eLife

Reviewed Preprint

Published from the original
preprint after peer review
and assessment by eLife.

About eLife's process

Reviewed preprint version 1
March 28, 2024 (this version)

Sent for peer review
January 16, 2024

Posted to preprint server
January 5, 2024

Neuroscience

The Primary Function of MTL is
Memory, not Navigation: Grid Cells are
Non-spatial (what) and Place Cells are
Memories (what and where) that Cause
Grid Fields through Retrieval

David E. Huber

University of Colorado, Boulder

3 https://en.wikipedia.org/wiki/Open_access
© Copyright information

Abstract

A theory and neurocomputational model are presented that explain grid cell responses as the
byproduct of equally dissimilar hippocampal memories. On this account, place and grid cells
are not best understood as providing a navigational system. Instead, place cells represent
memories that are conjunctions of both spatial and non-spatial attributes, and grid cells
primarily represent the non-spatial attributes (e.g., odors, surface texture, etc.) found
throughout the two-dimensional recording enclosure. Place cells support memories of the
locations where non-spatial attributes can be found (e.g., positions with a particular odor),
which are arranged in a hexagonal lattice owing to memory encoding and consolidation
processes (pattern separation) as applied to situations in which the non-spatial attributes are
found at all locations of a two-dimensional surface. Grid cells exhibit their spatial firing
pattern owing to feedback from hippocampal place cells (i.e., a hexagonal pattern of
remembered locations for the non-spatial attribute represented by a grid cell). The model
explains: 1) grid fields that appear to be centered outside the box; 2) the toroidal nature of
grid field representations; 3) grid field alignment with the enclosure borders; 4) modules in
which grid cells have the same orientation and spacing but different phases; 5) head
direction conjunctive grid cells that become simple head direction cells in the absence of
hippocampal feedback; 6) the instant existence of grid fields in a novel environment; 7) the
slower learning of place cells; 8) the manner in which head direction sensitivity of place cells
changes near borders and in narrow passages; 9) the kinds of changes that underlie
remapping of place cells; and 10) grid-like responses for two-dimensional coordinate systems
other than navigation.
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This important paper provides solid evidence for an alternative conceptualization of
the functional role of the place and grid cell network in the medial temporal lobe for
memory as opposed to spatial processing or navigation. The theory accounts for
many experimental results and generates predictions for future studies. The theory's
simplicity and potential explanatory power will be of interest to researchers in this
field. The impact of the work at present is limited by insufficient evidence for the
advantage of this model over prior models, especially as the theory does not appear
to fit with some well-established existing data.

Introduction

According to the human neuropsychological literature and primate studies, the primary function
Squire & Zola-Morgan, 1991 ). However, when studying rodent behavior, the MTL is often
associated with spatial navigation (Moser et al., 20087 ; O'Keefe, 1976 (%). There are some studies
reporting spatial navigation cells in human MTL (Doeller et al., 20102 ; e.g., Jacobs et al., 2013(%)
and some studies reporting non-spatial cell types in rodent MTL (e.g., Aronov et al., 2017 @), but
these findings are exceptions to the general trends in the literature. It is possible that these general
trends are accurate, with the MTL playing different roles in different species, as might be the case
if primitive spatial networks were coopted for representing concepts and memories in humans
(Buzséaki & Moser, 2013 @ ; Milivojevic & Doeller, 2013 ). Alternatively, these general trends may
reflect researchers’ use of different behavioral tasks for each species out of convenience - it is
difficult to ask rodents to recall events, and it is typically not possible to study humans wandering
in large open spaces while recording brain activity. However, if the MTL is fundamentally a
memory structure designed to remember what happened and where it happened, it may be that
different behavioral tasks appear to identify different functions for the MTL because they focus on
either the what or the where of the situation, rather than the conjunction of these attributes.
Supporting this view, there is ample evidence that spatial location is a powerful episodic retrieval
cue (Godden & Baddeley, 1975 %; Roediger, 19802).

Before presenting this theory in greater detail, I give an example in which a memory conjunction
can produce a place cell response, depending on how one analyzes the situation. On the day that I
turned 18, I was driving to my parents’ home in eastern Massachusetts. Without warning, the
front-right ball joint broke and the car tipped onto the road surface. Miraculously, the car safely
drifted to a stop in the breakdown lane and I was unharmed. This is a vivid memory of a specific
conjunction of attributes, including the exact place on Route 2 where the accident occurred. In the
decades since, I have thought of this episode at various times. Of particular relevance to this
memory account of hippocampal place cells, I always think of this episode when passing that
location when traveling along Route 2. If you recorded from one of the hippocampal cells that
represents this memory, that cell would appear to be a place cell for a specific location along Route
2. Furthermore, if you put an electrode in one of my cells that represents the concept of car
accident, it would systematically respond at that location as well as at other locations of notable
accidents (e.g., not one place, but multiple places, similar to a grid cell).

The proposal that hippocampus represents the multimodal conjunctions that define an episode is
not new (Marr et al., 1991 @; Sutherland & Rudy, 1989 (?). This view of the hippocampus is
consistent with “feature in place” results (O’Keefe & Krupic, 2021 ) in which hippocampal cells
respond to the conjunction of a non-spatial attribute affixed to a specific location, rather than

David E. Huber, 2024 eLife. https://doi.org/10.7554/eLife.95733.1 2 of 55


https://doi.org/10.7554/eLife.95733.1

7 eLife

responding more generically to any instance of a non-spatial attribute. In other words, the
what/where conjunction is unique. However, this memory conjunction view of the MTL must be
reconciled with the rodent electrophysiology finding that most cells in MTL appear to have
receptive fields related to some aspect of spatial navigation (Boccara et al., 2010 ; Grieves &
Jeffery, 2017 @). In brief, if the majority of the cells in the hippocampus and medial entorhinal

vector cells (Hgydal et al., 2019(%), how can it be that the MTL is primarily a memory structure?

The paucity of non-spatial cells in MTL could be explained if grid cells have been mischaracterized
as spatial. On this account, each grid cell represents some non-spatial attribute (e.g., a particular
food) and place cells mark where the non-spatial attribute can be found (e.g., memory of where to
find that food). Because the non-spatial properties are not manipulated in a typical rodent
navigation study, I give them the generic label K, and future studies are needed to determine the
bottom-up non-spatial receptive fields that specify the non-spatial attributes K (e.g., see Aronov et

On this account, each place cell represents the conjunction of one or more non-spatial attributes
and a specific location where those attributes can be found (which might be everywhere within
the enclosure), and each grid cells represent the presence of a particular non-spatial attribute.

In naturalistic situations, different attributes (i.e., different K) are positioned in specific places in
the environment (e.g., a large tree that serves as a landmark). However, rodent navigation studies
often use homogenous environments in which the non-spatial attributes are found everywhere. In
this case, any attribute found in the environment (e.g., a particular odor), will be one that is found
everywhere in the enclosure. If the non-spatial attribute is found everywhere in the enclosure, the
memories of where that attribute can be found will uniformly tile the space of the enclosure.
Furthermore, grid cells representing that attribute will be more strongly active in the place field
centers of the memories that tiles the space, owing to feedback from place cells —i.e., there is a
place cell that is the cause of each separate grid field and the corresponding place cell becomes
active owing to memory retrieval of the properties associated with that place.

In a typical rodent grid cell experiment, the what of the situation includes many possible factors
(i.e., many K) found throughout a two-dimensional navigation surface - e.g., odor, lighting,
temperature, surface texture, etc. — as well as many episodic factors that are relatively constant
during the recording session - e.g., morning/evening, human experimenter, state of satiety, etc.
Given the sameness of the non-spatial factors during the recording session, the only thing that
differentiates one memory from another is where each memory occurred. This reduces the array
of memories to a two-dimensional plane, resulting in a discrete grid of memories, with each place
cell capturing a different memory in a different location, and each grid cell modulating its activity
as the animal traverses the enclosure, with each location triggering an associated memory.

Figure 12 shows the core hypothesis of this proposal, which assumes that the bottom-up
receptive fields of grid cells in medial entorhinal cortex (mEC) are non-spatial attributes found
throughout the two-dimensional surface. For instance, all positions in the enclosure might have
the same odor. Because the odor is found everywhere in the box, the mEC cell that detects that
odor fires preferentially at the positions where the cell also receives feedback from place cells
representing associated memories (Figure 1A%). More specifically, an mEC grid cell experiences
constant bottom-up excitatory input combined with top-down memory feedback that is stronger in
particular remembered locations. Rather than firing at a constant high rate regardless of location,
the cell adopts an adjusted firing threshold owing to inhibitory interneurons and divisive
normalization (Bhatia et al., 201972 ; Carandini & Heeger, 2012 ; Olsen et al., 2010%) such that
the cell primarily modulates its activity as a function of top-down memory feedback (because the
attribute is found everywhere, the only source of variability in the cell’s response is the magnitude
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of memory feedback). The memories providing this feedback are encoded by hippocampal place
cells, which reflect the conjunction of what happened (the non-spatial attribute of a particular grid
cell) and where it happened (one position versus another position in the box). As the animal
navigates (gray curved arrow), the current location cues prior memories that occurred in that
location, which might be memories that were created just seconds or minutes ago (“here I am
again in the middle of the box, which still has that same odor”). Thus, the finding that the mEC
contains a high percentage of grid cells (Boccara et al., 2010 %) might be an artifact of an
experimental paradigm in which nothing of interest varies aside from position.

A  Place Cells (memory for what and where) B Equally Dissimilar Memories

o N\

mEC Grid Cell l
(non-spatial what found everywhere in box)

Figure 1.

Proposed relationship between grid cells and place cells. Each place cell captures the conjunction of what happened
and where it happened. (A) When revisiting a position, the memory associated with that position is retrieved,
providing feedback to the non-spatial what cells (e.g., the odor of the box), which reside in medial entorhinal cortex
(mEC). Because the non-spatial attribute is common to all positions (e.g., it is the same odor everywhere), and
because various mechanisms ensure that cells avoid firing constantly at their maximum possible rate during the
entire recording session, grid cells fire preferentially in the locations of each memory. (B) If memories are formed
whenever the current situation is sufficiently different from prior situations, this results in a hexagonally arranged
grid of place cells that tile the two-dimensional surface because the only thing that varies in a typical navigation
experiment is X/Y location; each memory is formed whenever prior memories are sufficiently far away (the circles

represent a fixed dissimilarity between memories).

Memory encoding is more likely to occur in novel situations (Tulving et al., 1996 (@) whereas
retrieval occurs in familiar situations (Howard et al., 2005 ), where “familiar” includes situations
that might have occurred just a few seconds ago. Combining these memory principles leads to a
regularly spaced array of remembered positions (i.e., equally dissimilar memories) that is created
“on-the-fly” when navigating a novel two-dimensional plane that is unvarying in terms of its non-
spatial attributes (Figure 1B(2}). When first positioned in the enclosure, the animal creates a
memory of that position conjoined with the non-spatial attributes of the recording session. This
might be in the form of separate memories for each attribute K (e.g., particular odor), or it might
be a complex multidimensional memory (e.g., the combination of odor, surface texture, etc.). Once
the animal wanders sufficiently far from its initial position, the spatial attributes of the current
situation mismatch recently-encoded memories and the animal encodes a new memory. This
memory formation process continues until the animal has fully explored the box. When not
forming new memories, the animal retrieves recently-encoded memories — in other words, the
animal is either creating a memory of the non-spatial attributes associated with a new position or
remembering what exists at recently visited positions, with the current position cueing memory
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retrieval. Because the non-spatial attributes are constant throughout the two-dimensional surface,
this results in an array of discrete memory locations that is approximately hexagonal (as
explained in the Model Methods, an “online” memory consolidation process employing pattern
separation rapidly turns an approximately hexagonal array into one that is precisely hexagonal).
Because this array of memories is created on-the-fly, and because there is constant feedback from
newly created memories, the hexagonal layout of memories will appear to exist instantly upon
entry into the enclosure, as if it were a pre-existing representation designed to aid navigation. In
summary, the grid array of memories is rapidly created as the animal explores a novel
environment that is devoid of landmarks.

The foregoing account explains the core theory of this proposal. Providing an overview of the
findings and model predictions, Box 12 shows a list of results that are explained by this memory
model as well as other models, a list of results that are uniquely explained by this model, and a list
of predictions made by this model. Items on this list will be addressed in the model methods,
simulation results, and discussion.

Box 1

Results Explained by this Memory Model and Other
Models (no single other model explains all of these)

— grid fields can be centered outside the box

- grid is aligned with the walls of the box

- the immediate existence of the grid pattern

— the slower learning of place fields

- dependency of grid cells on hippocampal feedback

— grid cell modules

— grid pattern is disrupted in narrow passages

- partial versus global remapping of place cells

—place cell head direction sensitivity depends on distance to place center

- hexagonal grid patterns for non-spatial representations

Results Uniquely Explained by this Memory Model

- some grid cells become head direction cells w/o hippocampal feedback
— grid cells that are also sensitive to sound frequency

- the population code of grid cells lies on a torus

- place cell head direction sensitivity increases in narrow passages

— the absence of 3D grid cells for bats
Unique Predictions of this Memory Model, yet to be Tested

— sets of place cells (those representing the same properties) are arrayed in a grid

— all grid cells have non-spatial bottom-up receptive fields
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— all grid cells are conjunctive with one or more non-spatial property

— all grid cells revert to bottom-up receptive field in the absence of hippocampal feedback
—place cells centered at the same location have complementary head direction sensitivity
- stabilization of place fields depends on learning the borders of the enclosure

— separate regions containing different non-spatial properties produce different grids

—memories rapidly consolidate to become neither too similar nor too dissimilar

Model Methods

In developing a model implementation of the theory outlined in the introduction, auxiliary
assumptions (e.g., the shape of neural tuning functions, the manner in which X/Y locations are
perceived, the mechanism for memory consolidation, etc.) are needed to address the findings
listed in Box 12.

Combinations of Border Cells Specify Position
The model is a bidirectional two-layer network (Figure 2 %) in which border cells (Lever et al.,

2009; Solstad et al., 2008 @) — a.k.a., boundary cells - are the primary spatial input to
hippocampus that determines place coding. Three border cell dimensions capture values along
three allocentric directions of the two-dimensional surface. These position responses are
combined with other entorhinal inputs (head direction and non-spatial grid cells) to form a multi-
dimensional egocentric memory of where the non-spatial attributes occurred and which way the
animal was oriented at the time of memory formation. When a new memory is formed, a
hippocampal place cell (or more plausibly a population of cells) is recruited and the weights
connecting the place cell to the entorhinal inputs are set equal to the current input values
(Grossberg & Grossberg, 1982 2). This assumption is in keeping with the “hippocampal indexing
theory” of episodic memory (Teyler & Rudy, 2007%), and is a natural outcome of Hebbian learning
(Hebb, 2005 2).

These assumptions regarding border cells are based on the boundary vector cell (BVC) model of
Barry et al. (2006) (3. As in the BVC model, combinations of border cells encode where each
memory occurred in the real-world X/Y plane. For the model shown in Figure 24, this population
code of border cells is additionally combined with the response of head direction cells (Taube et

looking/headed (i.e., an egocentric memory). Thus, when including head direction, there is a three-
dimensional space in which memories may vary: X, Y, and head direction.

