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Abstract

How complex collective behavior emerges from individual interactions is a fundamental scientific question,
but experimental cost and difficulty of simultaneous multi-brain recordings limit direct study in animals. Here we
introduce a novel computational framework modeling weakly electric fish-like agents with biophysically inspired
electrosensing and actuation, trained to forage collectively via multi-agent reinforcement learning (MARL). Trained
agents reproduce hallmarks of real fish, including curvilinear homing trajectories and heavy-tailed electric organ
discharge (EOD) interval statistics, while exhibiting emergent active sensing, social foraging, dominance-like
asymmetries, and aggression. We perform in silico interventions including sensor ablations, EOD silencing, and
food distribution changes to identify causal drivers of social foraging. Analyses of recurrent neural dynamics
further show robust encoding of task-relevant variables and social context. Our work has broad implications for the
neuroethology of weakly electric fish and other social animals where extensive multi-individual neural recordings,
and thus traditional data-driven modeling, remain challenging.

1 INTRODUCTION

Understanding how complex social behavior and neural
activity emerge from interactions among individuals
is a central problem in neuroscience, ethology, and
artificial intelligence. Social behavior requires individuals
to sense, communicate, and coordinate with others in
dynamic environments, yet the mechanisms linking
sensory signals, neural activity, and group behavior
remain poorly understood. Progress is constrained from
two directions.  Experimentally, simultaneous neural
recordings from multiple freely interacting animals
are technically challenging, and large-scale behavioral
assays are expensive, time-consuming, and difficult to
manipulate ->. Computationally, existing agent-based and
reinforcement-learning models of collective behavior have
provided important insights into schooling, coordination,
and emergent communication’’, but typically rely on
simplified sensory representations that are not grounded in
the biophysics of any real sensory system. We pursued an
approach that combines biophysical realism, closed-loop
multi-agent decision-making, and full experimental
controllability, which allowed us to study sensing, signaling,
and collective behavior in a fully observable and controllable
setting.

Weakly electric fish are a particularly well-suited model
system for studying these questions, because they generate
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brief electric organ discharges (EODs) that serve two
coupled functions: active sensing of the environment and
communication with conspecifics (members of the same
species)®™'7.  Here, we use “communication” to refer
operationally to EOD signals that are sensed by conspecifics
via Knollenorgans and that influence their behavior. This
coupling makes sensing and social signaling inseparable,
uniquely positioning it for studying how sensory and
communication signals jointly shape collective behavior.
Weakly electric fish also display a rich repertoire of social
foraging behaviors, including context-dependent EOD
modulation, dominance hierarchies, and competition over
food resources '"~!7. The biophysics of EOD generation
and electroreception are well characterized'®'®, and
experimental data on individual and dyadic behavior
are available for model validation'”=*'. Simultaneously,
multi-animal neural recordings from freely interacting fish
are not yet feasible at scale, and group-level behavioral
assays are difficult to control and interpret. As a result, major
gaps remain in our understanding of how electrosensing and
electrocommunication jointly support social foraging and
collective behavior.

To address this, we introduce a simulation based
framework in which fish-like agents are endowed with
biophysically inspired electrosensing and motor capabilities
and trained to forage collectively using multi-agent
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reinforcement learning (MARL). In addition to providing
an engineering benchmark, our framework serves as a
scientific model of social sensing, closed-loop behavior,
and inter-agent interaction. Prior work has modeled
fish collective behavior~>?>~>* and electrosensory
processing '“'%?  separately, with collective models
relying on simplified sensory representations®’” and
electrosensory models lacking closed-loop multi-agent
decision-making '®*°. To our knowledge, no prior work has
combined all three major mormyrid electroreceptor classes,
active EOD generation, collective sensing, and closed-loop
multi-agent decision-making in a single framework, nor
produced electrocommunication patterns consistent with
real fish from individual fitness incentives alone. By
providing both validation against established biological
data and the flexibility to perform interventions that are
impractical or impossible in vivo, this model instantiates
an emerging virtual neuroscience paradigm”’>**?°=" in
the domain of electrosensory collective behavior. Full
observability of each agent’s sensory inputs, neural activity,
and actions across all agents simultaneously, combined with
complete experimental control over sensing, signaling, and
reward structure, enables a level of mechanistic analysis not
yet accessible in real animals. More broadly, our framework
illustrates how biophysically grounded virtual-agent models
can address fundamental questions about embodied social
intelligence and the consequences of disrupted sensing or
communication for collective behavior.

