. & Verschure, P. A model of grid
cells based on a twisted torus topology. Int. J. Neural
Syst. 17, 231-240 (2007).

McNaughton, B. L., Battaglia, F. P.,, Jensen, O.,
Moser, E. |. & Moser, M. B. Path integration and the
neural basis of the ‘cognitive map’ Nat. Rev. Neurosci.
7,663-678 (2006).

Couey, J. J. et al. Recurrent inhibitory circuitry as

a mechanism for grid formation. Nat. Neurosci. 16,
318-324(2013).

Pastoll, H., Solanka, L., van Rossum, M. C. &

Nolan, M. F. Feedback inhibition enables 6-nested

vy oscillations and grid firing fields. Neuron 77,
141-154 (2013).

Heys, J. G., Rangarajan, K. V. & Dombeck, D. A.

The functional micro-organization of grid cells
revealed by cellular-resolution imaging. Neuron 84,
1079-1090 (2014).

Yoon, K. et al. Specific evidence of low-dimensional
continuous attractor dynamics in grid cells. Nat.
Neurosci. 16, 1077-1084 (2013).

Zutshi, |. et al. Recurrent circuits within medial
entorhinal cortex superficial layer support grid cell
firing. Nat. Commun. 9, 3701 (2018).

Sargolini, F. et al. Conjunctive representation of
position, direction, and velocity in entorhinal cortex.
Science 312, 758-762 (2006).

McNaughton, B. L. et al. Deciphering the hippocampal
polyglot: the hippocampus as a path integration
system. J. Exp. Biol. 199, 173-185 (1996).

Moser, E. I., Moser, M. B. & McNaughton, B. L.
Spatial representation in the hippocampal formation:
a history. Nat. Neurosci. 20, 1448-1464 (2017).
Taube, J. S. The head direction signal: origins and
sensory-motor integration. Annu. Rev. Neurosci. 30,
181-207 (2007).

Winter, S. S., Clark, B. J. & Taube, J. S. Disruption

of the head direction cell network impairs the
parahippocampal grid cell signal. Science 347, 870
(2015).

Munn, R. G. & Giocomo, L. M. Multiple head direction
signals within entorhinal cortex: origin and function.
Curr. Opin. Neurobiol. 64, 32—40 (2020).

Butler, W. N., Hardcastle, K. & Giocomo, L. M.
Remembered reward locations restructure entorhinal
spatial maps. Science 363, 1447-1452 (2019).
Fyhn, M., Hafting, T., Treves, A., Moser, M. B. &
Moser, E. I. Hippocampal remapping and grid
realignment in entorhinal cortex. Nature 446,
190-194 (2007).

Diehl, G. W., Hon, O. J., Leutgeb, S. & Leutgeb, J. K.
Grid and nongrid cells in medial entorhinal cortex
represent spatial location and environmental features

646 | OCTOBER 2021 | VOLUME 22

www.nature.com/nrn


http://orcid.org/0000-0003-0762-1128
http://orcid.org/0000-0003-0416-2528
http://orcid.org/0000-0001-6326-9187
mailto:giocomo@stanford.edu
mailto:ebuffalo@uw.edu
https://doi.org/10.1038/s41583-021-00499-9
https://doi.org/10.1016/j.neuron.2020.06.030

36.

37.

38.

39.

40.

42.

43,

44,

45.

46.

47.

48.

49.

50.

52.

53.

54.

55.

56.

57.

58.

59.

60.

62.

with complementary coding schemes. Neuron 94,
83-92 (2017).

Kropff, E., Carmichael, J. E., Moser, M. B. & Moser, E. I.
Speed cells in the medial entorhinal cortex. Nature
523, 419-424 (2015).

Munn, R. G., Mallory, C. S., Hardcastle, K.,
Chetkovich, D. M. & Giocomo, L. M. Entorhinal
velocity signals reflect environmental geometry.

Nat. Neurosci. 23, 239-251 (2019).

Carvalho, M. M. et al. A brainstem locomotor

circuit drives the activity of speed cells in the medial
entorhinal cortex. Cell Rep. 32, 108123 (2020).
Shipston-Sharman, O., Solanka, L. & Nolan, M. F.
Continuous attractor network models of grid cell firing
based on excitatory—inhibitory interactions. J. Physiol.
594, 6547-6557 (2016).

Hinman, J. R, Penley, S. C., Long, L. L., Escabi, M. A.
& Chrobak, J. J. Septotemporal variation in dynamics
of theta: speed and habituation. J. Neurophysiol. 105,
2675-2686 (2011).

Buzsaki, G. & Moser, E. |. Memory, navigation and
theta rhythm in the hippocampal-entorhinal system.
Nat. Neurosci. 16, 130—-138 (2013).

Brandon, M. P. et al. Reduction of theta rhythm
dissociates grid cell spatial periodicity from directional
tuning. Science 332, 595-599 (2011).

Koenig, J., Linder, A. N., Leutgeb, J. K. & Leutgeb, S.
The spatial periodicity of grid cells is not sustained
during reduced theta oscillations. Science 332,
595-595 (2011).

Ocko, S. A., Hardcastle, K., Giocomo, L. M. &

Ganguli, S. Emergent elasticity in the neural code for
space. Proc. Natl Acad. Sci. USA 115, E11798-E11806
(2018).

Hardcastle, K., Ganguli, S. & Giocomo, L. M.
Environmental boundaries as an error correction
mechanism for grid cells. Neuron 86, 827-839
(2015).

Bicanski, A. & Burgess, N. Neuronal vector coding in
spatial cognition. Nat. Rev. Neurosci. 21, 453-470
(2020).