Similar to the BVC model, each border cell receptive field is defined relative to a particular border,
with a preferred allocentric distance to that border (e.g., 10 centimeters East of a border).
However, unlike the BVC model, not all border cells are assumed to be parallel to a border.
Instead, it is assumed that the border cells are pre-arranged into three non-orthogonal
dimensions, tipped 60 degrees apart (as explained below, this arrangement provides a basis set
that naturally calculates Euclidean distances between current position and remembered
positions). When the animal first enters a square enclosure, one of the three dimensions aligns
with the most salient wall, with the other two dimensions tipped at an angle relative to the
borders.

Unlike the BVC model, the boundary cell representation is sparsely populated using a basis set of
three cells for each of the three dimensions (i.e., 9 cells in total), such that for each of the three
non-orthogonal orientations, one cell captures one border, another the opposite border, and the
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Figure 2.

Assumed connectivity between place cells in hippocampus and border cells, head direction cells, and a grid cell in medial
entorhinal cortex. When a memory is formed, a place cell (e.g., p;) is recruited and the weights between the entorhinal inputs
and the place cells are set equal to the inputs (e.g., W;; for weights to p;), with j ranging over the 13 entorhinal inputs to
hippocampus. These weights are bidirectional, with feedback supporting memory recall. Because feedback modulates the
response of the grid cell, this produces a higher firing rate at positions where the non-spatial attribute is remembered. Code
for the model can be found at: https.//github.com/dhuber1968/GridCellMemoryModel ™% .
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third cell captures positions between the opposing borders (Solstad et al., 2008 2 ). However, this is
not a core assumption, and it is possible to configure the model with border cell configurations
that contain two opponent border cells per dimension, without needing to assume that any cells
prefer positions between the borders (with the current parameters, the model predicts there will
be two border cells for each between-border cell). Similarly, it is possible to configure the model
with more than 3 cells for each dimension (i.e., multiple cells representing positions between the
borders).

The assumed representational space is allocentric in the sense of aligning with the most salient
characteristic of either the interior of the enclosure (e.g., a straight wall), the exterior to the
enclosure (e.g., an external cue card), or some combination of the interior and exterior (e.g., an
external cue card by virtue of its alignment with a straight wall). As such, the model can explain
the finding that border cell representations rotate with rotation of the enclosure (but stay fixed
relative to the experimental room) in the case of a circular enclosure that lacks any salient
characteristics (Hafting et al., 2005 @ ). At the same time, the model can explain the finding that
border cell representations do not rotate for a square environment, unless the rotation is 90, 180,

et al., 2015@; Savelli et al., 2017®@).

Circular Basis Set for Each Dimension

In the model, basis sets of three neural tuning functions (i.e., three cells, each with a neural tuning
function centered on a different preferred input) provide an unbiased representation of each
dimension (i.e., one basis set for each dimension). An unbiased representation is defined as one
that can capture any position along the dimension with equivalent precision. For instance,
consider the dimension of color, with the three types of color photoreceptors providing a basis set
to identify all visible hues for human color vision. However, color discrimination/precision is not
unbiased as a function of hue because the preferred wavelength of the short-wavelength
photoreceptors is somewhat separated from the other two preferred wavelengths, which lie closer
together (Solomon & Lennie, 2007 %). In contrast to the biased representation of color, which is
constrained by the photochemical properties of photoreceptors, the model assumes that the
preferred positions of different border cells (or head direction cells) in the basis set are placed at
regularly spaced intervals.

Because memory formation sets the weights equal to entorhinal input responses, the important
metric for assessing bias is the sum of squares of the entorhinal input. More specifically, memory
retrieval strength is equal to the sum of squares of the input when revisiting a circumstance that
precisely matches the circumstance of memory formation (i.e., the input response values will be
equal to the weight values in such a circumstance). If this sum of squares of the entorhinal input is
not constant with location, then certain pre-defined positions would have the capacity to produce
stronger memories (e.g., a larger sum of squares) as compared to other pre-defined positions. Such
a situation would bias memory retrieval for some locations as compared to other locations,
regardless of prior experience. Thus, beyond equal spacing of preferred stimuli, an unbiased
representation also requires a particular shape for the tuning curve (e.g., how quickly firing rate
falls off with dissimilarity from preferring input) to provide a constant sum of squares. This is
achieved by assuming a sine wave shape for the tuning curves.

Because head direction is a circular dimension, it was assumed that all dimensions are circular.
This assumption was made to keep the model relatively simple. More specifically, the model
requires a weight normalization process to ensure that the pattern of weights for each dimension
corresponds to a possible input value along that dimension, and the assumption that all
dimensions are circular avoids the need to adopt different weight normalization processes for
some dimensions as compared to other dimensions, such as would occur if the entorhinal input
was a mixture of circular and linear dimensions.
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Each basis set that represents a dimension contains three equally spaced sine wave neural tuning
functions. Equation 1% is the neural response, r, of neuron, i, at dimension value, d (-1 < d < +1).
The preferred value, p;, for the tuning function produces the largest response. The three preferred
values for the three simulated neurons in the basis set are set to -2/3, 0, and +2/3, which span the
range from -1 to +1. The value of 1 is added to the cosine so that the neural tuning functions are

purely positive.
r;(d) = ?{1 + cosine[n(d — p;)]} (1)

Setting the constant equal to the square root of 2 divided by 3 ensures that the sum of squares of
the three sine waves is 1 across all values of the dimension (see Figure 3AZ for an example of the
three sine waves). Furthermore, the sum of the three sine waves is a constant square root of 2,
providing a constant level of input activity across the entorhinal inputs.

Memory Retrieval Strength is Proportional to Euclidean

Distance with Three Non- orthogonal Dimensions

Rather than a two-dimensional torus defined by orthogonal X/Y dimensions (Figure 3A %), the
model uses three non-orthogonal E/F/G circular dimensions (Figure 3C %), which define a space
that is a hexagonally connected 3-dimensional torus. With three non-orthogonal dimensions, the
similarity between memories is approximately Euclidean (Figure 3D 2) whereas with two
orthogonal dimensions, the similarity between memories follows a city-block metric. As a result,
orthogonal dimensions produce variable memory retrieval strength considering that the same
Euclidean distance corresponds to multiple city-block distances (Figure 3B ().

Memory Encoding and Retrieval Produces an Approximate Grid

Model simulations start the animal at a random location in the enclosure and at each time step,
the animal adopts a new random goal direction as compared to the last time step. The simulated
animal moves toward the new goal direction, but momentum dictates continuity across time steps.
This results in a random curved path that eventually visits all positions with all head directions.
An example path with 1,000 timesteps is shown in Figure 4C(%. A simulated recording session
involves 10,000 timesteps. Using the “Grid Score” measure developed by Solstad et al. (2008) (2,
even the first 1,000 time steps produce a fairly accurate hexagonal grid of memory positions. The
Grid Score measure compares the 2D spatial autocorrelation of the spike rate map to one that is
rotated by 60 or 120 degrees (sixfold symmetry for a hexagonal grid) versus one that is rotated 30,
90, or 150 degrees (fourfold symmetry for a square grid). Thus, a grid that is regular but square
rather than hexagonal produces a negative Grid Scores. A Grid Score of zero can occur either if the
spatial autocorrelation fails to exhibit any systematic grid or if the grid is halfway between square
and hexagonal.

Equation 2(% is the activation, act(p;), of memory, i, represented by place cell p;, based on input
responses from the 12 entorhinal cells, r;, that represent the current position (E/F/G) and head
direction (H), and the previously learned weights, w;;, between each input and the place cell. This
equation is divided by 4 because there are 4 dimensions of input (E/F/G/H), resulting in a situation
where memory activation is 1.0 if all weights exactly equal the input responses (i.e., perfect déja
vu). For simulations that do not include head direction, the summation in the numerator would be
over 9 weights (3 dimensions E/F/G) and the constant in the denominator would be 3. The
activation values for all place cells are then compared to the activation threshold, 8,, and if none is
above threshold, a new memory is formed by recruiting a new place cell, setting w;; = r; for all
weights connecting inputs to the new place cell.

12
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Figure 3.

Comparison between memory retrieval with two orthogonal dimensions (X/Y) versus three non-orthogonal dimensions
(E/F/G) that are 60 degrees apart. Each dimension is represented by a circular basis set with three equally spaced sine waves
with a period of 2. When a place cell is learned, the weights connecting each sine wave input and the place cells are set equal
to the input values. (A) In the case of orthogonal X/Y dimensions, this results in a pattern of 6 weight values (w; - w;) across
the two dimensions, as shown by the intersection of the red lines emanating from the position where the memory was
formed (the red dot) and the three sine waves for each dimension. After memory formation, the current position (green dot)
reactivates the memory based on the 6 current position response values (r; - rg), summing the multiplication of the response
values and the weight values. (B) The graph shows the result of randomly sampling 1,000 different memory positions and
retrieval positions, plotting retrieval strength as a function of Euclidean distance for each pair of positions. Retrieval strength
is variable with Euclidean distance because the sum across the two orthogonal dimensions is a city-block metric (e.g., the
same Euclidean distance can map onto multiple city-block distances). (C) To capture Euclidean distances, three non-
orthogonal dimensions (E/F/G) were used. (D) This produces a retrieval function that is approximately monotonic with
Euclidean distance.
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Memory encoding, memory consolidation, and an example sequence. (A) When first entering a novel environment, the
animal creates a memory of the non-spatial attributes of that environment (e.g., a particular odor) at each location where the
attribute is found. The gray curved arrow shows the random path taken by the simulated animal and the blue dots show the
positions where memories are created. The activation threshold, 8, (blue dashed circle), dictates whether previously created
memories are retrieved, or if none are retrieved, a new memory is formed. This produces a minimum distance between
memories. (B) The representations of memories are altered by an online consolidation process that produces unbiased
memory representations that tile the environment (i.e., a cognitive map). In this process, the most strongly active memory
(the yellow dot retrieved memory) is slightly altered in relation to competing memories that are also activated by the current
position (the red and green dots). Other memories (gray dots) remain inactive because they are too dissimilar to the current
position (outside the blue dashed circle centered on current position). After initial memory retrieval, the retrieved inputs are
used to activate the competing memories and this strength of activation of competitors is compared to a consolidation
threshold, 8, (yellow dashed circle, centered on retrieved memory), which is smaller than the activation threshold, such that
consolidation pushes memories to become maximally dissimilar (pattern separation). Competing memories that are more
active than the consolidation threshold (red dot) push the weights of the retrieved memory away from the competing
memory (red arrow). Competing memories that are less active than the consolidation threshold (green dot) pull the weights
of the retrieved memory towards the competing memory (green arrow). For memories arranged in two real-world
dimensions, this typically results in activation of three surrounding memories and consolidation makes the triangle formed
by these memories an equilateral triangle (gray arrow). (C) An example path with 1,000 simulated steps is shown, with the
blue circles indicating the initial positions of memories and the yellow circles indicating memory positions after consolidation.
The red dots show positions where the simulated grid cell fired. The firing threshold was set such that the cell fires 5% of the
time, resulting in 50 positions where the grid cell fired. A movie showing the simulation in C, including memories that flash
yellow, red, and green as outlined in B, can be found at: https://youtu.be/Ts66gBxGdWs 2 .

David E. Huber, 2024 eLife. https://doi.org/10.7554/eLife.95733.1 11 of 55


https://doi.org/10.7554/eLife.95733.1
https://doi.org/10.7554/eLife.95733.1
https://youtu.be/Ts66gBxGdWs

7 eLife

This mandates a minimum distance between memories at the time of memory formation (Figure
4A@). In theory, the activation equation should also include the response of the grid cell, k, and
the learned weight between grid cell and the place cell. However, because the non-spatial attribute
is constant (i.e., the attribute is found everywhere on the surface), its inclusion would only shift all
responses by the same constant and can be omitted without changing behavior of the model (i.e., if
all activations are increased by a constant, but the activation threshold is also increased by the
same constant, then memory formation and retrieval would be unchanged).

Forming a Cognitive Map: Online Memory
Consolidation Regularizes the Grid

The encoding assumptions of the model produce a minimum spacing between memories.
However, the initial lattice of remembered locations will be somewhat irregular, with some
locations more densely surrounded by memories than others as dictated by the path taken by the
animal during initial exploration. Similar to the assumption regarding unbiased basis sets of
entorhinal inputs, it is advantageous to regularize the remembered locations because doing so
provides an unbiased “cognitive map” (O’keefe & Nadel, 1979 ) that can be used to represent any
location with equal precision. This regularization of the memory array could occur offline, as in
traditional theories of systems consolidation (O’'Reilly & McClelland, 1994 2). However, the
proposed model assumes an online consolidation process that achieves regularization rapidly
during initial exploration. Nevertheless, if the proposed consolidation process is a basic
mechanism of learning, it will also occur during offline replay (Olafsdéttir et al., 2018 ). The goal
of the proposed consolidation learning is to ensure that every real-world position is surrounded by
an array of memories that are neither too similar nor too dissimilar from each other; if all real-
world positions are surrounded by a regular array of remembered locations, this provides a
cognitive map by virtue of “triangulation” (i.e., all real-world positions are surrounded by an
equilateral triangle of positions with known attributes).

A summary of the consolidation process is provided before considering additional details. First, a
set of memories is identified that surround the current real-world situation. Then, the most
strongly active of the surrounding memories is adjusted in relation to the other surrounding
memories in such a manner as to position the strongly active memory neither too far nor too close
to the other surrounding memories. In the case of a real-world space in two-dimensions, the
consolidation algorithm can be thought of as ensuring that all positions are surrounded by an
equilateral triangle (aka, a “regular simplex”), providing good triangulation to represent
knowledge for the attributes of the environment. In the case of three dimensions, which occurs
when including head direction, the algorithm ensures that each position is surrounded by a
regular tetrahedron of egocentric surrounding memories. More abstractly, this consolidation
process can be thought of as providing a “covering map” of surrounding exemplars (Kruschke,

which occurs naturally during consolidation as some hippocampal place cells are pushed “outside
the box”. This occurs even though the animal is never given the opportunity to visit these
positions. In other words, false memories for positions outside the box contribute to a cognitive
map that supports knowledge for all positions within the box.

Online consolidation quickly repositions memories through nudges to the weights of each
previously encoded memory (Figure 4B 2). The consolidation process uses what could be
described as top-down delta-rule learning (Rescorla & Wagner, 1972 ; Widrow & Hoff, 1960 (2):
each competing memory that surround a retrieved memory provides a teaching signal to modify
the weights of the retrieved memory. Unlike traditional delta-rule learning, which has a fixed
learning rate, the learning rate sign and magnitude are modulated according to the BCM rule
(Bienenstock et al., 1982 @), depending on similarity of each competing memory to the retrieved
memory. Because the consolidation threshold, 6., is smaller than the activation threshold that
dictates initial memory formation, memories primarily push away from each other during the
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earliest stages of exploration, but after further exploration there is an equal mix of pushing and
pulling once the enclosure has been fully explored. In other words, during early exploration, there
is nothing known about what lies on the other side of each memory, and so there is room to push
apart memories. However, once something is known about all positions in the enclosure, the
memories are constrained on all sides.