Using this approach, we show that trained agents
reproduce hallmark features of real weakly electric
fish, including curvilinear homing trajectories and
heavy-tailed EOD interval statistics, while exhibiting
emergent social foraging, dominance-like asymmetries,
and context-dependent EOD modulation. In silico
sensor ablations and signaling manipulations reveal
distinct causal contributions of short- and long-range
electroreceptor classes to foraging efficiency, social spacing,
and food-consumption inequality. Analyses of agents’
recurrent neural dynamics show that task-relevant variables
and social context are encoded in recurrent activity, and
that pairs of interacting agents show proximity-dependent
correlated latent dynamics. Together, these results illustrate
how sensing, signaling, and neural computation jointly
support collective social behavior, and provide a platform
for generating testable predictions for experiments in real
fish and, more broadly, for understanding social intelligence
in other multi-agent sensory systems.

2 BUILDING FISH-LIKE AGENTS WITH
BIOPHYSICALLY INSPIRED
ELECTROSENSING

To build our simulation, we developed a multi-agent
reinforcement learning (MARL) environment in which
fish-like agents move, emit electric organ discharges
(EODs), sense electric fields, forage, and interact physically
within a shared arena (Fig. 1A,C,G,H). Our framework

relies on a custom-built 2D physics simulator that manages
the mechanical and electrical interactions between all
objects in the simulated arena, including the generation and
propagation of electric fields and how these fields are sensed
by biomimetic electroreceptors (Fig. 1B,D-F; Methods).

Each agent is represented as a circular particle that
chooses actions independently at every timestep. The
multivariate action space spans continuous forward
translation and angular rotation actions, and discrete
EOD emission and bite commands. These collectively
control locomotion, electrosensing, communication, and
close-range aggression (Fig. 1A). Agent motion, collision
handling, and the simulation timestep are bounded by
empirical weakly electric fish data (Methods).

Each agent’s policy is a GRU-based * actor-critic network
with feedforward action and value heads (Methods). To
introduce heterogeneity, each agent is assigned a scalar size
parameter that scales its maximum speed and is provided as
a fixed context input in its observation vector per episode.

Agents are trained with a multi-agent variant of the
Proximal Policy Optimization (PPO) algorithm, a policy
gradient method known for its stability and efficiency .
The task is specified by a reward function based on individual
fitness, with rewards for successful foraging and asymmetric
penalties during aggressive encounters: the larger (dominant)
agent incurs a smaller penalty than the smaller (subordinate)
agent.

No positive reward is assigned for communication,
coordination, chasing, or aggression toward conspecifics;
any coordination or communication that emerges arises
from agents’ shared environment and individual foraging
incentives. Here, we use “emergent” operationally to
refer to behaviors that were not hand-coded or directly
rewarded but arose through learning under the modeled
sensory, motor, ecological, and reward constraints. We
trained multiple independent seeds, performed a controlled
behavioral assay on each and, similar to prior literature ***,
selected one representative converged policy for further
analysis. Seed selection used an ethologically motivated
seed-selection criterion that balanced biological desiderata,
including group foraging success, size-dependent resource
asymmetry, and broad agent participation. Post-training
analyses were then performed on this selected policy across
several group-sizes, arena and food configurations, and
sensory perturbations.

2.1 Electric field generation and sensation

In our simulator, electric fields arise from two sources:
actively controlled EOD sources on agents, and intrinsic
electric sources associated with agents and prey (Fig. 1D,E).
These fields can be distorted as they interact with nearby
objects. As a result, agents sense not only the presence of
prey and conspecifics, but also how their own and others’
EODs are transformed by the shared environment.

