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Abstract

Success in collaborative and competitive environments, where agents must work
with or against each other, requires individuals to encode the position and trajectory
of themselves and others. Decades of neurophysiological experiments have shed
light on how brain regions [e.g., medial entorhinal cortex (MEC), hippocampus]
encode the self’s position and trajectory. However, it has only recently been discov-
ered that MEC and hippocampus are modulated by the positions and trajectories of
others. To understand how encoding spatial information of multiple agents shapes
neural representations, we train a recurrent neural network (RNN) model that cap-
tures properties of MEC to path integrate trajectories of two agents simultaneously
navigating the same environment. We find significant differences between these
RNNs and those trained to path integrate only a single agent. At the individual
unit level, RNNs trained to path integrate more than one agent develop weaker grid
responses and stronger border responses. At the population level, they develop
more distributed and robust representations, with changes in network dynamics and
manifold topology. Our results provide testable predictions and open new directions
with which to study the neural computations supporting spatial navigation.

1 Introduction

When navigating real-world environments, individual agents (e.g., animals) must adjust their tra-
jectories based on the observed trajectories of others [, [2]. This becomes especially important in
competitive and collaborative settings, where the positions, movement directions, and speeds of others
contain information necessary for goal-based decision making. For example, an agent competing with
others for food must keep track of where “opponent” agents are and where they are headed, in order
to effectively update its strategy. While decades of research has shed fundamental light on the neural
circuitry involved in spatial navigation in the absence of others (“single agent” navigation), little is
known about how the brain enables spatial navigation in the more general “multi-agent” scenario.

A core component of spatial navigation is path integration [3]], the ability to update an estimate
of position in an environment from a sequence of movement directions and speeds (Fig. [STA).
Medial entorhinal cortex (MEC) is believed to play a critical role in supporting path integration
via functional classes of neurons [4], such as grid cells [5} 6], border cells [7], and band cells [8]].
Recent research has shown that MEC is activated when human subjects observe others navigate
environments [9} [10], suggesting that it may additionally be involved in computations supporting
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multi-agent path integration. That neural activity in MEC could be shaped by trajectories of others is
further supported by recent work demonstrating that populations of cells in hippocampus, a brain
region heavily interconnected with MEC, encode spatial information related to the positions of other
agents[11,[12,113,[14,15,/16]. However, what representations exist in MEC to support multi-agent
path integration and how they differ from the representations that have been found in single agent
environments, remains largely unexplored. This is of additional importance as it is unclear whether
continuous attractor networké{, (18, [19], which are believed to underlie the grid code in MEC
[20,[21,22] 23, 24], can simultaneously support the encoding of multiple individuals [25, 26].

To begin to investigate this open research direction, we train a recurrent neural network (RNN)
model to perform path integration of two agents (“dual agent” path integration) and interrogate
the representations that emerge. These RNN modé|28], when trained on single agent path
integration, have been shown to develop properties analogous to MEC. In particular, they exhibit
units with grid, border, and band respons2g P8,129,130] and population dynamics consistent with
continuous toroidal attractoris [31,]32].

While their biological plausibility remains uncled3, [34], we choose to analyze these RNN models

for four reasons. First, they contain inter-connectivity between “hippocampike€’and “MEC” like

layers, enabling us to model aspects of the experimentally reported multi-agent hippocampal responses
[11,12,13,[14,[15,/16]. Second, the lack of neural data from MEC in multi-agent settings makes the
outputs of these RNN models unbiased predictions that can be used to further assess their validity.
Third, these RNN models have been shown to have response properties beyond grid, border, and band
cells that are similar to those in MEC recordin@§]| suggesting that the RNNs learn solutions more
broadly representative of MEC. And fourth, beyond their connection to neuroscience, these RNN
models represent legitimate machine learning systems that exhibit improved goal-based navigation
when paired with reinforcement learniri@i7]. As autonomous agents becoming increasingly deployed

in everyday environments, their ability to navigate in multi-agent settings becomes increasingly
important B6] and understanding how the representations learned by RNN models trained on single
and dual agent path integration compare can provide new insight into how to improve this capability.

We nd that, with only a few modi cations, we can train existing RNN modé§,|28] to achieve

good performance on dual agent path integration (“dual agent RNNs”)[(Hig. S2, see Appgndlices A-B
for details). These dual agent RNNs are exible enough to generalize to single agent path integration,
whereas RNNs trained on single agent path integration (“single agent RNNs”) are not capable of
performing dual agent path integration (Sec] 2.1), demonstrating how representations that are optimal
in the single agent setting need not be optimal in the dual agent setting. Investigating the learned
representations, at the individual unit level, we nd that the need to path integrate more than one agent
leads to the emergence of stronger border representations and weaker grid representatjon$ (Sec. 2.2), a
result consistent with recent human neurophysiological experim@nt§][ Utilizing topological and
dynamical tools, we characterize differences between single and dual agent RNNs at the population
level (Sec. 2.3), nding no evidence for continuous toroidal attractors underlying the activity of
dual agent RNNs which further emphasizes their distinct computational mechanisms. These results
question how our existing understanding of MEC can be extended to the ethologically relevant
multi-agent setting, and we hope our that they will motivate future experimental and theoretical
exploration at the intersection of NeuroAl.