In real systems, the proposed consolidation process might arise from several cycles of alternating
bottom-up memory activation and top-down memory recall as coordinated by theta oscillations
(see Olafsdottir et al., 20167 for evidence that something similar might occur during offline
consolidation). First, the entorhinal input corresponding to the real-world situation reminds the
animal of the most similar memory (the retrieved memory), as well as a set of partially active
competing memories. The retrieved memory re-activates the associated entorhinal inputs owing to
top-down memory recall (pattern completion). For instance, a particular X/Y position reminds the
animal of some non-spatial attribute that was encountered in a nearby location, and memory
retrieval recalls the exact spatial position of that attribute by changing the entorhinal inputs from
their real-world values to the recalled values. After this initial top-down memory retrieval, there is
a second bottom-up cycle that is now based on the recalled entorhinal inputs. This second bottom-
up cycle is used to identify the similarity of the competing memories in relation to the retrieved
memory by assessing how strongly the competing memories become active based on the
entorhinal inputs of the retrieved memory (critically, the designation of memories as belonging to
the set of competing memories is based on the first bottom-up cycle that used real-world inputs
such that the consolidation process is in relation to a set of memories that surround the current
real-world situation). If the competing memories then re-activate their associated entorhinal
inputs (i.e., a second top-down wave, or perhaps through additional cycles if the competing
memories are assessed one at a time), this would provide the necessary entorhinal response
values for the consolidation learning rule (more specifically, consolidation learning is based on the
patterns of entorhinal inputs that correspond to the retrieved memory as well as each of the
competing memories).

Memory, RM, are changed by summing over the weight changes in response to each of the, n,
Competing Memories, CM. There are typically 3 competing memories for the case of navigating in
a space with real-world variation along three-dimensions (i.e., X, Y, and head direction H),
corresponding to a surrounding tetrahedron when including the retrieved memory (a surround of
4 memories). Equation 4 specifies the delta-rule for weight changes in response to each
competing memory, which multiplies the learning rate for competing memory, o.,, by the
difference between the weight connecting the input, j, to the retrieved memory and the weight
connecting the input, j, to the competing memory. Thus, the weight of the retrieved memory
becomes more similar to the weight of the competing memory if a,, is negative and more

rate in response to the competing memory. This is calculated by comparing how strongly the
inputs corresponding to the retrieved memory (which are the weights of the retrieved memory)
activate the competing memory place cell, act(pcys | Wrpp), as compared to the consolidation
threshold, 6. If these retrieved inputs activate the competing memory too strongly (> 6,), the
competing memory is too similar (e.g., too close) and the retrieved memory’s weights become
dissimilar to the competing memory (pattern separation). If these retrieved inputs activate the
competing memory too weakly (< 6,), the competing memory is too dissimilar (e.g., too far), and
the retrieved memory’s weights become more similar to the competing memory. If these inputs
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activate the competing memory to a value equal to the threshold, the competing memory is the
desired dissimilarity from retrieved memory and there are no changes to the weights of the
retrieved memory.

Awgyj = E?M=1AWCMJ' 3)
Aweyj = acy (Wrmj — Wem j) 4)
acm = act(pem | wem) — 6 ()

Code for model simulations can be found at (https://github.com/dhuber1968

/GridCellMemoryModel 2) and a movie showing the first 1,000 time steps for a simulation that does
not include head direction can be found at (https://youtu.be/Ts66gBxGdWs (2). Pseudocode for each
simulated time step is as follows:

1. Move to a new position according to momentum from the prior movement that is
partially altered according to a new randomly sampled goal direction

2. Based on the new position and new head direction (Equation 1(%), activate memories
(Equation 2(%) and compare to the activation threshold 6,

3. If no memories are above threshold, create a new memory by recruiting a place cell,
setting memory weights equal to the current entorhinal input.

4. If just one memory is above threshold, do nothing (memory retrieval occurred, but no
consolidation occurs)

5. If more than one memory is above threshold, note which memory is most active (the
retrieved memory) and note which other memories are also activated in response to the
current inputs (the competing memories). Consolidate the retrieved memory in terms of its
similarity to the competing memories (Equations 3% -5(%), using the consolidation
threshold 6, to determine whether weight changes are towards or away from each
competing memory

6. If consolidation occurred, normalize any updated weight values of the retrieved memory
to ensure that they correspond to possible real-world inputs

In real systems, the final step of weight normalization might occur through post-learning feedback
down to early perceptual regions of the cortex followed by a cycle back up to MTL, with a
comparison between this (feedback) “minus phase” versus (feedforward) “plus phase” (Hinton &
Sejnowski, 1986 (7 ; O'Reilly, 1996 (2). Alternatively, weight normalization might occur through a
form of divisive normalization (Carandini & Heeger, 2012(#%). In this case, the normalization
ensures that the sum of squared weight values for each basis set is 1.0 and that the sum of weight
values for each basis set is the square root of 2, as necessitated by the assumed basis set sine wave
tuning functions. Rather than specifying this normalization process, the simulation takes a
mathematical shortcut by using the arcsine function to recover the dimensional inputs that are
closest to the updated weight values.

Firing Thresholds

The model does not directly implement spiking neurons. Instead, the simulated activation values
can be thought of as proportional to the average firing rate of an ensemble of neurons with similar
inputs and outputs (O'Reilly & Munakata, 2000 ). However, in comparing the output of the model
to observed spike rate maps, an assumed firing threshold is needed. Consider for instance that
there is always top-down activation to the non-spatial attribute cell (k) once the enclosure has
been fully explored (e.g., all positions trigger memory retrieval indicating that presence of k).
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Nevertheless, a k-cell with a sufficiently high firing threshold will become silent when the animal
is between preferred memory locations owing to slightly lower memory retrieval strength. The
specific firing threshold for each cell is assumed to dynamically adjust to keep each cell at its
preferred on-average firing rate over a relatively long timeframe. For the reported simulations of
egocentric memories (i.e., ones that include head direction), cells that are active 5% of the time
were analyzed. In other words, the simulation unfolds as dictated by the model equations, with
continuous activation values for each cell, but when analyzing the results, the simulated steps that
used to specify the spike map for the entorhinal cells. Unlike the entorhinal cells, spike maps for
place cells were determined more directly; for place cells, there is a spike every time that place cell
activation is greater than the activation threshold, 6,.

actmeci = 1i(d) + R * act(Pry) * Wrui (6)

Equation 67 is the real-valued activation of entorhinal cell i (e.g., a border cell, head direction

cell, or k cell) at the time of memory retrieval based on the current bottom-up input response as
determined in Equation 12, combined with top-down memory feedback, which is weighted by

i and the retrieved memory. The feedback retrieval constant was set to 3 to ensure that the
retrieved memory was able to re-instantiate the entorhinal inputs by overriding the perceptual
input to the entorhinal cells (this assumption is not critical and lower values of R produce similar
results).

Close consideration of the model details reveals an apparent inconsistency; if entorhinal inputs
are only active 5% of the time, how can they provide the sine wave neural tuning response
different entorhinal cells have different preferred firing rates. For instance, in addition to 5%
firing rate cells, other entorhinal cells might fire 10%, 50%, or even 90% of the time. The sine wave
tuning function is assumed to reflect the summed activity for a population of entorhinal cells that
have the same weight connections to hippocampus and same weight connections to cortical
regions providing excitatory perceptual input to the entorhinal cortex; when adding up the
responses of similarly connected entorhinal cells, the weighted sum is a sine wave. Thus, when
activating hippocampal memories, it is the sine wave (population code) that dictates which
memories are retrieved, but when analyzing the results in terms spike rate maps, specific
examples of the population are considered; namely entorhinal cells with 5% firing rates.

The effect of considering cells with different firing rates will be quantitative, rather than
qualitative. For instance, border cells with firing rates greater than 5% will fire not just
immediately adjacent to the border, but also fire at greater distances from the border. Grid cells
with firing rates greater than 5% will exhibit the same grid spacing, but their grid fields will be
larger, with smaller gaps between the grid fields.

Results

The Population Response of Border

Cells Specifies Locations on a Torus

If memory consolidation of hippocampal place cells makes memories dissimilar from each other,
this can explain the finding that grid fields often appear to be centered on positions outside the
enclosure, with just the edge of the grid firing field falling inside the enclosure (this behavior can
be seen in the raw firing maps of all papers reporting grid cell activity). In the model, this occurs
because hippocampal place cell memories created inside the box, but close to a border, can have
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their place field centers pushed outside the box during memory consolidation. This capacity to
represent place cell memories outside the box necessarily occurs with circular tuning functions
(e.g., for a circular dimension, approaching the East border from the West is similar to
approaching the West border from the East). If the period of the circular border cells was the same
as the width of the box, then a memory pushed outside the box on one side would appear on the
opposite side of the box, in which case the partial grid field on one side should match up with its
remainder on the other side. This would entail complete confusion between opposite sides of the
box, and the representation of the box would be a torus (donut-shaped) rather than a flat two-
dimensional surface. To reduce confusion between the two sides of the box, the width of the
enclosure in which the animal navigated (Figure 52 ) was assumed to be half as wide as the full
period of the border cells. In other words, although the representational space is a torus (or more
specifically a three-torus), it is assumed that the real-world two-dimensional surface is only a
section of the torus (e.g., a square piece of tape stuck onto the surface of a donut). This assumption
provides representational space that is outside the box without such locations wrapping around to
the opposite side of the box.

In addition to explaining outside-the-box grid fields, the use of circular border cells explains the
finding that the population response of grid cells lies on a torus-like surface (Gardner et al.,

border cells and because place cells are the cause the grid fields, the population code of grid cells
also lies on a torus. This is the first computational model to explain the toroidal nature of grid
cells.

Because the three border cells are equally spaced with a period of 2, a box of width 1 results in a
situation where the border cells prefer positions immediately outside of the box. For instance, as
shown in Figure 52, the West border cell would be most active if the animal were 1/6 of a
distance East of the West border (i.e., positions along the red arrow, which is placed just outside
the box). Because the animal is never given the opportunity to explore outside the box, this
particular cell primarily fires when the animal is immediately adjacent to the West border (the
closest allowable position to the cell’s preferred position). The other two border cell basis sets are
at an angle to the recording box, preferring positions along tipped axes (the blue and green arrows
show the preferred positions). These could be described as corner cells, although because they are
at a 60-degree tilt rather than 45-degrees, they end up firing primarily along the top and bottom
borders.

Border cells are not always uniform in their responsiveness along a particular border (Solstad et

predicted corner cell responses seen in Figure 5% . In addition, the model predicts the existence of
cells that fire between the borders, but not at the border, although such cells are relatively rare
(Solstad et al., 2008 3). However, these predictions of corner-cells and between-border cells are
not crucial to the proposed memory theory of grid cells. For instance, if the model contained 6
different non-orthogonal dimensions, rather than 3, not only would it provide a more accurate
approximation to Euclidean distances (see Figure 32), but it would be easier to find border cells
that were closely aligned with the orientations of the borders. Similarly, rather than assuming 3
entorhinal cells for each dimension, which requires a 2-to-1 ratio of border cells to between-
border cells, it is possible to configure the model with just 2 opposing border cells for each
dimension, in which case there are no between-border cells. These assumptions regarding the
number of non-orthogonal dimensions and the number of cells per dimension were made
primarily to maximize simulation efficiency. The core of the model is its prediction that place cells
are junctions of what and where (i.e., memories) and that grid cells are non-spatial attributes
(what).
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Figure 5.

Position of square recording enclosure relative to circular border cell dimensions. The 9 outer graphs show simulated spike
rate maps for the border cells under the assumption that each border cell fires 5% of the time based on the summation of its
bottom-up and top-down inputs (Equation 62 ). The enclosure was assumed to be half as wide as the full period of the
circular border cells, minimizing confusion between opposite borders. The dashed lines indicate wraparound seams such that
each dashed line is connected to the opposite dashed line to create a cylinder for that dimension, resulting in a hexagonally
connected 3-torus for the entire space across the three non- orthogonal dimensions. The gray curved lines within each of the
9 border cell graphs show the path of a simulated animal across 10,000 steps. The red dots (500 per graph) show positions
where the simulated border cell fired. The graphs for the G and F dimensions are rotated to align the graphs with the
corresponding allocentric directions. The preferred positions for each of the 9 cells are indicated by the entire line length of
the red, green, or blue arrows that point to the corresponding firing map. The letter labels inside each graph indicate the
simulated cell using the same labeling scheme as in Figure 2.
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Grid Fields are Immediately Apparent

and Align with Enclosure Walls

Behavior of the model was first explored without head direction (i.e., allocentric memories), based
on the real-world two-dimensional inputs (X/Y) as captured by the three non-orthogonal basis sets
(E/F/G), in combination with a single non-spatial cell k. Figure 6 > shows firing maps for the non-
spatial cell during initial recording in a novel box (i.e., the first 10,000 simulation steps) as well as
the same simulation after 10 prior sessions (familiar box) of experience (e.g., recording after
100,000 prior steps). To explore how the model behaves, this was done with three different
consolidation thresholds, which affect grid spacing. For these simulations, the results from cells
with a 10% firing rate (rather than 5%) were analyzed to ensure coverage of all grid fields for the
case of a closely spaced grid. As discussed in the model methods, the model assumes a population
of similarly connected entorhinal cells that collectively produce the sine wave tuning functions
(Equation 12). As such, the choice to analyze cells with different firing rates amounts to
considering grid cells that have larger versus smaller grid fields, but with equivalent
spacing/orientation between grid fields. In this case, 10% firing rate grid cells were selected for
their property of exhibiting grid field sizes that allow easy visual assessment of the grid pattern.

As seen in Figure 67, in some cases (e.g., the bottom-right two graphs) the orientation and
position of the grid hardly changes with additional experience whereas in other cases (e.g., the
bottom-middle two graphs) the position and/or orientation of the grid changed. Because the
consolidation threshold remained the same with experience, the grid spacing remained the same.
It has been reported that grid spacing tends to shrink with experience (Barry et al., 2012(2) and
this could be captured by gradually increasing the consolidation threshold. In some cases, the
novel grid was somewhat smeared out for some of the grid fields, reflecting the ongoing
consolidation of memories. This lack of grid regularity for a novel environment has been reported
(Barry et al., 2012 @). In nearly all cases, there were grid fields that appeared to be partially
outside the box, as is typically observed in the firing maps of grid cells.

In real data, the grid array tends to align with a straight wall of the enclosure (Krupic et al.,

additional 20 simulations were performed at each consolidation threshold after 30 prior sessions
experience (i.e., excessive prior experience to ensure stabilization of consolidation). For the .75
consolidation threshold (far spacing), 10 simulations produced a grid that was horizontally
oriented and 5 were vertically oriented. The remaining 5 simulations produced a grid with 4 main
firing fields that were arrayed in square arrangement rather than a hexagonal arrangement. For
the .8 consolidation threshold (intermediate spacing), all grids were hexagonal, with 2 of the
simulations producing a grid that was horizontally oriented and the remaining 18 producing a
grid that was vertically oriented. For the .9 consolidations threshold (close spacing), all grids were
hexagonal, with 6 of the simulations producing a grid that was horizontally oriented, while 6
simulations produced a grid that was vertically oriented. The remaining 8 simulations were tipped
at some orientation other than vertical or horizontal. In summary, nearly all grids were hexagonal
and the grid usually, but not always, aligned with the vertical or horizontal axis of the square
recording enclosure, with this being more likely to occur with far spacings.