Stensola, H. et al. The entorhinal map is discretized.
Nature 492, 72-78 (2012).

Fiete, I. R., Burak, Y. & Brookings, T. What grid

cells convey about rat location. J. Neurosci. 28,
6858-6871 (2008).

Mathis, A., Herz, A. V. & Stemmler, M. Optimal
population codes for space: grid cells outperform
place cells. Neural Comput. 24, 2280-2317 (2012).
Widloski, J. & Fiete, I. R. A model of grid cell
development through spatial exploration and spike
time-dependent plasticity. Neuron 83, 481-495
(2014).

Sorscher, B., Mel, G. C., Ocko, S. A., Giocomo, L. &
Ganguli, S. A unified theory for the computational and
mechanistic origins of grid cells. Preprint at bioRxiv
https://doi.org/10.1101/2020.12.29.424583 (2020).
Burak, Y. Spatial coding and attractor dynamics of grid
cells in the entorhinal cortex. Curr. Opin. Neurobiol.
25, 169-175 (2014).

Stemmler, M., Mathis, A. & Herz, A. V. Connecting
multiple spatial scales to decode the population
activity of grid cells. Sci. Adv. 1,e1500816 (2015).
Bush, D., Barry, C., Manson, D. & Burgess, N. Using
grid cells for navigation. Neuron 87, 507-520 (2015).
Domnisoru, C., Kinkhabwala, A. A. & Tank, D. W.
Membrane potential dynamics of grid cells. Nature
495, 199-204 (2013).

Schmidt-Hieber, C. & Hausser, M. Cellular mechanisms
of spatial navigation in the medial entorhinal cortex.
Nat. Neurosci. 16, 325-331 (2013).

Gu, Y. et al. A map-like micro-organization of grid cells
in the medial entorhinal cortex. Cell 175, 736-750.
€30 (2018).

Yoon, K., Lewallen, S., Kinkhabwala, A. A., Tank, D. W.
& Fiete, I. R. Grid cell responses in 1D environments
assessed as slices through a 2D lattice. Neuron 89,
1086-1099 (2016).

Trettel, S. G., Trimper, J. B., Hwaun, E., Fiete, I. R.

& Colgin, L. L. Grid cell co-activity patterns during
sleep reflect spatial overlap of grid fields during active
behaviors. Nat. Neurosci. 22, 609-617 (2019).
Gardner, R. J., Lu, L., Wernle, T., Moser, M.-B. &
Moser, E. I. Correlation structure of grid cells is
preserved during sleep. Nat. Neurosci. 22, 598—-608
(2019).

O'Neill, J., Boccara, C. N., Stella, F., Schoenenberger, P.
& Csicsvari, J. Superficial layers of the medial
entorhinal cortex replay independently of the
hippocampus. Science 355, 184—-188 (2017).

Miao, C., Cao, Q., Moser, M. B. & Moser, E. I.
Parvalbumin and somatostatin interneurons control

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

T4.

75.

76.

77.

78.

79.

80.

82.

83.

84.

85.

86.

87.

88.

different space-coding networks in the medial
entorhinal cortex. Cell 171, 507-521 (2017).

Barry, C., Hayman, R., Burgess, N. & Jeffery, K. J.
Experience-dependent rescaling of entorhinal grids.
Nat. Neurosci. 10, 682—-684 (2007).

Krupic, J., Bauza, M., Burton, S., Barry, C. & O’Keefe, J.
Grid cell symmetry is shaped by environmental
geometry. Nature 518, 232-235 (2015).

Krupic, J., Bauza, M., Burton, S. & O’Keefe, J. Local
transformations of the hippocampal cognitive map.
Science 359, 11431146 (2018).

Keinath, A. T., Epstein, R. A. & Balasubramanian, V.
Environmental deformations dynamically shift the grid
cell spatial metric. eLife 7, e38169 (2018).

Barry, C., Ginzberg, L. L., O’Keefe, J. & Burgess, N.
Grid cell firing patterns signal environmental novelty
by expansion. Proc. Nat/ Acad. Sci. USA 43,
17687-17692 (2012).

Wernle, T. et al. Integration of grid maps in merged
environments. Nat. Neurosci. 21, 92-101 (2018).
Carpenter, F., Manson, D., Jeffery, K., Burgess, N.

& Barry, C. Grid cells form a global representation of
connected environments. Curr. Biol. 25, 1176-1182
(2015).

Boccara, C. N., Nardin, M, Stella, F., O’Neill, J. &
Csicsvari, J. The entorhinal cognitive map is attracted
to goals. Science 363, 1443—-1447 (2019).

Ekstrom, A. D. & Ranganath, C. Space, time, and
episodic memory: the hippocampus is all over the
cognitive map. Hippocampus 28, 680-687 (2018).
Park, E. H., Keeley, S., Savin, C., Ranck, J. B. Jr &
Fenton, A. A. How the internally organized direction
sense is used to navigate. Neuron 101, 285-293.e5
(2019).

Hardcastle, K., Maheswaranathan, N., Ganguli, S.

& Giocomo, L. M. A multiplexed, heterogeneous,

and adaptive code for navigation in medial entorhinal
cortex. Neuron 94, 375-387 (2017).

Campbell, M. G. et al. Principles governing the
integration of landmark and self-motion cues in
entorhinal cortical codes for navigation. Nat. Neurosci.
21, 1096-1106 (2018).

Derdikman, D. et al. Fragmentation of grid cell maps
in a multicompartment environment. Nat. Neurosci.
12, 1325-1332 (2009).