2 Results

2.1 Representations in single agent RNNs are not optimal for dual agent path integration

The discovery that recurrent units in RNNSs trained on single agent path integration (Appendix A)
develop responses like those found in MEXZ,[28, 29, 35] has been interpreted as a normative
demonstration of the optimality of these representations. Are these same representations also optimal
for dual agent path integration?

To test this, we apply trained single agent RNNs to the dual agent setting (Appendix B). These
networks have a decoding error of 1:0 m. (Fig. 1A red dot), nearly 40 increase in error
relative to the trained dual agent RNNs (Fig. 1gink solid line). To determine whether this high
decoding error is due to poor generalization or to the RNN being sensitive to the precise value of the
network weights, we “ ne-tune” all the trained single agent RNN weights for 10 epochs on the dual
agent path integration task (Appendix C). We nd that this leads to an improvement in performance



Figure 1: Dual agent RNNs can generalize to single agent path integration, but not vice versgA)
Decoding error of RNNs trained on single agent path integration and tested on dual agent path integration with
(red lines) and without (red dot) ne-tuning (FT) on dual agent path integration. Converged performance and
performance from random initialization of dual agent RNNs (dashed and solid pink lines, respectively) are
shown for comparison. (B) Same as (A), but for RNNSs trained on dual agent path integration and tested on
single agent path integration. (A]B) Lines denote mean and shaded area denotes maximum and minimum,
across 5 independently trained RNNs.

on dual agent path integration, although the end decoding error remains higher than the decoding
error of the trained dual agent RNN (Fig. 1Aompare solid red and pink lines). However, this
improvement is dependent on updating the trained weights in the recurrent layer, as freezing them
and ne-tuning the other weights leads to high decoding error (Fig. tedl dashed line). Taken
together, these results demonstrate that the representations learned by the recurrent units in trained
single agent RNNs are not optimal for dual agent path integration.

In contrast, trained dual agent RNNs can perform single agent path integration with decoding error
< 0:10m. (Fig. 1B green dot). Fine-tuning the weights on single agent path integration further
improves performance, even when the recurrent weights are frozen (FiggréBn dashed line).
These results demonstrate that dual agent RNNs have internal representations that are exible enough
to enable generalization to single agent path integration.

2.2 Single and dual agent RNNs develop different representations at the individual unit level

To begin dissecting the representations that emerge in dual agent RNNs, we examine the functional
properties of individual units in the recurrent layer. Previous work has found that single agent RNNs
develop responses analogous to three functional classes of neurons in MEC: grifl, &llsdrder

cells [7], and band cellsg]. The distribution of these properties can be quanti ed by computing scores
for each unit (Appendix D.2). While grid and border scores are standard metrics, to our knowledge
no band score exists. We therefore developed a metric to quantify “bameésd” (Appendix D.2).

We nd statistically signi cant differences in the distribution of these functional properties between
single and dual agent RNNSs (Fig. 2A, B). In particular, we nd dual agent RNNs develop units with
lower grid scores, but higher border and band scores (Fig. 2A). Visualizing rate maps associated with
the dual agent RNN units that have the highest grid scores, we nd that many have responses that are
not solely constrained to vertices of triangular lattices, but are instead “honeycdikd{(Fig. 2B).

This suggests that dual agent path integration leads to a weaker grid code. In contrast, dual agent
RNN units with high border and band scores have more “ideal” responses, as compared to units of
single agent RNNs, which have additional grid structure (Fig. 2B). These results are consistently
observed across all 5 independently trained RNNs (Fig. S6).