It is not clear from these results whether the tendency of the grid to align with the box reflects the
geometry of the box or the assumption that border cell dimension E aligns with one of the box
borders. To address this question, another set of similar simulations was run with a circular
enclosure, but with the dimension E still in the horizontal direction, to see if the grid still tended to
be horizontally or vertically oriented. As seen in Figure 7%, hexagonal grids readily emerge in a
circular enclosure (i.e., the grid does not require straight walls). Overall, the orientation of the
grids still seemed to align with the vertical or horizontal directions, where the definition of
vertical and horizontal is now relative to the underlying border cell dimension E. However, this
alignment occurred slightly less often as compared to the square enclosure. To quantify this
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Figure 6.

Results for simulated grid cells representing a non-spatial attribute common to a set of place cell memories when not
including head direction in the place cell memories (allocentric memories). These simulations are an exploration of how the
model behaves with different parameter values. In each case, the first four simulations are shown, regardless of outcome.
Results are shown when adopting one of three different consolidation thresholds, 8., which produce different spacings
between memories. The corresponding activation thresholds, 8,, were .86, .9, and .92 to make sure that memories were
created and activated with a somewhat closer spacing than that dictated by the consolidation threshold. Each pair of novel
and familiar firing maps is the same simulation, with the novel firing map showing the first 10,000 simulated steps in a novel
environment and the familiar firing map showing 10,000 simulated steps after 100,000 prior steps (e.g., after the equivalent
of 10 sessions of prior experience).
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observation, 20 simulations were run at each of the three grid spacings after 30 sessions of prior
experience. For the .75 consolidation threshold (far spacing), 10 simulations produced grids that
were horizontally oriented and 2 were vertically oriented. An additional 7 were tipped at random
angles and the remaining simulation produced a square grid that was horizontally/vertically
aligned. For the .8 consolidation threshold (intermediate spacing), 4 simulations produced
horizontally oriented grids and 10 produced vertically oriented grids. An additional 3 were tipped
at random angles and the remaining 3 failed to produce a hexagonal grid (the grid was either a
square grid or 4 place fields arranged in a Y pattern). For the .9 consolidations threshold (close
spacing), one simulation produced a grid that was horizontally aligned and 3 were vertically
aligned. For the remaining 16 simulations, it was tipped at some orientation other than vertical or
horizontal.

In summary, these simulations show that the grid is immediately established and that the grid has
a tendency to align with the underlying border cell directions (e.g., the border cell direction E or
perpendicular to E), particularly with a widely spaced grid in the case of a square enclosure (i.e.,
the geometry of the enclosure also seemed to play a role in light of the reduced vertical/horizontal
alignment within a circular enclosure). Thus, the finding that the grid tends to align with walls of a
square enclosure (Krupic et al., 2015 @) follows from the assumption that one of the underlying
border dimensions aligns with the walls of a square enclosure.

Additional analyses revealed that this tendency to align with border cell dimensions is caused by
weight normalization (Step 6 in the pseudocode). Specifically, connection weights cannot be
updated above their maximum nor below their minimum allowed values. This results in a slight
tendency for consolidated place cell memories to settle at one of the three peak values or three
trough values of the sine wave basis set. This “stickiness” at one of 6 peak or trough values for
each basis set is very slight and only occurred after many consolidation steps. In terms of
biological systems, there is an obvious lower-bound for excitatory connections (i.e., it is not
possible to have an excitatory weight connection that is less than zero), but it is not clear if there is
an upper-bound. Nevertheless, it is common practice with deep learning models include an upper-
bound for connection weights because this reduces overfitting (Srivastava et al., 2014 (%) and there
may be similar pressures for biological systems to avoid excessively strong connections.

Grid Cell Modules Reflect the Dense Packing of Memories in

Three Dimensions: An Example with X, Y, and Head Direction

One of the key findings in the grid cell literature is the existence of anatomically arranged
modules, with nearby grid cells having the same orientation, spacing, and distortion (i.e., the
degree to which the grid is slightly elongated in a particular direction), but different spatial phases
(Stensola et al., 2012 ; Yoon et al., 2013 ). In other words, the grid of nearby cells is often
identical but shifted. Some theories suggest that these grid cell modules provide a two-
dimensional Fourier basis set for location coding (Rodriguez-Dominguez & Caplan, 2019;
Stachenfeld et al., 2017 2; Wei et al., 2015 ). However, the proposed non-spatial memory model
of grid cells suggests a different interpretation - rather than tiling a two-dimensional space, grid
cell modules might emerge from the consolidation of memories into a three-dimensional volume.
For memories that differ from each other in three real-world dimensions, with a fixed minimum
distance between memories, their arrangement is equivalent to the dense packing of equal-sized
spheres in a three-dimensional volume (e.g., putting marbles in a glass). In this case, the
arrangement of memories should follow the Kepler conjecture (Hales, 2005 %), which states that
there are two ways in which equal-sized spheres can be arranged with the densest possible
packing. Both solutions are hexagonal in nature, containing separate layers of spheres that are
hexagonally arranged with the same orientation and spacing, but with different phases: face-
centered cubic packing (FCP), entails three different hexagonal layers, whereas hexagonal close
packing (HCP) entails two different hexagonal layers.
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Figure 7.

Simulation results when using the same parameters and settings as in Figure 62 for a circular enclosure.
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Consider the 3D volume defined by X, Y, and head direction, H. If egocentric memories include
head direction (i.e., memories of where a non-spatial attribute can be found and the viewpoint at
the time of discovery of the non-spatial attribute), then consolidation may lead to a close-packed
FCP or HCP arrangement. In this case, the activity of different head direction cells might capture
different hexagonal layers of the dense packed lattice of memories. If so, each head direction cell
will exhibit a grid pattern of the same orientation and spacing as other head direction cells, but
with the spatial phase of the grid shifted as dictated by FCP or HCP geometry. In the simulation
results reported below, the three-dimensional memories naturally settled on the FCP solution (for
related theoretical proposals that involve 3D hexagonal tiling, see Mathis et al., 2015; Stella &
Treves, 2015 3), with three layers that were separately captured by the three different head

direction cells in the head direction basis set (Figure 8 @).

Figure 82 shows a typical result for the non-spatial attribute cell (Figure 8A(%2) and the three head
direction cells (Figure 8B(%) while navigating in a familiar box. The 6 border-cell firing maps for
this particular simulation were plotted in Figure 52 . The non-spatial attribute cell produced a
grid field that was rotated by 90 degrees relative to the grid fields of the head direction cells and a
grid spacing that was more closely spaced by a factor equal to the square root of three, reflecting
the superposition of FCP layers (Figure 8C ). This coordination between grid cells of different
grid spacings was recently been observed (Waaga et al., 2022 @), and in the model this
coordination arises from memory retrieval for the same set of memories. The place cell memories
were arranged into 6 different FCP layers (a repeating sequence of 3 layers), providing an
allocentric representation of a familiar box based on combinations of egocentric memories (i.e.,
based on place cell memories that include head direction). More specifically, each location is
remembered from two opposite viewpoints (Figure 8D ). Two of the three head direction cells
exhibited the same grid orientation and spacing but the grid fields were shifted. The third head
direction cell would have produced something similar except that its place cell memories were
mostly outside-the-box (the spike rate maps show hints of the outside-the-box memories near the
borders). In keeping with this result for simulated head direction cell h,, it has been reported that
some mEC cells that initially appear to have a single place cell firing field are in truth grid cells
when the box borders are removed - removing the borders reveals that there are additional grid
fields outside the box (Savelli et al., 2008 @).

In summary, this simulation produced an egocentric head direction grid cell module in
combination with an allocentric grid array for the non-spatial cell (places where the non-spatial
property k can be found), with this second array exhibiting a closer spacing by a factor of the
square root of 3 and an orientation that is rotated by 90 degrees.

Stensola et al. (2012) @ simultaneously recorded as many as 186 mEC grid cells in individual rats,
finding approximately 4 different grid modules for each animal. The ratio of grid spacing between
modules was found to be approximately the square root of 2 rather than the square root of 3 when
comparing modules that had grid spacing values that were close in value. However, an alternative
interpretation of the Stensola data would place the modules into interleaved sets of two (each pair
consisting of one egocentric and one allocentric module) with the two modules in a pair differing
in orientation by 90 degrees and differing in grid spacing by the square root of 3. For instance,
perhaps one egocentric/allocentric pair of mEC grid modules is based on head direction
(viewpoint) in remembered positions relative to the enclosure borders whereas a different
egocentric/allocentric pair is based on head direction in remembered positions relative to
landmarks exterior to the enclosure. This might explain why a deformation of the enclosure
(moving in one of the walls to form a rectangle rather than a square) caused some of the grid
modules but not others to undergo a deformation of the grid pattern in response to the
deformation of the enclosure wall (see also Barry et al., 2007 @). More specifically, if there is one
set of non-orthogonal dimensions for enclosure borders and the movement of one wall is too
modest as to cause avoid global remapping, this would deform the grid modules based the
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Figure 8.

Results from a simulation that included head direction (.8 consolidation threshold). These results are for a familiar box (10
sessions of prior experience). The plotted firing maps (red dots for spikes) and spatial autocorrelation (blue for low
correlation and yellow for high correlation) maps are labeled according to the specific cell labels used in Figure 2(% . The
border cell results for this particular simulation are shown in Figure 52 . (A) The grid fields for the non-spatial attribute, &,
are vertically aligned. (B) In contrast the non-spatial attribute, the grid fields for the head direction cells are horizontally
aligned. Cells h; and h3 have the same grid orientation and spacing as each other, as would cell h,, except that for h,, its
corresponding place cell memories are mostly outside the box. As in real grid cell modules, the grid fields for each of the
three head direction cells (h; to h3) are shifted relative to each other. (C) The head direction grid spacing is the square root of
3 larger than the non-spatial attribute grid spacing, reflecting the superposition of face-centered cubic packing layers. (D) For
this grid spacing, there were 6 HD layers, such that every third layer produced a nearly identical spatial phase of HD-sensitive
place cell memories, except that the preferred HD was 180 degrees opposite. This provides an allocentric arrangement of the
egocentric place cell memories whereby the non-spatial attribute at each location was remembered from two 180 degree
opposite viewpoints (head directions). The colored dots in the three- dimensional plot are based on the final positions of the
14 memories at the end of the simulation, as calculated from the weight matrix for each place cell, with the color of the dots
showing the preferred head direction of the corresponding memory.
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enclosure border cells. At the same time, if other grid modules are based on exterior properties
(e.g., perhaps border cells in relation to the experimental room rather than the enclosure), then
those grid modules would be unperturbed by moving the enclosure wall.

Similar to head direction, there are other factors that vary during the recording session, which
may explain grid modules that don not depend on head direction. For instance, in the current
simulation, it was assumed that the animal adopted a new random goal direction at every time
step, independent of head direction (e.g., the animal decides to alter its course slightly towards
direction, g, for the next step, even though its current head direction is, h). To assess whether goal
direction might form a grid module, another simulation was run in which the third dimension was
based on a basis set of three goal direction cells (g; to g3) rather than head direction. The results
were essentially identical to that shown in Figure 87, swapping the labels of h; to hs for g4 to g3,
except that the goal direction cells were insensitive to head direction (close examination of the
firing maps in Figure 8B (2 reveals that they tend to occur on trajectories that align with the
preferred head direction of the corresponding head direction cell, but this was not true of the goal
direction simulation).

Grid Cells Change their Receptive Fields

in the Absence of Hippocampal Feedback
A key prediction of this account is that in the absence of memory retrieval from hippocampal
place cells, each mEC grid cell should revert to its underlying bottom-up receptive field. For
instance, in the absence of top-down memory retrieval feedback, a head direction conjunctive grid
cell should become a head direction cell at all positions rather than just at grid field positions.
Such a finding was reported by Bonnevie et al (2013) @ . More generally, this kind of result should
occur for all grid cells. For instance, if the bottom-up receptive field for a grid cell is a tuning
function for a preferred odor, then that cell should exhibit odor-sensitivity in all positions in
absence of hippocampal feedback rather than only responding in remembered positions. In brief,
this account assumes that all grid cells are conjunctive grid cells except that the nature of the non-
spatial attribute that makes them conjunctive is not yet known for many grid cells (see Aronov et
7, for an example of what might be sound conjunctive grid cells).

On this account, grid cells only appear to be non-conjunctive because their preferred non- spatial
attribute was constantly present during the recording session (e.g., an attribute that was found
everywhere in the enclosure, such as an odor, or an attribute that was a constant property during
the recording session, such as an electronic hum). However, if the preferred non-spatial attribute
of an entorhinal grid cell was only found in half of the box, that cell would be predicted to exhibit
a grid field pattern for that half of the box while remaining silent in the other half. This suggests
experiments in which the non-spatial attributes of entorhinal cells are first characterized in the
absence of navigation and then, based on these results, the enclosure is given those non- spatial
attributes in some regions but not others. In other words, experiments using non-uniform
enclosures with salient differences for different surfaces (e.g., an electronic hum that is played
when the animal is one half of the box, but not the other half).

Grid Fields Appear Immediately in a Novel Environment

whereas Place Cell Positions Take Time to Stabilize

The head direction grid module results reported above were based on a familiar environment,
with 10 sessions worth of prior experience. However, grid field patterns are often seen
immediately upon entry into a novel environment, although the pattern may be somewhat less
regular for a novel environment (Barry et al., 2012 ). The two-dimensional allocentric
simulations (i.e., the simulations that did not include head direction) produced a grid immediately
in a novel environment. As shown in Figure 9A (2, this is also the case for the three-dimensional
egocentric memories that included head direction when the results are analyzed in terms of the
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non-spatial attribute cell. However, for the head direction conjunctive grid cells, the grid pattern
emerged more slowly, owing to ongoing consolidation of the place cell memories (the graph plots
the grid score for the head direction cell with the highest grid score of the three head direction
cells, hy,4x, considering that some of the head direction cells fail to produce a grid owing to
outside-the-box memories, as was the case for cell h, in Figure 88(%).

Critical to understanding why the non-spatial attribute grid cell reveals a hexagonal grid during
the initial recording session in a novel environment is the realization that multiple memories
feedback to the non-spatial attribute grid cell and, furthermore, it may be that a particular grid
field location reflects multiple memories during the recording session (e.g., a particular grid
location reflects retrieval of memory-A at one point in time but later it reflects retrieval of
memory-B, perhaps because consolidation has shifted memory-B to that location). Because the
non-spatial cell’s grid field reflects on-average memory positions during the recording session (i.e.,
the locations where the non-spatial attribute is more often remembered, even if the locations of
the memories are shifting), the grid fields for the non-spatial are immediately apparent, reflecting
the tendency of place cells to linger in some locations as compared to other locations during
consolidation. More specifically, the place cells tend to linger at the peaks and troughs of the
border cell tuning functions (see the explanation above regarding the tendency of the grid to align
with border cell dimensions). By analogy, imagine a time-lapsed birds-eye view of cars traversing
the city-block structure of a densely populated city; this on- average view would show a higher
density of cars at the cross-street junctions owing to their tendency to become temporarily stuck at
stoplights. However, with additional learning and consolidation, the place cells stabilize their
positions (e.g., the cars stop traveling), producing a consistent grid field for the head direction
conjunctive grid cells. This slow stabilization of place fields is a known property (Bostock et al.,
1991 @; Frank et al., 2004 ).