Proll, M., Hausler, S. & Herz, A. V. M. Grid-cell activity
on linear tracks indicates purely translational
remapping of 2D firing patterns at movement turning
points. J. Neurosci. 38, 7004-7011 (2018).
Mizuseki, K., Sirota, A., Pastalkova, E. & Buzsaki, G.
Theta oscillations provide temporal windows for local
circuit computation in the entorhinal-hippocampal
loop. Neuron 64, 267-280 (2009).

Whitlock, J. R. & Derdikman, D. Head direction maps
remain stable despite grid map fragmentation. Front.
Neural Circuits 6, 9 (2012).

Raudies, F., Brandon, M. P., Chapman, G. W. &
Hasselmo, M. E. Head direction is coded more
strongly than movement direction in a population

of entorhinal neurons. Brain Res. 1621, 355-367
(2015).

Gerlei, K. et al. Grid cells are modulated by local head
direction. Nat. Commun. 11, 4228 (2020).

Ismakov, R., Barak, O., Jeffery, K. & Derdikman, D.
Grid cells encode local positional information.

Curr. Biol. 27, 2337-2343 (2017).

Dunn, B., Wennberg, D., Huang, Z. & Roudi, Y. Grid
cells show field-to-field variability and this explains the
aperiodic response of inhibitory interneurons. Preprint
at https://arxiv.org/abs/1701.04893 (2017).

Kanter, B. R. et al. A novel mechanism for the grid-
to-place cell transformation revealed by transgenic
depolarization of medial entorhinal cortex layer II.
Neuron 93, 1480-1492 (2017).

Nagele, J., Herz, A. V. M. & Stemmler, M. B.
Untethered firing fields and intermittent silences:

why grid-cell discharge is so variable. Hippocampus
30, 367-383 (2020).

Meister, M. L. R. & Buffalo, E. A. Neurons in primate
entorhinal cortex represent gaze position in multiple
spatial reference frames. J. Neurosci. 38, 2430-2441
(2018).

Aronov, D., Nevers, R. & Tank, D. W. Mapping of a
non-spatial dimension by the hippocampal-entorhinal
circuit. Nature 543, 719-722 (2017).

Kraus, B. J. et al. During running in place, grid cells
integrate elapsed time and distance run. Neuron 88,
578-589 (2015).

Heys, J. G. & Dombeck, D. A. Evidence for a subcircuit
in medial entorhinal cortex representing elapsed time
during immobility. Nat. Neurosci. 21, 1574—-1582
(2018).

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

102.

103.

104.

105.

106.

107.

108.

109.

110.

PERSPECTIVES

Jacobs, J. et al. Direct recordings of grid-like neuronal
activity in human spatial navigation. Nat. Neurosci.
16, 1188-1190 (2013).

Killian, N. J., Jutras, M. J. & Buffalo, E. A. A map of
visual space in the primate entorhinal cortex. Nature
491, 761-764 (2012).

Wilming, N., Konig, P., Konig, S. & Buffalo, E. A.
Entorhinal cortex receptive fields are modulated by
spatial attention, even without movement. eLife 7,
e31745 (2018).

Doeller, C. F.,, Barry, C. & Burgess, N. Evidence for
grid cells in a human memory network. Nature 463,
657-661 (2010).

Epstein, R. A., Patai, E. Z., Julian, J. B. & Spiers, H. J.
The cognitive map in humans: spatial navigation and
beyond. Nat. Neurosci. 20, 1504—-1513 (2017).
Behrens, T. E. J. et al. What is a cognitive map?
Organizing knowledge for flexible behavior. Neuron
100, 490-509 (2018).

Howard, L. R. et al. The hippocampus and entorhinal
cortex encode the path and Euclidean distances to goals
during navigation. Curr. Biol. 24, 13311340 (2014).
Constantinescu, A. O., O'Reilly, J. X. & Behrens, T. E.
Organizing conceptual knowledge in humans with

a gridlike code. Science 352, 1464—1468 (2016).
Garvert, M. M., Dolan, R. J. & Behrens, T. E. J.

A map of abstract relational knowledge in the human
hippocampal-entorhinal cortex. eLife 6, e17086
(2017).

Liu, Y., Dolan, R. J., Kurth-Nelson, Z. & Behrens, T. E. J.
Human replay spontaneously reorganizes experience.
Cell 178, 640-652.e14 (2019).

Theves, S., Fernandez, G. & Doeller, C. F. The
hippocampus encodes distances in multidimensional
feature space. Curr. Biol. 29, 1226—-1231.e3 (2019).
Schapiro, A. C., Turk-Browne, N. B., Norman, K. A.

& Botvinick, M. M. Statistical learning of temporal
community structure in the hippocampus.
Hippocampus 26, 3-8 (2016).

. Herzog, L. E. et al. Interaction of taste and place coding

in the hippocampus. J. Neurosci. 39, 3057-3069
(2019).

Gener, T, Perez-Mendez, L. & Sanchez-Vives, M. V.
Tactile modulation of hippocampal place fields.
Hippocampus 23, 1453—-1462 (2013).

Wood, E. R., Dudchenko, P. A. & Eichenbaum, H.

The global record of memory in hippocampal neuronal
activity. Nature 397, 613-616 (1999).

Rutishauser, U., Reddy, L., Mormann, F. & Sarnthein, J.
The architecture of human memory: insights from
human single-neuron recordings. J. Neurosci. 41,
883-890 (2021).

Rueckemann, J. W. & Buffalo, E. A. Spatial responses,
immediate experience, and memory in the monkey
hippocampus. Curr. Opin. Behav. Sci. 17, 155-160
2017).