Prior work has found all three of these classes to be important for single agent path integration
[27, 29, 31, 32, 37, 38]. To understand their importance in dual agent path integration, we perform
targeted ablations, removing units with the highest grid, border, and band scores (Appendix D.3).
We compare the decoding error of these RNNs to RNNs with randomly removed units, as this has
been found to be a strong baseli3d,[35). Unlike single agent RNNs, which have a signi cant
increase in decoding error relative to the random baseline with the ablation of all functional classes,
dual agent RNNs are less sensitive to the ablation of any one functional class (Fig. 2C). This suggests
that dual agent RNNs develop a more distributed and robust representation. We note that the greater
(albeit, small) sensitivity of the dual agent RNNs to ablations of border and band cells are consistent



Figure 2:Single and dual agent RNNs differ in their distribution of functional properties. (A) Distribution

of grid, border, and band scores, computed for all units of single and dual agent RNNs. Distribution includes 5
independently trained RNNs. Kolmogorov-Smirnov (KS) test used to compare distributionp < 0:01). (B)
Visualization of rate maps (Appendix D.1) for units, from individual RNNs, with highest grid, border, and band
scores. (C) Decoding error of trained RNNs with the units corresponding to the highest grid, border, and band
score ablated (solid line: mean across 5 independently trained RNNs), compared to trained RNNs with random
units ablated (dashed lines: mean across 10 randomly sampled choices of ablated units for each independently
trained RNN; shaded area: standard deviation) (Appendix D.3). Mann-Whitney test is used to compare
distributions ( : p< 0:05and :p< 0:01 see Table S2 fgp-values).

with work arguing their driving role in path integratiogq, 31, 37, 38]. Taken together, these results
demonstrate that the addition of another dynamic variable (i.e., a second agent) leads to differences
in the distribution of functional properties, at the individual unit level, between single and dual agent
RNNSs.

2.3 Single and dual agent RNNs learn different representations at the population level

Our ndings that dual agent RNNs develop different distributions of functional classes than single
agent RNNs are suggestive that their network structures are distinct. To further explore this hypothesis,
we analyze the recurrent unit activations at the population level.

Topological data analysis (TDABP] has become a widely used tool for studying neural population
activity [24, 40, 41, 42, 43, 44, 45]. A core technique in TDA is persistent homology (Appendix E.1),
which can be used to estimate the topology of the underlying neural manifold. Applying persistent
homology, we nd evidence that the population activations of single agent RNNs are constrained to
a manifold having topology consistent with a two-dimensional torus (Fig. 3A, béick arrows),
in-line with prior characterization8[L, 32]. We see similar patterns in the persistence diagrams across
different independently trained single and dual agent RNNs (Fig. S10). This difference in topology



Figure 3:Population level activations of single and dual agent RNNs differ in their topology and dynamics.

(A) Persistence diagrams (Appendix E.1) of the population activations of example single and dual agent RNNs.
H1 bars of high lItration value correspond to existence of loops Hacdbars correspond to existence of two-
dimensional cavities. Black arrows denote features of the single agent persistence diagram that are consistent
with a two-dimensional toroidal attractor. (B) DSA (Appendix E.2) applied to the activations of independently
trained single and dual agent RNNs. Color denotes Procrustes analysis over vector elds metric.

can further be seen by the fact that the persistence diagrams corresponding to single agent RNNs are
closer (with respect to an appropriate metté]) to the persistence diagrams of an idealized torus,
than the persistence diagrams corresponding to the dual agent RNN are (Fig. S11). This suggests that
dual agent RNNslo not have the same continuous attractor structure that single agent RNNs have
[31, 32].

The topology and geometry of neural manifolds do not capture all properties of the underlying neural
circuit. Recent work has developed a data-driven dynamical systems framework [dynamic similarity
analysis (DSA)] for computing compact representations of RNN dynamids [Therefore, we
complemented our TDA results by applying DSA (Appendix E.2) to the population activations of
single and dual agent RNNs. We nd that independently trained single agent RNNs are dynamically
more similar to each other than they are to independently trained dual agent RNNs, and vice versa
(Fig. 3B). Therefore, at both the topological and dynamical level, the representations learned by the
single and dual agent RNN are different, suggesting that the addition of a second agent fundamentally
changes the network structure that emerges.

3 Discussion

Inspired by recent work demonstrating that brain regions believed to encode the self's position
and trajectory (e.g., MEC, hippocampus) are modulated by the position and trajectories of others
[9,10,11, 12, 13, 14, 15], we trained a class of RNN model&7, 28] to path integrate two agents and
investigated the representations that emerged. Given that these RNN models, when trained to path
integrate single agents, develop properties that are similar to those found in MEC at the individual
unit (e.g., grid, border, and band responses) and population (e.g., network structure with signatures of
continuous toroidal attractors) level, this is a natural point for starting to address the larger question
of how the MEC supports representation of multiple dynamic variables.