In summary, these model simulation results indicate that some grid patterns are learned more
slowly than others for a completely novel environment (i.e., an environment that is completely
foreign to the animal). More specifically, egocentric grid cells (e.g., head direction conjunctive grid
cells) require stabilization of the place cell memories in the face of ongoing consolidation whereas
allocentric grid cells reflect on-average place field positions. However, it should be noted that
these simulations were for a “blank slate” animal that had no prior experience with any similar
enclosures. This is unlikely to be the situation in the real world, and it may be that the empirical
finding that head direction conjunctive grid cells can be found immediately reflects memories of
similar experiences in similar enclosures rather than very recent memories from the last few
minutes or seconds (the role of memories prior to the recording session are considered in the
remapping simulations below, which produced immediately apparent head direction conjunctive
grid cell responses).

Consolidation of Interior Place Cells Depends on
Exterior Place Cells: The Cognitive Map Emerges

after Learning Specific Views of the Boundaries

Figure 9BZ shows that the main effect of prior experience is the addition of new place cell
memories, which produce more precise grid fields for the non-spatial attribute cells (Figure 9C2);
these new place cells result in stability (i.e., consolidation no longer moves the positions of the
place cells). The place field locations for these additional memories were primarily outside of the
box (Figure 9D (2). Considering that place fields are the cause of individual grid fields for the
model, this may relate to the finding that encounters with boundaries can serve to stabilize grid
fields (Hardcastle et al., 2015%). More specifically, memories initially formed inside the box in
positions adjacent to the borders push against each other during consolidation owing to pattern
separation (Chanales et al., 2017 @), causing some memories to move outside the box. This doesn’t
necessarily mean that the animal remembers positions outside the box. Instead, these memories
could be thought of as characterizations of the borders; by placing their preferred positions
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Figure 9.

Simulations depicting the learning of non-spatial grid fields (k) and head direction conjunctive grid field (h), using the same
parameter values as in Figure 8 2. (A) Average grid scores across 100 simulations, with prior experience ranging from novel
(no prior experience) to 10 sessions of prior experience, show that the grid field of the non- spatial cell, k, was immediately
apparent whereas the head direction grid cells required prior experience before grid fields stabilized. Because one of the
three head direction grid cells tended to have a single central grid field, with potentially outside the box additional grid fields
(see cell h, in Figure 82 ), the maximum grid score (h,,) from the three head direction cells was used. Error bars are plus
and minus one standard error of the mean. (B) A plot showing the number of place cell memories created by the end of the
simulation reveals that the number of memories grew in a similar manner to the stabilization of the head direction grid fields.
(C) Representative firing map and spatial autocorrelation results for a novel environment and a familiar one reveal that that
the non-spatial cell’s grid fields were regular but less precise in a novel environment, reflecting the shifting nature of the
place fields. (D) Plots showing the final positions of all place cell memories for the representative simulations, reveal that the
main effect of prior experience was formation of outer memories that conform to the shape of the box; as the animal learned
head direction representations for the borders of the box, the grid cell module based on head direction stabilized. The color
of the dots represents the head direction associated with each memory using the same color scale as Figure 8 2.
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outside the box, these memories become highly selective for positions immediately inside the
borders of the box (i.e., the inside border locations are the only allowable real-world
circumstances that come closest to their preferred inputs). By analogy, the faces of famous
individuals are more easily recognized when drawn with impossibly exaggerated facial features
(Mauro & Kubovy, 1992 (@), suggesting that the memory representation is a pattern-separated
impossible exaggeration that uniquely identifies that individual. In addition to being highly
selective to the borders of the box, these exaggerated border memories constrain the interior
memories, which stabilizes interior place cells, revealing the grid fields of the head direction cells.

The effect of outside-the-box place cells is further explored by considering in detail the firing maps
of the place cells (Figure 102) for a familiar box (this particular simulation is different than the
one shown in Figure 92, but used the same parameters as Figure 92). Similar to the “familiar”
results shown in Figure 92, Figure 10AZ shows the final positions for the 48 place cells that were
learned after 10 sessions of prior experience, as well as the firing maps for the three head
direction cells (cells hy, hy, and hj using the cell labeling from Figure 2%). Although similar results
were show in Figure 972, the results for this particular simulation are shown such that the
preferred location of each place cell (Figure 10A2) can be directly compared to the observed
place field firing maps (Figure 10B2) of each place cell. This comparison highlights how the
outside-the-box place cells constrain the nature of the cognitive map.

The place cells were grouped into two types according to observed firing rate: ones that fired less
than 2.5% of the time versus ones that fired more than 2.5% of the time (for place cells, firing rates
reflect the portion of stimulated steps for which the cell was above the activation threshold). The
cutoff of 2.5% was chosen because this cleanly divided the place cells into those with preferred
positions outside the box versus inside the box. As shown in left-side of Figure 10B%, the less
active place cells only fired when the animal was near a border, as expected considering that these
place cells had their preferred locations outside-the-box. Therefore, these low activity place cells
are termed “exterior” place cells, which capture memories for specific locations near a border, as
seen from a particular viewpoint. This viewpoint dependency is specified by the color coding of
the spikes shown in Figure 10B(2, which shows that the exterior place cells only fire when the
animal is not only close to the border, but also when the animal has its head pointed in a very
specific direction (i.e., each cluster of spikes, which correspond to a particular exterior place cell,
has a very specific color).

In a few instances, the exterior place cells produced a couple of more interior spikes. This reflects
situations in which an interior memory was created during the recording, producing a few more
central spikes (e.g., the animal experienced a novel view of a particular border), before the
memory was consolidated to an exterior position.

The right-hand side of Figure 10B2 shows the “interior” place cells. These 19 cells are arranged in
a precise hexagonal pattern, and they are the source of hexagonal grid fields exhibited by the head
direction cells. The firing maps for the 8 hippocampal place cells in the top two rows plot the
results for head direction-sensitive place cells that have the same preferred head direction as the
head direction cell plotted immediately above each graph. In contrast, the 11 place cells in the
bottom two rows are sensitive to head directions that were 180 degrees opposite (i.e., head
directions that were between the preferred head directions of the three head direction cells).
Unlike the exterior place cell firing maps, which were highly selective for head direction, these
interior place cells were less selective, firing to a range of head direction values, particularly when
the animal was in the center of the place field (i.e., at the center of each cloud of spikes, the head
direction colors take on hues other than the preferred head direction of the corresponding head
direction cells).
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Figure 10.

Using the same parameters as Figures 8 2 -10C2, a comparison of place cell firing maps for interior versus exterior place cells
demonstrates how head direction sensitivity depends on location and how interior place cells give rise to head direction
conjunctive grid cells. (A) The final positions (preferred positions and preferred head directions) of the 48 place cell memories
and head direction cell firing maps. (B) Firing maps of the place cells. The place cells were divided into 29 “exterior” place
cells that were active less than 2.5% of the time (these are accumulated onto the same graph on the left) versus 19 “interior”
place cells (one graph per cell on the right). The 8 interior place cells in the top two rows of were the cause of the head
direction conjunctive grid cell firing map shown immediately above in panel. The color bar that relates head directions to
colors includes the labels for the head direction cells (h4, h,, and h3) and the adjacent arrows depict the three head directions.
The 11 interior place cells in the bottom two rows selected for head directions that were between the preferred head
directions of the head direction cells (i.e., the other 3 hexagonal layers from the 6-layer hexagonal close packing). The color of
each spike for the place cells shows the head direction of the simulated animal at the time of the spike. For the place field
center of the interior place cells, head direction sensitivity was weak (i.e., a greater range of colors in the center of each place
field), whereas the firing maps for the exterior place cells were highly view dependent (consistent color for each cluster of
spikes).
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Head Direction Sensitivity of Place Cells Depends on

Position Relative to Borders and Place Field Center

For the parameter values used in Figure 8% -10(7, the place cells were fairly sensitive to head
direction. Although real hippocampal place cells often show this kind of head direction sensitivity
(Rubin et al., 2014 @), other place cells appear to be insensitive to head direction, particularly in
an open field enclosure (Muller et al., 1994 2). One possibility is that some place cell memories do
not receive head direction input, as was the case for the simulations reported in Figures 6 & /7 2 —
for those simulations, the place cells were entirely insensitive to head direction owing to a lack of
input from head direction cells (i.e., each hippocampal place cell memory was necessarily
allocentric). However, it has been found that the removal of head direction input to hippocampus
affects place cell responses (Calton et al., 20032) and grid cell responses (Winter et al., 2015®),
suggesting that head direction is a key component of the circuit. Furthermore, if place cells
represent episodic memories, it seems natural that they should include head direction (an
egocentric viewpoint). When including head direction in the place cell memories, it may be that
different parameter values produce place cells that are less sensitive to head direction. If the
activation/consolidation threshold parameters are low enough, a hippocampal place cell can
become active solely based on location, regardless of head direction. To examine situations with
relatively low head direction sensitivity, a new simulation was run by setting the consolidation
threshold and activation thresholds to the widely spaced grid values from Figures 62 /7 2, but
with the inclusion of head direction in the hippocampal place cell memories.

As seen in Figure 11A 2, which shows results from a familiar environment, the firing maps for the
non-spatial attribute cell (a.k.a. grid cell) and the three head direction cells were very similar to
those seen in Figures 8(%-10% despite the larger grid spacing that arises from a lower
consolidation threshold. The pressure to place memories farther apart was satisfied by arranging
the place cell memories into 3 face-centered cubic packing hexagonal layers rather than 6 layers.
In other words, this change of parameter values resulted in a wider spacing between the memory
layers along the head direction dimension. This is shown in Figure 11B 2, where the plot of the
final positions of the memories are non-overlapping rather than producing two oppositely
oriented memories in an allocentric pair (the simulation resulted in 45 memories, although the
exterior place cell memories are clipped off in the graph to make it easier to see the face-centered
cubic packing of the interior 17 memories).

These results demonstrate that the head direction grid module can emerge with other parameter
settings. Furthermore, these results indicate that there is more than one way in which an
allocentric cognitive map can emerge — even though this simulation did not produce allocentric
pairings of oppositely oriented place cells in the same position, the interior place cells were largely
insensitive to head direction when the animal was in the exact center of the place field. This is
shown in the graph labeled p, in Figure 11B2, which plots the head direction of each spike for
place cell p, as a function of x-position, collapsing over y-position. This particular cell preferred
the center of the enclosure and responded to a full 2/3 of the possible head directions at the place
field center. This occurred even though the head direction of the egocentric memory was in
direction h; (the yellow color on the head direction color map).

Figure 11C % plots the firing maps for 6 of the interior place cells, using the labels from Figure
11B, with head direction coded by color. The black dots show the approximate place field
centers for each place cell, and it is at these positions that the cell is relatively insensitive to head
direction (i.e., responding to a full 2/3 of possible head directions). But for positions farther from
the black dots, the place cell becomes more selective in its head direction, provided that the
position is not along a border (discussed below). In other words, these place cells are active if the
animal is in the preferred location regardless of head direction, or active for non-preferred
positions provided that the head direction matches the preferred direction.
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Figure 11.

Simulation results using the wide-spacing activation/consolidation threshold parameter values from Figure 62 /7% but
when including head direction in the hippocampal place cell memories. (A) The non-spatial attribute cell (k) and head
direction cells (h; - h3) produced similar grid field patterns to those seen in Figures 92 /102 . (B) The right-hand graph
shows the final preferred positions of hippocampal place cells, with color indicating preferred head direction. The wider
spacing was satisfied through 3 rather than 6 layers along the head direction dimension (only 3 different colors). Six interior
place cells (p; - pg) are selected for additional analyses. The lower-left graph plots x-position by head direction for the firing
map of cell p,, collapsing over y-position: the cell was active for a full 2/3 of head directions at its place field center. The color
of each spike indicates the head direction of the spike according to the color map. (C) Head direction sensitivity of the place
cells (shown in six firing map plots for each of six place cells) for the six interior place cells. The black dots show approximate
place field centers, and the black arrows show approximate head direction sensitivity in different locations. For cell p, head
direction sensitive increases with distance from the center. For the other 5 cells, a different pattern emerges along the
borders of the box. Along the borders, some head directions are not empirically observed, as shown by the inset graph for
cell p4, which plots x-position by head direction. The absence of data for a subset of head directions gives the spurious
appearance of head direction sensitivity that is in line with the borders in one direction or the other, or possibly both
directions.
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The situation near the borders is more complicated owing to missing data (Muller et al., 1994 (% ;
Peyrache et al., 2017 @). Specifically, there is often a failure to observe head directions pointing
towards or away from border positions if the animal tends to run alongside the borders (this
happens in the simulation owing to momentum). The problem of missing data is highlighted with
the black arrows in Figure 11C %, which show head direction sensitivity in different locations of
the place field. For instance, place cell p, appears to prefer both up and down head directions
along the West border even though the preferred head direction of this place cell memory was to
the East. This occurred because head direction towards the West was never observed at the West
border. The inset graph shows the same firing map, but with axes of x-position and head direction,
collapsing over y-position, highlighting the absence of East-facing head direction samples at the
lowest (i.e., Westernmost) x-positions.

The complicated nature of hippocampal place cell head direction sensitivity seen in the simulation
results in Figure 112 may provide an alternative explanation of the results reported by Jercog et

cells is relative to a reference point. The reference point model in that study described a number
of different behaviors of place cells, including: 1) place cells that seemed to prefer the animal
heading towards or away from the place field center; 2) place cells that preferred the animal
heading in a circular direction clockwise or counterclockwise around the pace field; and 3) place
cells that preferred the animal heading in a particular direction that was far outside the enclosure.
Some of these behaviors are approximated by the simulation results in Figure 112, and future
work could directly compare this account to the reference point model.

Head Direction Sensitivity of Place

Cells Depends on Enclosure Geometry

As reported in Figure 10B (%, the outside-the-box exterior place cells are more selective for head
direction considering that the animal is not allowed to visit these cells’ preferred locations: that is,
the animal is only ever located in the periphery of these cells’ true place fields, where head
direction sensitivity is greater. This is equally true for the simulation in Figure 11 2. This aspect of
model may help explain the empirical result that place cells seem to exhibit greater head direction
sensitivity when the animal navigates a familiar narrow passage, such as occurs in a radial arm
maze or an elevated track (McNaughton et al., 1983 ; Muller et al., 1994 ). Using the same
parameters as Figure 112, Figure 12 2 reports the results of an animal navigating a familiar but
extremely narrow enclosure (only 5% as tall as it is wide). In this case, nearly all place cells (14 of
the 15 memories) were exterior place cells and, as a result, nearly all place cells exhibited strong
head direction sensitivity, preferring travel in one direction or the other along the narrow passage
(blue-East or red-West), but not in both directions. In brief, place fields for narrow passages have
greater head direction sensitivity because the “true” place field center has been consolidated to a
position outside the passage.