Radvansky, B. A. & Dombeck, D. A. An olfactory
virtual reality system for mice. Nat. Commun. 9, 839
(2018).

Ginther, M. R., Walsh, D. F. & Ramus, S. J.
Hippocampal neurons encode different episodes in
an overlapping sequence of odors task. J. Neurosci.
31,2706-2711 (2011).

Allen, T. A,, Salz, D. M., McKenzie, S. & Fortin, N. J.
Nonspatial sequence coding in CA1 neurons.

J. Neurosci. 36, 1547—-1563 (2016).

Terada, S., Sakurai, Y., Nakahara, H. & Fujisawa, S.
Temporal and rate coding for discrete event sequences
in the hippocampus. Neuron 94, 1248-1262.e4
(2017).

Taxidis, J. et al. Differential emergence and stability
of sensory and temporal representations in context-
specific hippocampal sequences. Neuron 108,
984-998.e9 (2020).

. Eichenbaum, H. Time cells in the hippocampus: a new

dimension for mapping memories. Nat. Rev. Neurosci.
15, 732-744 (2014).

. Pastalkova, E., Itskov, V., Amarasingham, A. &

Buzsaki, G. Internally generated cell assembly
sequences in the rat hippocampus. Science 321,
1322-1327 (2008).

. MacDonald, C. J., Lepage, K. Q., Eden, U. T. &

Eichenbaum, H. Hippocampal ‘time cells’ bridge the
gap in memory for discontiguous events. Neuron 71,
737-749 (2011).

. Kraus, B. J., Robinson, R. J. 2nd, White, J. A.,

Eichenbaum, H. & Hasselmo, M. E. Hippocampal ‘time
cells’: time versus path integration. Neuron 78,
1090-1101 (2013).

. Naya, Y. & Suzuki, W. A. Integrating what and when

across the primate medial temporal lobe. Science
333, 773-776 (2011).

NATURE REVIEWS | NEUROSCIENCE

VOLUME 22 | OCTOBER 2021 | 647


https://doi.org/10.1101/2020.12.29.424583
https://arxiv.org/abs/1701.04893

PERSPECTIVES

116.

117.

118.

119.

120.

122.

12

8N

124.

125.

126.

127.

128.

129.

130.

13

132.

133.

134,

135.

136.

13

~

139.

140.

14

142.

Sakon, J. J., Naya, Y., Wirth, S. & Suzuki, W. A.
Context-dependent incremental timing cells in the
primate hippocampus. Proc. Natl Acad. Sci. USA 111,
18351-18356 (2014).

Gill, P. R., Mizumori, S. J. Y. & Smith, D. M.
Hippocampal episode fields develop with learning.
Hippocampus 21, 1240-1249 (2011).

Sun, C., Yang, W., Martin, J. & Tonegawa, S.
Hippocampal neurons represent events as
transferable units of experience. Nat. Neurosci. 23,
651-663 (2020).

Klukas, M., Lewis, M. & Fiete, I. Efficient and flexible
representation of higher-dimensional cognitive
variables with grid cells. PLoS Comput. Biol. 16,
1007796 (2020).

Buffalo, E. A. Bridging the gap between spatial

and mnemonic views of the hippocampal formation.
Hippocampus 25, 713-718 (2015).

. Kornienko, O., Latuske, P., Bassler, M., Kohler, L.

& Allen, K. Non-rhythmic head-direction cells in the
parahippocampal region are not constrained by
attractor network dynamics. eLife 7, e35949 (2018).
Muessig, L., Hauser, J., Wills, T. J. & Cacucci, F. A
developmental switch in place cell accuracy coincides
with grid cell maturation. Neuron 86, 1167-1173
(2015).

. Langston, R. F. et al. Development of the spatial

representation system in the rat. Science 328,
1576—1580 (2010).

Wills, T. J., Cacucci, F., Burgess, N. & O’Keefe, J.
Development of the hippocampal cognitive map in
preweanling rats. Science 328, 1573—-1576 (2010).
Tan, H. M., Wills, T. J. & Cacucci, F. The development
of spatial and memory circuits in the rat. Wiley
Interdiscip. Rev. Cogn. Sci https://doi.org/10.1002/
wes. 1424 (2017).

Bonnevie, T. et al. Grid cells require excitatory drive
from the hippocampus. Nat. Neurosci. 16, 309-317
(2013).

Almog, N. et al. During hippocampal inactivation, grid
cells maintain synchrony, even when the grid pattern is
lost. eLife 8, e47147 (2019).

Agmon, H. & Burak, Y. A theory of joint attractor
dynamics in the hippocampus and the entorhinal
cortex accounts for artificial remapping and grid cell
field-to-field variability. eLife 9, e56894 (2020).
Castro, L. & Aguiar, P. A feedforward model for the
formation of a grid field where spatial information is
provided solely from place cells. Biol. Cybern. 108,
133-143 (2014).

Kropff, E. & Treves, A. The emergence of grid cells:
intelligent design or just adaptation? Hippocampus
18, 1256-1269 (2008).

. Weber, S. N. & Sprekeler, H. Learning place cells, grid

cells and invariances with excitatory and inhibitory
plasticity. eLife 7, e34560 (2018).

Si, B. & Treves, A. A model for the differentiation
between grid and conjunctive units in medial entorhinal
cortex. Hippocampus 23, 1410—-1424 (2013).

Samu, D., Eros, P., Ujfalussy, B. & Kiss, T. Robust path
integration in the entorhinal grid cell system with
hippocampal feed-back. Biol. Cybern. 101, 19-34
(2009).