We nd that the representations that emerge in dual agent RNNSs signi cantly differ from those of
single agent RNNs. Dual agent path integration leads to weaker grid codes and stronger border
codes (Fig. 2). This is consistent with electrophysiological recordings that have found MEC encodes
distance of others to boundarié} fnd fMRI recordings that have observed a negative correlation
between grid cell strength and performance on multi-agent td€ksHunctional class ablations and

TDA revealed a distributed and robust representation, with no evidence for the population activity
being constrained to a two-dimensional torus (Fig. 3). Despite this, dual agent RNNs are able to
generalize to perform single agent path integration, even when the weights in their recurrent layer are
frozen (Fig. 1B). This demonstrates the exibility of their representatidi® énd is in-line with

work nding that neural networks trained to perform multiple tasks develop abstract and distributed
tuning (49, 50, 51, 52]. Future work can aim to reconcile these results with the eld's longstanding
understanding of the role the MEC plays in spatial navigation.



With weaker grid responses, how does the dual agent RNN learn to successfully perform its task?
Hippocampus and MEC have been found capable of performing computations in multiple reference
frames b3, 54]. We therefore hypothesize that the dual agent RNN learns to represent the movements
of both agents in the coordinate system de ned by their relative position (Appendix F). In support of
this, we nd that a minority of hidden units have high spatial informati6§] in the relative position
reference frame, and that ablating these units leads to a signi cant decrease in performance (Fig.
S13). Future work can study in more detail how the dual agent RNN develops this tuning and how
useful a computation it is for performing multi-agent path integration.

Limitations. The biological plausibility of the RNN models investigated in this w2k, [28] have

been questione®B, 34] (although, see response by Sorscher et al. (2G&8).[While our dual agent
ground truth place cells were motivated by experimental work measuring hippocampal responses in
environments with multiple animalg& ], 12, 13, 14, 15, 16, it represents only one possible choice.
Recent use of loss functions that incorporate more than just path integration have found stronger grid
responses and modularizatid@¥] 58]. Future work should investigate the properties that emerge in
these models when tasked with dual agent path integration. In our experiments, we did not account
for noise in velocity inputs, which have been found to play a dominant role in human path integration
error [69], and are presumably higher for the assessment of others' velocities (given the lack of
vestibular and proprioceptive feedback). We hypothesize that, as noise is added to the estimate of one
agent's position and velocity, dual agent RNNs will develop representations more similar to single
agent RNNSs, suggesting a trade-off that should be explored.

Predictions. Recent advances in experimental paradigms, where rodents must update their goal-based
planning given the trajectories of otheB0[ 61, 62], offer the possibility of comparing thia vivo
representations of MEC with those generated by the dual agent RNN. Our results make several
testable predictions about what responses might be found in MEC. First, we expect grid responses to
be weakened, with the cells that do have high grid score exhibiting deviations from standard grid
cells (“honeycomb” like responses, Fig. 2). Second, we expect strengthened boundary and border
responses (Fig. 2), with border cells responding most strongly when both agents are near borders
(Fig. S14). Finally, we expect that the relative position between agents will be encoded in the a
subpopulation of MEC neurons (Fig. S13) that is disjoint from cells with high grid scores (Fig. S14).
Testing these predictions will provide insight into the validity of the RNN model, as well as our
assumption that MEC can perform simultaneous path integration of two agents.

Future directions. There are several impactful directions that our work can be extended. First,
analyzing the emergent properties of RNNs trained to path integrate more than two agents can
lead to a better understanding of how the MEC performs computations in multi-agent settings.
Second, reinforcement learning can be used to probe how the dual agent RNN representations
might support higher order behavi@d, 64, 65] (such as shortcut taking in dynamic chasibg]).

Third, theoretical work, showingfrom rst principles what representations are necessary for single
agent path integratioréf, 68] can be extended to the dual agent path integration setting. Finally,
foundational work on MEC has found that grid cells encode abstract relationships beyond purely
spatial variablesf9]. These include social hierarchied)], sound frequencies/[l], list ordering
distances72], and elapsed time7B, 74, 75]. Our work has implications for how the MEC may
simultaneously integrate information across these different cognitive axes.

Outlook. Continuous attractor networks (CANS) for the grid coti@ [L8, 19] are one of the few
canonical models in computational neuroscience. That we nd RNNSs trained to perform dual agent
path integration develop structure distinct from CANSs is noteworthy. There are several possibilities
for reconciling our results with their differences to CANs, two of which we discuss below. First,
the relative space encoding that we nd could be coupled with a CAN so that the resulting network
path integrates the other agent by rst path integrating the self and then updating the other's position
estimate by using the relative spacing encoding. This kind of egocentric framework is consistent
with the presence of object vector cells in MEE]. Second, the grid code could be one of several
codes that enables path integration, and scenarios (such as the presence of another) could lead to
the reduction of the grid code for another, more suitable code. This is in-line with the negative
correlation between strength of grid responses and success in a multi-agettta®¥eg hope that

our work inspires new experiments to uncover the representations used by the brain to enable success
in multi-agent environments.
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