As seen in Figure 127, because all but one of the place cells was exterior when the simulated
animal was constrained to a narrow passage, the hippocampal place cell memories were no longer
arranged in a hexagonal grid. This disruption of the grid array for narrow passages might explain
the finding that the grid pattern (of grid cells) is disrupted in the thin corner of a trapezoid (Krupic

insertion of additional walls within the enclosure (Derdikman et al., 2009 (3).

Remapping of Place Cells with Changes in Enclosure Geometry

It is beyond the scope of this study to provide a full model of the situations that cause hippocampal
place cells to remap their place field positions (Geva-Sagiv et al., 2016 & ; O'keefe & Nadel, 1979 (%)
or keep their place field positions but change their firing rate (Leutgeb et al., 2005 ). However,
because this is a memory model, it holds the potential to explain such effects (see Sanders et al.,
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Figure 12.

Place cell responses using same parameters as Figure 112 but with an enclosure that is 5% as tall as it is wide, simulating
behavior in a highly familiar narrow passage, such as an arm of a radial arm maze or an elevated track. (A) The positions of
all 15 consolidated memories are shown, with the color indicating preferred head direction according to the color map. (B)
The firing maps show the place field for each place cell with spike color indicating head direction. Even though these same
parameter values produced place cells that were relatively insensitive to head direction in the open field enclosure of Figure
112, in this case each place cell appeared to only prefer one direction or the other (blue or red) along the narrow passage.
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According to the proposed memory account of place cells, a similar enclosure or a similar context
(i.e., non-spatial attributes) as compared to prior experiences can trigger memory retrieval (see
Maurer & Nadel, 2021 for a similar proposal). For instance, similar locations might trigger
memory retrieval, but perhaps to a lesser degree (i.e., rate remapping) or perhaps the set of
retrieved memories might entail a completely different arrangement if those memories occurred
in a similar context but with a different enclosure (i.e., global remapping). Furthermore, as the
new enclosure/context becomes familiar, new memories (place fields) may be created and the
positions of old memories may be changed owing to consolidation and pattern separation.

As currently implemented, the only non-spatial contextual input to the model is the non- spatial
grid cell (the k cell). Future work could expand this non-spatial input by including basis sets of
different contextual inputs (e.g., a basis set for odor, k;-k3, a basis set for surface texture, l;-I3, etc.),
in which case the model could apply to situations where the geometry and location of the
enclosure are kept the same, but the non-spatial characteristics are changed. Nonetheless, the
current model can be applied in its current form to changes in enclosure geometry, which has
been found to produce both rate remapping (Leutgeb et al., 2005 @) as well global remapping,
depending on how drastically the geometry is changed (Wills et al., 2005 ).

Using the same parameter values as for Figures 8 2-10 2, Figure 13A shows the grid cell firing
map (k), hippocampal place cell memory positions (color coded for head direction), head direction
grid module firing map (h;-h3), and border cell firing maps (e;-e3, f;-f3, and g;-g,) for a recording
after 10 sessions of prior experience with a circular enclosure. Critically, the same non- spatial
attribute is found for the familiar circular enclosure and the novel square enclosure and both
enclosures have same width/height. This situation might correspond to several days of testing with
the circular enclosure followed by testing in a square enclosure that is placed in the same broader
context (i.e., the same experimental testing room) as prior testing. Prior to the change, it can be
seen that the familiar circular enclosure produced a 6-layer face-centered head direction grid
module, similar to the results reported in Figures 8 2-107. The border cell firing maps are shown
to highlight that as currently configured, the model tends to produce somewhat patchy border cell
responses (i.e., multiple separated hotspots along a line), particularly for the interior border cells
(e, f2, and g5). This occurs because the border cells receive stronger memory retrieval feedback in
the locations of hippocampal place cell memories. This behavior is parameter dependent; for
instance, border cells with a higher firing rate will be more “filled in” between the hotspots where
memory feedback occurs.

Figure 13B is a recording of the same simulated animal after switching to a novel square
enclosure that contains the same non-spatial attribute and has the same width/height as the
familiar circular enclosure. Of note, experiments that switched animals between square and
circular enclosures have produced global remapping and, correspondingly, rotation of the grid cell
responses (Fyhn et al., 2007 % ). However, to keep things simple in this simulation, it was assumed
that the border cells lined up in the same manner for both enclosures (i.e., the E dimension was
East-West for both enclosures), such as might occur if the animal was primarily attuned to a
salient characteristic of the testing room rather than the enclosure walls. But if the border cells
had changed their alignment with the new enclosure (e.g., if the E border dimension aligned with
the North-South borders), then the place cells would have appeared to undergo global remapping
as their positions rotated by 90 degrees and the grid pattern would have also rotated.

As seen in the non-spatial grid cell firing map and in the memory locations at the end of the
recording session, the head direction grid module was immediately apparent in this novel
environment (unlike the results plotted in Figure 92, for a “blank slate” simulated animal with no
prior experience with any similar enclosures). Thus, the immediate appearance of head direction
grid modules may reflect memory retrieval of similar enclosures. In brief, because the shape of
the novel square enclosure was similar to the circular enclosure (i.e., of similar height and width),
and because both enclosures were in the same experimental room and in the same position, and
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Figure 13.

Simulation results for a familiar circular enclosure followed by a change to a square enclosure placed in the same context,
containing the same non-spatial attribute. (A) The memory locations (dots colored by head direction) and firing maps for the
familiar circular enclosure show a 6-layer face-centered cubic packing for the head direction grid module (h;-h3). The border
cells (es-e3, f4-f3 and g4-g4) captured one side or the other except for the between-border cells, which show a patchy
response owing to memory feedback. (B) Upon entry into a novel square enclosure that contained the same non- spatial
attribute as the circular enclosure and was the same width/height as the circular enclosure, the head direction grid module
was immediately apparent (in contrast to the results reported in Figure 9 2). This occurred because the memories created in
the circular environment were recalled in the square environment and the geometry was similar enough that very few of the
retrieved memories changed their locations. The “tails” emanating from each place cell memory location show the shift from
the prior location in the circular enclosure to the new location in the square enclosure. The color of the tail indicates the prior
head direction of the memory if head direction of the memory changed with consolidation (e.g., the blue memory on the
upper border has a pink tail). As shown, there was a subtle change in the positions of the exterior place cells to accommodate
the novel square shape. Two exterior place cells migrated to interior positions (long red and blue tails) and, correspondingly,
two interior place cells migrated to exterior positions (cyan and pink tails). The length of the tails is sometimes misleading
owing to the circular nature of the border cells (in truth, the two very long red and blue tails migrated in a wraparound
fashion, which was a much smaller change). Finally, one new memory was formed (yellow memory encircled in black).
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because both enclosure contained the same non-spatial attribute, the exterior place cells that were
learned for the circular enclosure were readily adapted to make sense of the square enclosure,
and this gave stability to the hexagonal 3D arrangement of the hippocampal place cells. In other
words, this situation is analogous to rate remapping results in which previously learned memories
from similar enclosures placed in the same global context produce the same place fields, but with
different firing rates (Leutgeb et al., 2005 2).

The current simulation did not actually produce a substantial change in firing rates of the place
cells considering that the non-spatial context of the situation was assumed to be identical between
the circular enclosure and the change to the square enclosure. In this regard, this is more
accurately described as partial remapping (nearly all place fields were unaffected) rather than
rate remapping. Despite the adaptation of memories from the circular enclosure to the novel
square enclosure, there were some changes. More specifically, 12 of the 14 interior place cells
remained in their same positions. However, two of the previously interior place cells moved to the
exterior (the cyan and pink tails) and, correspondingly, two of the previously exterior place cells
moved to the interior, filling the now vacant memory locations (red and blue tails, which actually
took the shorter path wrap-around direction, rather than the long paths shown in the figure). In
addition, one new memory was formed (the encircled yellow dot). Another important aspect of
this partial remapping is the set of subtle changes in the exterior place cells to accommodate the
square shape.

Using the same parameters and same situation of recording in a familiar enclosure before a
change to a novel enclosure placed in the same global context and containing the same non-
spatial attribute, Figure 147 shows a simulation that is more accurately be described as global
remapping (Geva-Sagiv et al., 20162 ; O’keefe & Nadel, 1979 ). In this case, the familiar enclosure
was a rectangle that was only 25% as tall as the square. As seen in Figure 14A 2, the exterior place
cells conformed to the shape of the rectangle. When moved to the square enclosure (Figure

14B @), this gave the animal access to previously unexplored regions within the global context
(the regions above the North wall of the rectangular enclosure and below the South wall of the
rectangular enclosure). As a result of learning and consolidation for these previously unexplored
regions, the exterior place cells above and below the remembered enclosure were pushed a
substantial distance to accommodate the larger square shape. Furthermore, 4 new interior
memories were created (as well as one new exterior memory) and some of the interior memories
changed from one interior position to a different interior position. By the end of the recording in
the novel square enclosure, the memories formed into a 6-layer face-centered head direction grid
module, demonstrating that even with global remapping, memories from other enclosures can be
adapted to provide a rapid understanding of a novel enclosure. However, in this case, this
occurred in combination with a greater degree of new memory formation and more radical
changes in the positions of place cells than the remapping that occurred with the change from a
circular enclosure to a square enclosure.

Finally, one notable behavior of the border cells in Figure 14 is that East/West border cells
appeared to elongate their responses when the East and West borders were elongated to create the
novel square enclosure. Exactly this result has been reported in the literature (Solstad et al.,

allocentric playing field in which different enclosures can be represented, with a tendency for the
playing field to align with borders. In other words, the border cells define a toroidal space (a
donut) on which knowledge for the enclosure can be created (e.g., placing memory “sprinkles” on
the donut in the shape of the enclosure).
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Figure 14.

Simulation results for a familiar rectangular enclosure followed by a change to a square enclosure placed in the same
context, containing the same non-spatial attribute. (A) As with the narrow passage in Figure 122, the familiar rectangular
enclosure was too narrow to produce a highly regular hexagonal grid. (B) In switching to the much larger square enclosure,
most place cells changed their locations (global remapping) and 5 new memories were formed. Despite the considerable
disruption in the place fields, the memories from the rectangular enclosure allowed for the rapid establishment of the
hexagonal grid, including head direction conjunctive grid cells (see Figure 13 caption for additional information).
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Discussion

These simulation results demonstrate that a memory model can explain many of the results in the
rodent electrophysiology literature that were previously assumed to reflect the operations of an
entorhinal/hippocampal navigation system. The ability of the model to explain these results raises
the possibility that place cells are in fact memory cells, representing conjunctions of what and
where and that grid cells are in fact non-spatial what cells, with select locations triggering retrieval
for the non-spatial attributes (i.e., remembering the non-spatial attributes that exist at a particular
location). Because there are many different non-spatial attributes that contribute to hippocampal
memories, only a small proportion of the cells in entorhinal cortex are truly spatial on this
account. Specifically, the true spatial cells are the head direction and border cells. The grid cells
only appear to be spatial because their activity was recorded while the animal navigated an open
field enclosure in which the non-spatial attributes were the same at all locations (i.e., navigation in
an enclosure devoid of salient landmarks). This uniformity of the non-spatial attributes leads to a
situation in which memories become arrayed in a hexagonal grid owing to pattern separation and
rapid memory consolidation.

Key Predictions Made by this Memory Model

This account predicts that all grid cells are conjunctive grid cells and the attributes that are
examples of this, head direction conjunctive grid cells become head direction cells in the absence
of hippocampal memory feedback (Bonnevie et al., 2013 ) and some garden-variety grid cells
become sound-frequency cells when the animal performs a sound-frequency task (Aronov et al.,

arrayed in a hexagonal grid. This does not mean that all place cell fields should be part of the same
grid. Instead, the key prediction is that sets of place cells should be arrayed in a grid if the attribute
that defines the set of place cell memories is found uniformly throughout a previously explored two-
dimensional surface. A set of place cells is defined as place cells that represent the same attribute
in conjunction with location information (e.g., all places with a particular odor). The attribute that
links a set of place cells could be spatial, such as with head direction (i.e., a remembered viewpoint
at all locations), and one way to test this idea would be to find sets of place cells that are sensitive
to the same head direction, with a test of whether their corresponding place fields are arrayed in a
grid. But more generally it will be difficult to identify sets of place cells linked by a non-spatial
attribute considering that non-spatial attributes are not typically manipulated during a navigation
experiment (more to the point, the set of place cells is predicted to be arrayed in a grid precisely
because the non-spatial attribute is not manipulated). One approach for testing this prediction
would be to use a particular grid cell to reference the non-spatial attribute (i.e., identify place cells
that are also active when a particular grid cell is active). Once identified, the corresponding set of
place cells should have their place centers arrayed in a hexagonal grid. In other words, there
should be a one-to-one correspondence between each grid field of a particular grid cell and a
corresponding place field.

The one-to-one correspondence between each grid field and a corresponding place field arises in
the model from hippocampal feedback. In other words, the place fields are the cause of the grid
fields. However, the model is bidirectional and recurrent. For instance, memory consolidation of
the place cells arises from cycles of bottom-up and top-down activation between entorhinal cells
and hippocampal place cells. As such, changes in the properties of the grid cells may entail
changes in the properties of place cells. This recurrence might explain the finding that
manipulations of grid spacing are associated with an increase in the size of place fields (Mallory et

cells. If the place cells are actively moving their place centers with ongoing consolidation (e.g.,
moving to acquire a larger spacing between memories), they will appear to have larger place
fields because the recording session entails a time period in which the place cells are actively
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changing their preferred locations. In the simulation results, this occurred with a novel enclosure
(see for instance the larger grid field sizes, which arise from unstable place cells, for the novel
network results in Figures 6 2/7(%), and to a lesser extent with remapping (Figure 13(%/142).

This memory model predicts that grid-like responses do not require spatial navigation for their
existence. Instead, grid-like responses might occur in any situation involving a highly familiar two-
dimensional space in which nothing of interest varies aside from the two dimensions. In such
cases, the memories that represent points in the two-dimensional space arrange themselves into
an equally spaced hexagonal pattern owing to consolidation and pattern separation. If this pattern
separation consolidation process is a general property of cortical neurons, grid-like responses may
be found throughout the cortex. This might explain why well- learned non-spatial two-
dimensional spaces such as cartoon bird neck/leg length (Constantinescu et al., 2016 @) and
pine/banana odors (Bao 9@) produce grid-like responses in areas other than the MTL. It
might also explain why visual search in the two dimensions of the visual field can produce grid-
like responses in humans (Julian et al., 2018 @) and primates (Killian et al., 2012%).

This non-spatial, memory account of grid cells places important limitations on when grid-like
responses should appear during navigation. If the two-dimensional space is cluttered
(inhomogeneous placement of non-spatial attributes) or narrow, there will still be memories and
memory retrieval for what exists in different locations (i.e., hippocampal place fields), but the
memories will fail to arrange themselves in a precise hexagonal pattern. Furthermore, even when
the space is uncluttered and the enclosure is sufficiently large, there needs to be some
salient/memorable non-spatial attributes that are found throughout the enclosure.