Renno-Costa, C. & Tort, A. B. L. Place and grid cells in
a loop: implications for memory function and spatial
coding. J. Neurosci. 37, 8062-8076 (2017).

de Cothi, W. & Barry, C. Neurobiological successor
features for spatial navigation. Hippocampus 30,
1347-1355 (2020).

Stachenfeld, K. L., Botvinick, M. M. & Gershman, S. J.
The hippocampus as a predictive map. Nat. Neurosci.
20, 1643-1653 (2017).

. Dordek, Y., Soudry, D., Meir, R. & Derdikman, D.

Extracting grid cell characteristics from place cell
inputs using non-negative principal component
analysis. eLife 5, e10094 (2016).

. Kurikawa, T., Mizuseki, K. & Fukai, T. Oscillation-driven

memory encoding, maintenance, and recall in an
entorhinal-hippocampal circuit model. Cereb. Cortex
31,2038-2057 (2020).

Buzsaki, G. Theta oscillations in the hippocampus.
Neuron 33, 325-340 (2002).

Tamamaki, N. & Nojyo, Y. Preservation of topography
in the connections between the subiculum, field CA1,
and the entorhinal cortex in rats. J. Comp. Neurol.
353, 379-390 (1995).

. Cenquizca, L. A. & Swanson, L. W. Spatial organization

of direct hippocampal field CA1 axonal projections to
the rest of the cerebral cortex. Brain Res. Rev. 56,
1-26 (2007).

Kloosterman, F., Van Haeften, T., Witter, M. P.

& Lopes da Silva, F. H. Electrophysiological

143.

144.

145.

146.

147.

148.

149.

150.

152.

153.

154.

155.

156.

158.

159.

160.

162.

163.

164.

165.

166.

167.

characterization of interlaminar entorhinal connections:

an essential link for re-entrance in the hippocampal —
entorhinal system. Eur. J. Neurosci. 18, 3037-3052
(2003).

Beed, P. et al. Analysis of excitatory microcircuitry in
the medial entorhinal cortex reveals cell-type-specific
differences. Neuron 68, 1059-1066 (2010).
Lovett-Barron, M. & Losonczy, A. Circuits supporting
the grid. Nat. Neurosci. 16, 255-257 (2013).
Villette, V., Malvache, A., Tressard, T., Dupuy, N.

& Cossart, R. Internally recurring hippocampal
sequences as a population template of spatiotemporal
information. Neuron 88, 357-366 (2015).
Robinson, N. T. M. et al. Medial entorhinal cortex
selectively supports temporal coding by hippocampal
neurons. Neuron 94, 677-688.e6 (2017).

Ekstrom, A. D., Harootonian, S. K. & Huffman, D. J.
Grid coding, spatial representation, and navigation:
should we assume an isomorphism? Hippocampus
30, 422-432 (2020).

Dragoi, G. & Buzsaki, G. Temporal encoding of place
sequences by hippocampal cell assemblies. Neuron
50, 145-157 (2006).

Foster, D. J. & Wilson, M. A. Hippocampal theta
sequences. Hippocampus 17, 1093—-1099 (2007).
Skaggs, W. E., McNaughton, B. L., Wilson, M. A. &
Barnes, C. A. Theta phase precession in hippocampal
neuronal populations and the compression of
temporal sequences. Hippocampus 6, 149—-172
(1996).

. Buzsaki, G. Neural syntax: cell assemblies,

synapsembles, and readers. Neuron 68, 362—-385
(2010).

Zutshi, |., Leutgeb, J. K. & Leutgeb, S. Theta sequences
of grid cell populations can provide a movement-
direction signal. Curr. Opn. Behav. Sci. 17, 147-154
(2017).

Kang, L. & DeWeese, M. R. Replay as wavefronts
and theta sequences as bump oscillations in a grid
cell attractor network. eLife 8, e46351 (2019).
Hafting, T., Fyhn, M., Bonnevie, T., Moser, M.-B.

& Moser, E. I. Hippocampus-independent phase
precession in entorhinal grid cells. Nature 453,
1248-1252 (2008).

Schlesiger, M. |. et al. The medial entorhinal cortex is
necessary for temporal organization of hippocampal
neuronal activity. Nat. Neurosci. 18, 1123-1132
(2015).

Feng, T., Silva, D. & Foster, D. J. Dissociation
between the experience-dependent development of
hippocampal theta sequences and single-trial phase
precession. J. Neurosci. 35, 4890-4902 (2015).

. Wang, Y., Romani, S., Lustig, B., Leonardo, A. &

Pastalkova, E. Theta sequences are essential for
internally generated hippocampal firing fields.

Nat. Neurosci. 18, 282-288 (2015).

Robbe, D. & Buzsaki, G. Alteration of theta timescale
dynamics of hippocampal place cells by a cannabinoid
is associated with memory impairment. J. Neurosci.
29, 12597-12605 (2009).

Bolding, K. A., Ferbinteanu, J., Fox, S. E. & Muller, R. U.
Place cell firing cannot support navigation without
intact septal circuits. Hippocampus 30, 175-191
(2020).

Siegle, J. H. & Wilson, M. A. Enhancement of encoding
and retrieval functions through theta phase-specific
manipulation of hippocampus. eLife 3, e03061
(2014).

. Yartsev, M. M., Witter, M. P. & Ulanovsky, N. Grid cells

without theta oscillations in the entorhinal cortex of
bats. Nature 479, 103—107 (2011).

Qasim, S. E., Fried, I. & Jacobs, J. Phase precession
in the human hippocampus and entorhinal cortex.
Preprint at bioRxiv https://doi.org/10.1101/
2020.09.06.285320 (2020).

Killian, N. J., Jutras, M. J. & Buffalo, E. A. A map of
visual space in the primate entorhinal cortex. Nature
491,761-764 (2012).

Hollup, S. A., Molden, S., Donnett, J. G., Moser, M. B.
& Moser, E. I. Accumulation of hippocampal place
fields at the goal location in an annular watermaze
task. J. Neurosci. 21, 1635-1644 (2001).

Dupret, D., O'Neill, J., Pleydell-Bouverie, B. &
Csicsvari, J. The reorganization and reactivation

of hippocampal maps predict spatial memory
performance. Nat. Neurosci. 13, 995-1002 (2010).
Momennejad, I. Learning structures: predictive
representations, replay, and generalization. Curr. Opin.
Behav. Sci. 32, 155-166 (2020).

Frank, L. M., Brown, E. N. & Wilson, M. Trajectory
encoding in the hippocampus and entorhinal cortex.
Neuron 27, 169-178 (2000).

168.

169.

170.

~

172.

173.

174.

17

a1

176.

177.

178.

179.

180.

18

18

183.

184.

185.

186.

18

~

188.

189.

190.

19

192.

]

Lipton, P. A., White, J. A. & Eichenbaum, H.
Disambiguation of overlapping experiences by
neurons in the medial entorhinal cortex. J. Neurosci.
27,5787-5795 (2007).

Wood, E. R., Dudchenko, P. A, Robitsek, R. J.

& Eichenbaum, H. Hippocampal neurons encode
information about different types of memory episodes
occurring in the same location. Neuron 27, 623-633
(2000).

Grieves, R. M., Wood, E. R. & Dudchenko, P. A. Place
cells on a maze encode routes rather than destinations.
elife 5,e15986 (2016).

. Ferbinteanu, J. & Shapiro, M. L. Prospective and

retrospective memory coding in the hippocampus.
Neuron 40, 1227-1239 (2003).

McNamee, D. C., Stachenfeld, K. L., Botvinick, M. M.
& Gershman, S. J. Flexible modulation of sequence
generation in the entorhinal—hippocampal system.
Nat. Neurosci. https://doi.org/10.1038/s41593-
021-00831-7 (2021).

Hales, J. B. et al. Medial entorhinal cortex lesions
only partially disrupt hippocampal place cells and
hippocampus-dependent place memory. Cell Rep. 9,
893-901 (2014).

Miller, V. M. & Best, P. J. Spatial correlates of
hippocampal unit activity are altered by lesions

of the fornix and entorhinal cortex. Brain Res. 194,
311-323 (1980).

. Schlesiger, M. 1., Boublil, B. L., Hales, J. B., Leutgeb, J. K.

& Leutgeb, S. Hippocampal global remapping can
occur without input from the medial entorhinal cortex.
Cell Rep. 22, 3152-3159 (2018).

Van Cauter, T., Poucet, B. & Save, E. Unstable CA1
place cell representation in rats with entorhinal cortex
lesions. Eur. J. Neurosci. 27, 1933—1946 (2008).
Miao, C. et al. Hippocampal remapping after partial
inactivation of the medial entorhinal cortex. Neuron
88,590-603 (2015).

Rueckemann, J. W. et al. Transient optogenetic
inactivation of the medial entorhinal cortex biases

the active population of hippocampal neurons.
Hippocampus 26, 246-260 (2016).

Navawongse, R. & Eichenbaum, H. Distinct pathways
for rule-based retrieval and spatial mapping of
memory representations in hippocampal neurons.

J. Neurosci. 33, 1002—-1013 (2013).

Ormond, J. & McNaughton, B. L. Place field expansion
after focal MEC inactivations is consistent with loss

of Fourier components and path integrator gain
reduction. Proc. Natl Acad. Sci. USA 112, 4116-4121
(2015).

. Zhao, R. et al. Impaired recall of positional memory

following chemogenetic disruption of place field
stability. Cell Rep. 16, 793-804 (2016).

Mallory, C. S., Hardcastle, K., Bant, J. S. &

Giocomo, L. M. Grid scale drives the scale and
long-term stability of place maps. Nat. Neurosci. 21,
270-282 (2018).

Brandon, M. P., Koenig, J., Leutgeb, J. K. &

Leutgeb, S. New and distinct hippocampal place codes
are generated in a new environment during septal
inactivation. Neuron 82, 789-796 (2014).
Wallenstein, G. V., Eichenbaum, H. & Hasselmo, M. E.
The hippocampus as an associator of discontiguous
events. Trends Neurosci. 21, 317-323 (1998).

Levy, W. B. A sequence predicting CA3 is a flexible
associator that learns and uses context to solve
hippocampal-like tasks. Hippocampus 6, 579-590
(1996).

Giocomo, L. M. Environmental boundaries as a
mechanism for correcting and anchoring spatial maps.
J. Physiol. 594, 6501-6511 (2016).

. Dombeck, D. A., Harvey, C. D., Tian, L., Looger, L. L.

& Tank, D. W. Functional imaging of hippocampal
place cells at cellular resolution during virtual
navigation. Nat. Neurosci. 13, 1433-1440 (2010).
Ziv, Y. et al. Long-term dynamics of CA1 hippocampal
place codes. Nat. Neurosci. 16, 264—-266 (2013).
McKenzie, S. & Buzsaki, G. Micro-, Meso- and Macro-
Dynamics of the Brain (eds Buzsaki, G. & Christen, Y.
1-21 (Springer, 2016).