The dependence of grid cell responses on memory may help explain why grid cells have been
found for bats crawling on a two-dimensional surface (Yartsev et al., 2011 %), but three-
dimensional grid cells have never been observed for flying bats. More specifically, two-
dimensional surfaces have spatially fixed attributes (e.g., a location of a food source) and it is
useful to retrieve these non-spatial attributes when revisiting previously explored positions.
However, a location in the three dimensions of air is less likely to contain spatially fixed non-
spatial attributes and the spatial cueing of memories may be less useful. Thus, the memory system
of the bat may be better configured to cue memory retrieval in relation to surface positions (i.e.,
the ground) rather than positions in air. Although three-dimensional place fields are found in
flying bats (Yartsev & Ulanovsky, 2013%), these 3D place cells might reflect memory for the
geometry of the environment (i.e., a true place cell, rather than a what/where memory
conjunction). This highlights the key hypothesis of this memory theory of grid cells. If grid cells are
non-spatial and reflect memory rather than navigation, and if non-spatial attributes are more
typically affixed to surfaces rather than arbitrary locations in air, then bats should exhibit two-
dimensional grid cells responses but not three-dimensional grid cell responses even though they
navigate in three dimensions.

Other Grid Cell Models Assume that Grid Cells are Spatial

The regularity of grid cell responses is fascinating and unparalleled in neuroscience - the
existence of the grid pattern assuredly tells us something important about the operation of the
nervous system and, correspondingly, there have been dozens of models aimed at explaining how
the regular grid pattern emerges. These models are briefly considered to highlight the most
important differences between them and this memory model of grid cells. The first wave of grid
cell models built the grid cell responses in a purely bottom-up fashion, proposing that place cells
learn their positions as defined by a population code of grid cells (Hasselmo, 2009 2 ; Mhatre et al.,
20123; Solstad et al., 2006 2). Subsequent work called into question these models (although see
Lian & Burkitt, 2022 %), based on the finding that inactivation of the hippocampus eliminates grid
responses (Bonnevie et al., 2013(@) and the finding that place cells exist before grid cells during
development (Bjerknes et al., 2014%). To accommodate such results, a second wave of grid cell
models assumed that place cells serve as a guide for the development/emergence of grid cell
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responses (Castro & Aguiar, 2014 @; Stepanyuk, 20152 ; Widloski & Fiete, 2014 ). However, it is
less clear why the grid cells are needed in these models, considering that place cells could directly
provide spatial knowledge, although some have proposed that grid cells are useful for charting
novel navigational paths (Bellmund et al., 2016 (2; Bush et al., 2015 (2; Sorscher et al., 20232).
Recently, there are several models that take a broader information-theoretic view of the MTL by
asking what kinds of representations are useful for representing different kinds of spaces in a
parsimonious manner (Mok & Love, 20197 ; Rodriguez-Dominguez & Caplan, 2019 @ ; Wei et al.,
2015 ), or useful for predictive coding (Stachenfeld et al., 2017 ). These models can capture
some of the grid cell results presented in the current simulations, including extension to non-
spatial grid-like responses. However, unlike the present model, these models still assume that
entorhinal grid cells represent space rather than a non-spatial attribute.

Conclusions

Returning to the original question posed in this study - how can the function of the MTL be the
creation and retrieval of episodic memories if most of the cells in MTL are spatial? The proposed
theory and model present a potential answer. The appearance of rodent MTL as primarily
concerned with navigation rather than memory may be spurious if grid cells have been
misclassified as spatial. Instead, place cells may be “memory cells” that combine spatial location
with many other dimensions into complex conjunctions representing episodic memories, and the
precise hexagonal firing pattern of grid cells might reflect memory encoding for non-spatial
attributes (“what”) that are found throughout the two-dimensional surface.
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Reviewer #1 (Public Review):

Huber proposes a theory where the role of the medial temporal lobe (MTL) is memory, where
properties of spatial cells in the MTL can be explained through memory function rather than
spatial processing or navigation. Instantiating the theory through a computational model, the
author shows that many empirical phenomena of spatial cells can be captured, and may be
better accounted through a memory theory. It is an impressive computational account of MTL
cells with a lot of theoretical reasoning and aims to tightly relate to various spatial cell data.

In general, the paper is well written, but likely due to the complexity, there are various
aspects of the paper that are difficult to understand. One point is that it is not entirely clear to
me that it is a convincing demonstration of purely memory rather than navigation, but rather
an account of the findings through the lens of memory. Below, I raise several big-picture
theoretical questions. I also have some clarification questions about the model (where I also
have some theoretical question marks - due to not achieving a full understanding).

(1) Although the theory is based on memory, it also is based on spatially-selective cells. Not all
cells in the hippocampus fulfill the criteria of place/HD/border/grid cells, and place a role in
memory. E.g., Tonegawa, Buszaki labs' work does not focus on only those cells, and there are
certainly a lot of non-pure spatial cells in monkeys (Martinez-Trujillo) and humans (iEEG).
Does the author mainly focus on saying that "spatial cells" are memory, but do not account for
non-spatial memory cells? This seems to be an incomplete account of memory - which is fine,
but the way the model is set up suggests that *all* memory is, place (what/where), and non-
spatial attributes ("grid") - but cells that don't fulfil these criteria in MTL (Diehl et al., 2017,
Neuron; non-grid cells; Schaeffer et al., 2022, ICML; Luo et al., 2024, bioRxiv) certainly
contribute to memory, and even navigation. This is also related to the question of whether
these cell definitions matter at all (Luo et al., 2024).
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The authors note "However, this memory conjunction view of the MTL must be reconciled
with the rodent electrophysiology finding that most cells in MTL appear to have receptive
fields related to some aspect of spatial navigation (Boccara et al., 2010; Grieves & Jeffery,
2017). The paucity of non-spatial cells in MTL could be explained if grid cells have been
mischaracterized as spatial.” Is the author mainly talking about rodent work?

(2) Related to the last point, how about non-grid multi-field mEC cells? In theory, these also
should be the same; but the author only presents perfect-look grid cells. In empirical work,
clearly, this is not the case, and many mEC cells are multi-field non-grid cells (Diehl et al.,
2017). Does the model find these cells? Do they play a different role?

As noted by the author "Because the non-spatial attributes are constant throughout the two-
dimensional surface, this results in an array of discrete memory locations that are
approximately hexagonal (as explained in the Model Methods, an "online" memory
consolidation process employing pattern separation rapidly turns an approximately
hexagonal array into one that is precisely hexagonal). "

If they are indeed all precisely hexagonal, does that mean the model doesn't have non-grid
spatial cells?

(3) Theoretical reasons for why the model is put together this way, and why grid cells must be
coding a non-spatial attribute: Is this account more data-driven (fits the data so formulated
this way), or is it theoretical - there is a reason why place, border, grid cells are formulated to
be like this. For example, is it an efficient way to code these variables? It can be both, like
how the BVC model makes theoretical sense that you can use boundaries to determine a
specific location (and so place cell), but also works (creates realistic place cells).

But in this case, the purpose of grid cell coding a non-spatial attribute, and having some kind
of system where it doesn't fire at all locations seems a little arbitrary. If it's not encoding a
spatial attribute, it doesn't have to have a spatial field. For example, it could fire in the whole
arena - which some cells do (and don't pass the criteria of spatial cells as they are not
spatially "selective" to another location, related to above).

(4) Why are grid cells given such a large role for encoding non-spatial attributes? If anything,
shouldn't it be lateral EC or perirhinal cortex? Of course, they both could, but there is less
reason to think this, at least for rodent mEC.

(5) Clarification: why do place cells and grid cells differ in terms of stability in the model?
Place cells are not stable initially but grid cells come out immediately. They seem directly
connected so a bit unclear why; especially if place cell feedback leads to grid cell fields. There
is an explanation in the text - based on grid cells coding the on-average memories, but these
should be based on place cell inputs as well. So how is it that place fields are unstable then
grid fields do not move at all? I wonder if a set of images or videos (gifs) showing the
differences in spatial learning would be nice and clarify this point.

(6) Other predictions. Clearly, the model makes many interesting (and quite specific!)
predictions. But does it make some known simple predictions?

» More place cells at rewarded (or more visited) locations. Some empirical researchers seem
to think this is not as obvious as it seems (e.g., Duvellle et al., 2019; JoN; Nyberg et al., 2021,
Neuron Review).

¢ Grid cell field moves toward reward (Butler et al., 2019; Boccera et al., 2019).

* Grid cells deform in trapezoid (Krupic et al., 2015) and change in environments like mazes
(Derikman et al., 2014).

https://doi.org/10.7554/eLife.95733.1.sa2

David E. Huber, 2024 eLife. https://doi.org/10.7554/eLife.95733.1 47 of 55


https://doi.org/10.7554/eLife.95733.1
https://doi.org/10.7554/eLife.95733.1.sa2

7 eLife

Reviewer #2 (Public Review):

The manuscript describes a new framework for thinking about the place and grid cell system
in the hippocampus and entorhinal cortex in which these cells are fundamentally involved in
supporting non-spatial information coding. If this framework were shown to be correct, it
could have high impact because it would suggest a completely new way of thinking about the
mammalian memory system in which this system is non-spatial. Although this idea is
intriguing and thought-provoking, a very significant caveat is that the paper does not provide
evidence that specifically supports its framework and rules out the alternate interpretations.
Thus, although the work provides interesting new ideas, it leaves the reader with more
questions than answers because it does not rule out any earlier ideas.

Basically, the strongest claim in the paper, that grid cells are inherently non-spatial, cannot be
specifically evaluated versus existing frameworks on the basis of the evidence that is shown
here. If, for example, the author had provided behavioral experiments showing that human
memory encoding/retrieval performance shifts in relation to the predictions of the model
following changes in the environment, it would have been potentially exciting because it
could potentially support the author's reconceptualization of this system. But in its current
form, the paper merely shows that a new type of model is capable of explaining the existing
findings. There is not adequate data or results to show that the new model is a significantly
better fit to the data compared to earlier models, which limits the impact of the work. In fact,
there are some key data points in which the earlier models seem to better fit the data.

Overall, I would be more convinced that the findings from the paper are impactful if the
author showed specific animal memory behavioral results that were only supported by their
memory model but not by a purely spatial model. Perhaps the author could run new
experiments to show that there are specific patterns of human or animal behavior that are
only explained by their memory model and not by earlier models. But in its current form, I
cannot rule out the existing frameworks and I believe some of the claims in this regard are
overstated.

In addition to the broader concerns noted above regarding the absence of any specific
behavioral data that are explained by their model and not by existing spatial models, I am
additionally concerned that this manuscript does not explain a number of important key
empirical results in the rodent grid cell literature.

* The paper does not fully take into account all the findings regarding grid cells, some of
which very clearly show spatial processing in this system. For example, findings on grid-by-
direction cells (e.g., Sargolini et al. 2006) would seem to suggest that the entorhinal grid
system is very specifically spatial and related to path integration. Why would grid-by-
direction cells be present and intertwined with grid cells in the author's memory-related
reconceptualization? It seems to me that the existence of grid-by-direction cells is strong
evidence that at least part of this network is specifically spatial.

*Tam also concerned that the paper does not do enough to address findings regarding how
the elliptical shape of grid fields shifts when boundaries of an environment compress in one
direction or change shape/angles (Lever et al., & Krupic et al). Those studies show
compression in grid fields based on boundary position, and I don't see how the authors'
model would explain these findings.

* Are findings regarding speed modulation of grid cells problematic for the paper's memory
results?

* A further issue is that the paper does not seem to adequately address developmental
findings related to the timecourses of the emergence of different cell types. In their
simulation, researchers demonstrate the immediate emergence of grid fields in a novel
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environment, while noting that the stabilization of place cell positions takes time. However,
these simulation findings contradict previous empirical developmental studies (Langston et
al,, 2010). Those studies showed that head direction cells show the earliest development of
spatial response, followed by the appearance of place cells at a similar developmental stage.
In contrast, grid cells emerge later in this developmental sequence. The gradual improvement
in spatial stability in firing patterns likely plays a crucial role in the developmental trajectory
of grid cells. Contrary to the model simulation, grid cells emerge later than place cells and
head direction cells, yet they also hold significance in spatial mapping.

* The model simulations suggest that certain grid patterns are acquired more gradually than
others. For instance, egocentric grid cells require the stabilization of place cell memories
amidst ongoing consolidation, while allocentric grid cells tend to reflect average place field
positions. However, these findings seemingly conflict with empirical studies, particularly
those on the conjunctive representation of distance and direction in the earliest grid cells.
Previous studies show no significant differences were found in grid cells and grid cells with
directional correlates across these age groups, relative to adults (Wills et al., 2012). This
indicates that the combined representation of distance and direction in single mEC cells is
present from the earliest ages at which grid cells emerge.

https://doi.org/10.7554/eLife.95733.1.sa1

Reviewer #3 (Public Review):

The author presents a novel theory and computational model suggesting that grid cells do not
encode space, but rather encode non-spatial attributes. Place cells in turn encode memories
of where those specific attributes occurred. The theory accounts for many experimental
results and generates useful predictions for future studies. The model's simplicity and
potential explanatory power will interest others in the field, though there are a number of
concerns that should first be addressed.

A crucial assumption of the model is that the content of experience must be constant in space.
It's difficult to imagine a real-world example that satisfies this assumption. Odors and sounds
are used as examples. While they are often more spatially diffuse than an objects on the
ground, odors and sounds have sources that are readily detectable. Animals can easily
navigate to a food source or to a vocalizing conspecific. This assumption is especially
problematic because it predicts that all grid cells should become silent when their preferred
non-spatial attribute (e.g. a specific odor) is missing. I'm not aware of any experimental data
showing that grid cells become silent. On the contrary, grid cells are known to remain active
across all contexts that have been tested, including across sleep/wake states. Unlike place
cells, grid cells do not seem to turn off. Since grid cells are active in all contexts, their
preferred attribute must also be present in all contexts, and therefore they would not convey
any information about the specific content of an experience.

The proposed novelty of this theory is that other models all assume that grid cells encode
space. This isn't quite true of models based on continuous attractor networks, the discussion
of which is notably absent. More specifically, these models focus on the importance of
intrinsic dynamics within the entorhinal cortex in generating the grid pattern. While this
firing pattern is aligned to space during navigation and therefore can be used as a
representation of that space, the neural dynamics are preserved even during sleep. Similarly,
it is because the grid pattern does not strictly encode physical space that grid-like signals are
also observed in relation to other two-dimensional continuous variables.