Munn, R. G. K., Mallory, C. S., Hardcastle, K.,
Chetkovich, D. M. & Giocomo, L. M. Entorhinal
velocity signals reflect environmental geometry.

Nat. Neurosci. 23, 239-251 (2020).

. Muller, R. U. & Kubie, J. L. The effects of changes in

the environment on the spatial firing of hippocampal
complex-spike cells. J. Neurosci. 7, 1951-1968
(1987).

Gothard, K. M., Skaggs, W. E. & McNaughton, B. L.
Dynamics of mismatch correction in the hippocampal
ensemble code for space: interaction between path

648 | OCTOBER 2021 | VOLUME 22

www.nature.com/nrn


https://doi.org/10.1002/wcs.1424
https://doi.org/10.1002/wcs.1424
https://doi.org/10.1101/2020.09.06.285320
https://doi.org/10.1101/2020.09.06.285320
https://doi.org/10.1038/s41593-021-00831-7
https://doi.org/10.1038/s41593-021-00831-7

193.

194.

195.

196.

197.

198.

199.

200.

20

203.

204.

integration and environmental cues. J. Neurosci. 16,
8027-8040 (1996).

Diba, K. & Buzsaki, G. Hippocampal network
dynamics constrain the time lag between pyramidal
cells across modified environments. J. Neurosci. 28,
13448-13456 (2008).

Sheehan, D. J., Charczynski, S. & Fordyce, B. A.

A compressed representation of spatial distance in

the rodent hippocampus. Preprint at bioRxiv https://
doi.org/10.1101/2021.02.15.431306 (2021).
Shimbo, A., Izawa, E.-I. & Fujisawa, S. Scalable
representation of time in the hippocampus. Sci. Adv.
7, eabd7013 (2021).

Kubie, J. L., Levy, E. R. J. & Fenton, A. A. Is hippocampal
remapping the physiological basis for context?
Hippocampus 30, 851-864 (2020).

Warren, W. H., Rothman, D. B., Schnapp, B. H.

& Ericson, J. D. Wormholes in virtual space: from
cognitive maps to cognitive graphs. Cognition 166,
152-163 (2017).

Gupta, A. S., van der Meer, M. A. A, Touretzky, D. S.
& David Redish, A. Segmentation of spatial experience
by hippocampal theta sequences. Nat. Neurosci. 15,
1032-1039 (2012).

Wikenheiser, A. M. & Redish, A. D. Hippocampal theta
sequences reflect current goals. Nat. Neurosci. 18,
289-294 (2015).

Johnson, A. & Redish, A. D. Neural ensembles in CA3
transiently encode paths forward of the animal at a
decision point. J. Neurosci. 27, 12176-12189 (2007).

. Kay, K. et al. Constant sub-second cycling between

representations of possible futures in the
hippocampus. Cell 180, 552-567 (2020).

. Gupta, A. S., van der Meer, M. A, Touretzky, D. S.

& Redish, A. D. Segmentation of spatial experience
by hippocampal theta sequences. Nat. Neurosci. 15,
1032-1039 (2012).

Whittington, J. C. R. et al. The Tolman-Eichenbaum
machine: unifying space and relational memory
through generalization in the hippocampal formation.
Cell 183, 1249-1263.e23 (2020).

Momennejad, I. et al. The successor representation

in human reinforcement learning. Nat. Hum. Behav. 1,
680-692 (2017).

. Dayan, P. Improving generalization for temporal

difference learning: the successor representation.
Neural Comput. 5, 613-624 (1993).

. Dabaghian, Y., Mémoli, F,, Frank, L. & Carlsson, G.

A topological paradigm for hippocampal spatial map
formation using persistent homology. PLoS Comput.
Biol. 8,e1002581 (2012).

. Chen, Z., Gomperts, S. N., Yamamoto, J. & Wilson, M. A.

Neural representation of spatial topology in the rodent
hippocampus. Neural Comput. 26, 1-39 (2014).

. Curto, C. & ltskov, V. Cell groups reveal structure of

stimulus space. PLoS Comput. Biol. 4, 1000205
(2008).

209.

210.

211.

212.

213.

214.

215.

216.

217.

218.

219.

224.

225.

Eichenbaum, H. & Cohen, N. J. Can we reconcile the
declarative memory and spatial navigation views on
hippocampal function? Neuron 83, 764—770 (2014).
Mok, R. M. & Love, B. C. A non-spatial account of
place and grid cells based on clustering models

of concept learning. Nat. Commun. 10, 5685 (2019).
Savelli, F,, Yoganarasimha, D. & Knierim, J. J.
Influence of boundary removal on the spatial
representations of the medial entorhinal cortex.
Hippocampus 18, 1270-1282 (2008).

Solstad, T., Boccara, C. N., Kropff, E., Moser, M. B. &
Moser, E. |. Representation of geometric borders in the
entorhinal cortex. Science 322, 1865-1868 (2008).
Taube, J. S., Muller, R. U. & Ranck, J. B. Jr Head-
direction cells recorded from the postsubiculum in
freely moving rats. . Description and quantitative
analysis. J. Neurosci. 10, 420—435 (1990).
Buetfering, C., Allen, K. & Monyer, H. Parvalbumin
interneurons provide grid cell-driven recurrent
inhibition in the medial entorhinal cortex.

Nat. Neurosci. 17, 710-718 (2014).