The use of border cells or boundary vector cells as the main (or only) source of spatial
information in the hippocampus is not well supported by experimental data. Border cells in
the entorhinal cortex are not active in the center of an environment. Boundary-vector cells
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can fire farther away from the walls but are not found in the entorhinal cortex. They are
located in the subiculum, a major output of the hippocampus. While the entorhinal-
hippocampal circuit is a loop, the route from boundary-vector cells to place cells is much less
clear than from grid cells. Moreover, both border cells and boundary-vector cells (wWhich are
conflated in this paper) comprise a small population of neurons compared to grid cells.

https://doi.org/10.7554/eLife.95733.1.sa0

Author Response
OVERVIEW OF RESPONSE TO REVIEWS

I thank the three anonymous reviewers for providing well-informed, constructive feedback
on the initial version of this manuscript. Based on their comments I will revise the
manuscript and hopefully improve it in several ways. I expected a great deal of resistance to
the ideas proposed in this model because they break from traditional approaches. One of my
goals in developing this model was to argue for a paradigm shift regarding the concept of a
“receptive field”. Experimentally, the receptive field is defined as the set of preferred
environmental sensory circumstances that cause a neuron to become highly active.
Traditional interpretation of receptive fields implicitly assumes that the environmental
circumstances that give rise to the receptive field do so in a purely bottom-up fashion (the cell
is “receiving” its field), in which case the receptive field specifies the function of the cell. In
other words, the receptive field is what the cell does. However, some brain regions (e.g.,
entorhinal cortex) receive substantial feedback from downstream regions (e.g.,
hippocampus), and feedback can play an important role in determining the receptive field. As
applied to a memory account of MTL, this feedback is memory retrieval and reactivation.
Thus, the multifield spatial response of grid cells doesn’t necessarily mean that their function
is spatial. Consideration of bottom-up versus top-down signals gives rise to the proposal that
the bottom-up preference of many grid cells is some non-spatial attribute even though they
exhibit a spatial receptive field owing to retrieval in specific locations.

One thing I will emphasize in a revision is that this model can address findings in the vast
literature on learning, memory, and consolidation. The question asked in this study is
whether a memory model can also explain the rodent navigation literature. This is not an
attempt to provide definitive evidence that this is a better account of the rodent navigation
literature. Instead, the goal is to model the rodent navigation literature even though this is a
memory model rather than a spatial/navigation model. Nevertheless, within the domain of
rodent spatial/navigation, this model makes different predictions/explanations than
spatial/navigation models. For instance, this is the only model predicting that many grid cells
with spatial receptive fields are non-spatial (see predictions in Box 1). As reviewed in Box 1,
this is the only model that can explain why head direction conjunctive grid cells become head
direction cells in the absence of hippocampal feedback and it is the only model that can
explain why some grid cells are also sensitive to sound frequency (see several other unique
explanations in Box 1).

This study is an attempt to unify the spatial/navigation and learning/memory literatures with
a relatively simply model. Given the simplicity of the model, there are important findings that
the model cannot address - it is not that the model makes the wrong predictions but rather
that it makes no predictions. The role of running speed is one such variable for which the
model makes no predictions. Similarly, because the model is a rate-coded model rather than a
model of oscillating spiking neurons, it makes no predictions regarding theta oscillations. The
model is an account of learning and memory for an adult animal, and it makes no predictions
regarding the developmental or evolutionary time course of different cell types. This model
contains several purely spatial representations such as border cells, head direction cells, and
head direction conjunctive grid cells. In evolution and/or in development, it may be that these
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purely spatial cell types emerged first, followed by the evolution and/or development of non-
spatial cell types. However, this does not invalidate the model. Instead, this is a model for an
adult animal that has both episodic memory capabilities and spatial navigation capabilities,
irrespective of the order in which these capabilities emerged.

Grid cell models that are purely spatial are agnostic regarding the thousands of findings in
the literature on memory, learning, and consolidation whereas this model can potentially
unify the learning/memory and spatial/navigation literatures. The reason to prefer this model
is parsimony. Rather than needing to develop a theory of memory that is separate from a
theory of spatial navigation, it might be possible to address both literatures with a unified
account. There are other grid cell models that can explain non-spatial grid-like responses
(Mok & Love, 2019; Rodriguez-Dominguez & Caplan, 2019; Stachenfeld et al., 2017; Wei et al.,
2015) and these models may be similarly positioned to explain memory results. However,
these models assume that grid cells exhibiting spatial receptive fields serve the function of
identifying positions in the environment (i.e., their function is spatial). As such, these models
do not explain why most of the input to rodent hippocampus appears to be spatial (these
models would need to assume that rodent hippocampus is almost entirely concerned with
spatial navigation). This account provides an answer to this conundrum by proposing that
grid cells with spatial receptive fields have been misclassified as spatial. Below I give
responses to some of the specific comments made by reviewers, grouping these comments by
topic:

COMMENTS RELATED TO THE NEED/MOTIVATION FOR THIS MODEL

In a revision, I will clarify that the non-spatial MTL cell types that are routinely found in
primate and human studies are fully compatible with this model. The reported simulations
are focused on the specific question of how it can be that most mEC and hippocampal cell
types in the rodent literature appear to be spatial. It is known that perirhinal cortex is not
spatial. However, entorhinal cortex is the gateway to hippocampus. If the hippocampus has
the capacity to represent non-spatial memories, it must receive non-spatial input from
entorhinal cortex. These simulations suggest that characterization of the rodent mEC cortex
as primarily spatial might be incorrect if most grid cells (except perhaps head direction
conjunctive grid cells) have been mischaracterized as spatial.

Lateral entorhinal cortex also projects to hippocampus, and one reviewer asks about the
distinction between lateral versus medial entorhinal cortex. From this memory perspective,
the important question is which part of the entorhinal cortex represents the non-spatial
attributes common to the entire recording session, under the assumption that the animal is
creating and retrieving memories during recording. If these non-spatial attributes are
represented in lateral EC, there would be grid cells in lateral EC (but these are not found).
There is evidence that lateral EC cells respond selectively in relation to objects (Deshmukh &
Knierim, 2011), but in a typical rodent navigation study there are no objects in the enclosure.

One reviewer asks whether this model is built to explain the existing data or whether the
assumptions of this model are made for theoretical reasons. The BVC model (Barry et al.,
2006), which is a precursor to this model, is a theoretically efficient representation of space
that could support place coding. If the distances to different borders are known, it’s not clear
why the MTL also needs the two-dimensional Fourier-like representation provided by grid
cells. This gives rise to the proposal that grid cells with spatial receptive fields are serving
some function other than representing space. In the proposed model, the precise hexagonal
arrangement of grid cells indicates a property that is found everywhere in the enclosure (i.e.,
a “tiling” of knowledge for where the property can be found). This arrangement arises from
the well-documented learning process termed “differentiation” in the memory literature
(McClelland & Chappell, 1998; Norman & O’Reilly, 2003; Shiffrin & Steyvers, 1997), which
highlights differences between memories to avoid interference and confusion.
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CONCERNS RELATED TO LIMITATIONS AND CONFLICTING RESULTS

One reviewer points out that individual grid cells will typically reveal a grid pattern
regardless of the environmental circumstances, which, according to this model, indicates that
all such circumstances have the same non-spatial attribute. This might seem strange at first,
but I suggest that there is a great deal of “sameness” to the environments used in the
published rodent navigation experiments. For instance, as far as I'm aware, the animal is
never allowed to interact with other animals during spatial navigation recording.
Furthermore, the animal is always attached to wires during recording. The internal state of
the animal (fear, aloneness, the noise of electronics, etc.) is likely similar across all recording
situations and attributes of this internal state are likely represented in the hippocampus as
well as in the regions that provide excitatory drive to hippocampus. The claim of this model is
that the grid cells are “tagging” different navigation enclosures as places where these things
happen (fear, aloneness, electronics, metal floor, no objects, etc.). The interesting question is
what happens when the animal is allowed to navigate in a more naturalistic setting that
includes varied objects, varied food sources, varied surfaces, other animals, etc. Do grid cells
persist in such a naturalistic environment? Or do they lose their regularity, or even become
silent, considering that there is no longer a uniformity to the non-spatial attributes? The
results of Caswell Barry et al. (2012), demonstrate that the grid pattern expands and becomes
less regular in a novel environment. Nevertheless, the novel environment in that study was
uncluttered rather than naturalistic. It remains to be seen what will happen with a truly
naturalistic environment.

One reviewer asks how this model relates to non-grid multifield cells found in mEC (Diehl et
al., 2017; see also the irregularly arranged 3D multifield cells reported by Ginosar et al., 2021).
A full explanation of these cells would require a new simulation study. In a revision, I will
discuss these cells, which reveal a consistent multifield spatial receptive field and yet the
multiple fields are irregular in their arrangement rather than a precise hexagonal lattice. On
this memory account, precise hexagonal arrangement of memories is something that occurs
when there is a non-spatial attribute found throughout the enclosure. However, in a typical
rodent navigation study, there may be some non-spatial attributes that are not found
everywhere in the enclosure. For instance, consider the set of locations within the enclosure
that afford a particular view of something outside of the enclosure or the set of locations
corresponding to remembered episodic events (e.g., memory for the location where the
animal first entered the enclosure). For non-spatial characteristics that are found in some
locations but not others within in the enclosure, the cells representing those non-spatial
attributes should reveal multifield firing at irregular locations, reflecting the subset of
locations associated with the non-spatial attribute.

One reviewer suggests that this model cannot explain the finding that grid fields become
warped (e.g., grid fields arranged in an ellipse rather than a circle) in the same manner that
the enclosure is warped when a wall is moved (Barry et al., 2007). The way in which I would
simulate this result would be to assume that the change in the boundary location was too
modest to be noticed by the animal. Because the distances are calculated relative to the
borders, an unnoticed change in the border would not change the model in terms of the grid
field as measured by proportional distances between borders. However, because the real-
world Euclidean positions of the border are changed, the grid fields would be changed in
terms of real-world coordinates. This is what I was referring to in the paper when I wrote
“For instance, perhaps one egocentric/allocentric pair of mEC grid modules is based on head
direction (viewpoint) in remembered positions relative to the enclosure borders whereas a
different egocentric/allocentric pair is based on head direction in remembered positions
relative to landmarks exterior to the enclosure. This might explain why a deformation of the
enclosure (moving in one of the walls to form a rectangle rather than a square) caused some
of the grid modules but not others to undergo a deformation of the grid pattern in response
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to the deformation of the enclosure wall (see also Barry et al., 2007). More specifically, if there
is one set of non-orthogonal dimensions for enclosure borders and the movement of one wall
is too modest as to cause avoid global remapping, this would deform the grid modules based
the enclosure border cells. At the same time, if other grid modules are based on exterior
properties (e.g., perhaps border cells in relation to the experimental room rather than the
enclosure), then those grid modules would be unperturbed by moving the enclosure wall.”
Related to the question of enclosure geometry, the irregularity that can emerge in trapezoid
shaped enclosures was discussed in the section of the paper that reads “As seen in Figure 12,
because all but one of the place cells was exterior when the simulated animal was
constrained to a narrow passage, the hippocampal place cell memories were no longer
arranged in a hexagonal grid. This disruption of the grid array for narrow passages might
explain the finding that the grid pattern (of grid cells) is disrupted in the thin corner of a
trapezoid (Krupic et al., 2015) and disrupted when a previously open enclosure is converted
to a hairpin maze by insertion of additional walls within the enclosure (Derdikman et al.,
2009).”

CONCERNS THAT WILL BE ADDRESSED WITH GREATER CLARIFICATION

One reviewer asks why a cell representing a non-spatial attribute found everywhere in the
enclosure would not fire everywhere in the enclosure. In theory, cells could fire constantly.
However, in practice, cells habituate and rapidly reduce their firing rate by an order of
magnitude when their preferred stimulus is presented without cessation (Abbott et al., 1997;
Tsodyks & Markram, 1997). After habituation, the firing rate of the cell fluctuates with minor
variation in the strength of the excitatory drive. In other words, habituation allows the cell to
become sensitive to changes in the excitatory drive (Huber & O’Reilly, 2003). Thus, if there is
stronger top-down memory feedback in some locations as compared to others, the cell will
fire at a higher rate in those remembered locations. In brief when faced with constant
excitatory drive, the cell accommodates, and becomes sensitive to change in the magnitude of
the excitatory drive.

One reviewer asks for greater clarification regarding the simulation result of immediate
stability for grid cells but not place cells. In a revision, I will provide a video showing a sped-
up birds-eye view of the place cell memories for the 3D simulations that include head
direction, showing the manner in which memories tend to linger in some locations more than
others as they consolidate. This behavior was explained in the text that reads “Because the
non-spatial cell’s grid field reflects on-average memory positions during the recording session
(i.e., the locations where the non-spatial attribute is more often remembered, even if the
locations of the memories are shifting), the grid fields for the non-spatial are immediately
apparent, reflecting the tendency of place cells to linger in some locations as compared to
other locations during consolidation. More specifically, the place cells tend to linger at the
peaks and troughs of the border cell tuning functions (see the explanation above regarding
the tendency of the grid to align with border cell dimensions). By analogy, imagine a time-
lapsed birds-eye view of cars traversing the city-block structure of a densely populated city;
this on-average view would show a higher density of cars at the cross-street junctions owing
to their tendency to become temporarily stuck at stoplights. However, with additional
learning and consolidation, the place cells stabilize their positions (e.g., the cars stop
traveling), producing a consistent grid field for the head direction conjunctive grid cells.” The
text describing why some locations are more “sticky” than others reads “Additional analyses
revealed that this tendency to align with border cell dimensions is caused by weight
normalization (Step 6 in the pseudocode). Specifically, connection weights cannot be updated
above their maximum nor below their minimum allowed values. This results in a slight
tendency for consolidated place cell memories to settle at one of the three peak values or
three trough values of the sine wave basis set. This “stickiness” at one of 6 peak or trough
values for each basis set is very slight and only occurred after many consolidation steps. In
terms of biological systems, there is an obvious lower-bound for excitatory connections (i.e.,
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it is not possible to have an excitatory weight connection that is less than zero), but it is not
clear if there is an upper-bound. Nevertheless, it is common practice with deep learning
models include an upper-bound for connection weights because this reduces overfitting
(Srivastava et al., 2014) and there may be similar pressures for biological systems to avoid
excessively strong connections.”

One reviewer points out that Border cells are not typically active in the center of enclosure.
However, the model can be built without assuming between-border cells (early simulations
with the model did not make this assumption). Regarding this issue, the text reads “Unlike the
BVC model, the boundary cell representation is sparsely populated using a basis set of three
cells for each of the three dimensions (i.e., 9 cells in total), such that for each of the three non-
orthogonal orientations, one cell captures one border, another the opposite border, and the
third cell captures positions between the opposing borders (Solstad et al., 2008). However,
this is not a core assumption, and it is possible to configure the model with border cell
configurations that contain two opponent border cells per dimension, without needing to
assume that any cells prefer positions between the borders (with the current parameters, the
model predicts there will be two border cells for each between-border cell). Similarly, it is
possible to configure the model with more than 3 cells for each dimension (i.e., multiple cells
representing positions between the borders).” The Solstad paper found a few cells that
responded in positions between borders, but perhaps not as many as 1 out of 3 cells, such as
this particular model simulation predicts. If the paucity of between-border cells is a crucial
data point, the model can be reconfigured with opponent-border cells without any between
border cells. The reason that 3 border cells were used rather than 2 opponent border cells
was for simplicity. Because 3 head direction cells were used to capture the face-centered
cubic packing of memories, the simulation also used 3 border cells per dimensions to allow a
common linear sum metric when conjoining dimensions to form memories. If the border
dimensions used 2 cells while head direction used 3 cells, a dimensional weighting scheme
would be needed to allow this mixing of “apples and oranges” in terms of distances in the 3D
space that includes head direction.
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