Dhillon, A. & Jones, R. S. Laminar differences in
recurrent excitatory transmission in the rat entorhinal
cortex in vitro. Neuroscience 99, 413-422 (2000).
Fuchs, E. C. et al. Local and distant input controlling
excitation in layer Il of the medial entorhinal cortex.
Neuron 89, 194-208 (2016).

Winterer, J. et al. Excitatory microcircuits within
superficial layers of the medial entorhinal cortex.

Cell Rep. 19, 1110-1116 (2017).

Sun, C. et al. Distinct speed dependence of entorhinal
island and ocean cells, including respective grid cells.
Proc. Natl Acad. Sci. USA 112, 9466-9471 (2015).
Tang, Q. et al. Pyramidal and stellate cell specificity
of grid and border representations in layer 2 of medial
entorhinal cortex. Neuron 84, 1191-1197 (2014).

. Alonso, A. & Klink, R. Differential electroresponsiveness

of stellate and pyramidal-like cells of medial entorhinal
cortex layer Il. J. Neurophysiol. 70, 128—143 (1993).

. Canto, C. B. & Witter, M. P. Cellular properties of

principal neurons in the rat entorhinal cortex.
11. The medial entorhinal cortex. Hippocampus 22,
1277-1299 (2012).

. Ohara, S. et al. Intrinsic projections of layer Vb

neurons to layers Va, Ill, and Il in the lateral and
medial entorhinal cortex of the rat. Cell Rep. 24,
107-116 (2018).

. Surmeli, G. et al. Molecularly defined circuitry reveals

input-output segregation in deep layers of the medial
entorhinal cortex. Neuron 88, 1040—-1053 (2015).
Giocomo, L. M., Moser, M. B. & Moser, E. I.
Computational models of grid cells. Neuron 71,
589-603 (2011).

Van Strien, N. M., Cappaert, N. L. M. & Witter, M. P.
The anatomy of memory: an interactive overview

of the parahippocampal — hippocampal network.
Nat. Rev. Neurosci. 10, 272-282 (2009).

PERSPECTIVES

22

(o]

. Kitamura, T. et al. Island cells control temporal
assication memory. Science 343, 896-901 (2014).
Ray, S. et al. Grid-layout and theta-modulation of layer 2
pyramidal neurons in medial entorhinal cortex.
Science 343, 891-896 (2014).

Deadwyler, S. A., West, J. R., Cotman, C. W. & Lynch, G.

Physiological studies of the reciprocal connections

between the hippocampus and entorhinal cortex.

Exp. Neurol. 49, 35-57 (1975).

Witter, M. P., Wouterlood, F. G., Naber, P. A.

& Van Haeften, T. Anatomical organization of the

parahippocampal-hippocampal network. Ann. NY

Acad. Sci. 911, 1-24 (2000).

. Rowland, D. C. et al. Transgenically targeted rabies
virus demonstrates a major monosynaptic projection
from hippocampal area CA2 to medial entorhinal
layer Il neurons. J. Neurosci. 33, 14889—-14898
(2013).

. Canto, C. B., Wouterlood, F. G. & Witter, M. P.

What does the anatomical organization of the
entorhinal cortex tell us? Neural Plast. 2008, 381243
(2008).

227.

228.

229.

23

Acknowledgements

The authors thank A. Alexander, L. Rangel, T. Fisher,
M. Klukas, W. Mau and E. Aery Jones for comments on the
original manuscript and helpful discussion. The authors also
thank the reviewers for their thoughtful and constructive crit-
icism, which helped improve the manuscript. This work was
supported by the Helen Hay Whitney Foundation for M.S., by
the US Office of Naval Research (NOO141812690), the
Simons Foundation (542987SPI), the Vallee Foundation and
the James S McDonnell Foundation for L.M.G and by the
McKnight Foundation, the Simons Foundation, the NIH Office
of the Director (P51 OD010425), the US National Institute of
Neurological Disorders and Stroke (UT9NS107609) and the
US National Institute of Mental Health (MH0O80007 and
MH117777) for E.A.B.

Author contributions
All authors contributed equally to the conceptualization
and writing of the manuscript.

Competing interests
The authors declare no competing interests.

Peer review information

Nature Reviews Neuroscience thanks C. Ranganath;
J. Whittington, who co-reviewed with T. Behrens; and the other,
anonymous, reviewer(s) for their contribution to the peer
review of this work.

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional
claims in published maps and institutional affiliations.

© Springer Nature Limited 2021

NATURE REVIEWS | NEUROSCIENCE

VOLUME 22 | OCTOBER 2021 | 649


https://doi.org/10.1101/2021.02.15.431306
https://doi.org/10.1101/2021.02.15.431306

	The grid code for ordered experience

	Continuous attractor networks

	MEC and hippocampus connectivity underlying CAN dynamics

	The PI-​CAN model. 

	Evaluating the PI-​CAN framework

	Data consistent with the PI-​CAN model. 
	Spatial data requiring an update of the PI-​CAN model. 
	Spatial data unanticipated by the PI-​CAN model. 
	Non-​spatial data unanticipated by the PI-​CAN model. 
	Incongruity of abstract feature spaces with CAN dynamics


	A revised CAN model

	Hippocampal input shapes activity in the MEC CAN. 
	The MEC–hippocampus loop drives network activity in time. 
	The MEC–hippocampus loop builds the topology of experience. 
	Bridging salient stimuli through the MEC–hippocampus loop. 
	Temporal contiguity defines the ordered topology. 
	Testable predictions of the revised CAN model


	Conclusions

	Acknowledgements

	Fig. 1 Representations that are hypothesized to be supported by grid cells.
	Fig. 2 Topological representations in the spike order of theta sequences.