Agents are equipped with three types of biomimetic
electroreceptors inspired by the well-characterized receptor
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Fig. 1. MARL framework for training fish-like agents with biophysically inspired electrosensing: (A) Schematic of the MARL training loop, where
agents interact within a simulated arena, emitting and sensing electric organ discharges (EODs) through weakly electric fish-inspired sensors. Rewards
encourage successful foraging and penalize aggressive encounters. (B) Schematic of electrosensing and social behaviors in weakly electric fish, where

individuals generate electric fields, detect distortions with electroreceptors, and use signals during chasing, spacing, and aggressive encounters. (C) Examples
of arena food patch configurations used in training and evaluation. (D) Electric fields generated by sources and distorted by conducting objects and walls. (E)
Electric landscape generated by a pair of monopoles modeling the EOD of a single agent. Field lines show effect of wall boundaries on the generated field. (F)

Electrosensors on the circular body of each agent: Mormyromast (short-range, active), Ampullary (short-range, passive) and Knollenorgan (long-range,

conspecific EOD only). (G) Schematic of all elements of multi-agent simulation shown together. (H) Snapshot of four fish-like artificial agents foraging in our

simulated 2D arena (top), with electric organ discharges (EODs) from each over time (bottom).
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classes of mormyrid weakly electric fish'®!®%2%:3%35;

Mormyromasts, Ampullary receptors, and Knollenorgans
(Fig. 1F).

Mormyromasts support active electrolocation by detecting
distortions in an agent’s own EOD field caused by nearby
prey (< 5 cm) or agents (< 10 cm), generating a self-image;
an internal cancellation signal suppresses the self-generated
("reafferent") component of this response '“*%*’. They also
support collective sensing by detecting distortions associated
with conspecific EODs, generating a cons-image .

Ampullary receptors provide passive, short-range
sensing of intrinsic electric fields from prey (< 4 cm) and
conspecifics (< 8 cm)™”.

Knollenorgans detect conspecific EOD pulses and provide
long-range (< 100 cm) directional social cues, with temporal
coding conveying information about conspecific identity and
waveform*®*’. In our model, these signals identify the
direction of emitting agents and convey their size, but do not
directly encode distance.

Full details of field equations, receptor placement,
sensor calibration, action parameterization, and training are
provided in Methods.

3 RESULTS

3.1 Electrosensing agents follow fish-like curvilinear,
not straight-line trajectories to targets

Classic experiments'’ show that weakly electric fish

approach targets along smooth, curved trajectories rather
than straight lines, a hallmark of their electric sensing
modality. To validate our model, we tested whether agents
reproduce this behavior. We trained agents in a minimal
two-agent setup with reward terms for reaching the other
agent, distance-decrease shaping, and a small time penalty.
We evaluated agents in a 70 x 70 cm arena containing one
fixed always-emitting “target” agent placed at a random
location within the arena (Fig. 2A). A second “homing agent”
was initialized at random positions in the arena across 100
trials. We compared these trajectories with a non-electric
ray-casting baseline, in which radial line-of-sight rays
supplied direct object-distance and object-type cues rather
than electric-field measurements (Fig. 2B).

As shown in Fig. 2B, electrosensing agents followed
curvilinear paths to targets, while ray-casting agents
followed straight-line paths. The histogram (Fig. 2C)
and time course (Fig. 2D) of the error angle, defined as
the difference between the agent’s heading and the local
direction of the electric field produced by the target agent,
shows a bimodal distribution concentrated near parallel
and anti-parallel alignment with field-lines, and progressive
alignment during successful homing episodes. The resulting
error-angle statistics qualitatively resemble those reported
for real fish .

Together, these results support the interpretation that
our biophysically inspired sensing is sufficient to produce
fish-like homing dynamics.

3.2 Trained agents develop flexible social foraging and
context-dependent EOD modulation

Collective foraging in weakly electric fish involves
both exploration and competition, with context-driven
modulations of EOD signaling”>®''. To test whether our
agents reproduce these patterns, we evaluated them in
arenas with either patchy or uniform food distributions
(Fig. 3). The multi-agent patchy panels used 70 cm x 70 cm
arenas with four agents initialized with random positions,
orientations, and size parameters, repeated for 30 episodes;
these capture group-level foraging and dominance dynamics.
The inter-discharge interval (IDI), distance-modulation, and
peri-event EOD panels used a two-agent wide assay in a 160
cm x 40 cm arena, repeated for 100 evaluation episodes;
this narrower protocol isolates pairwise EOD dynamics with
higher statistical power.

In the four-agent patchy assay, agents alternated
between exploration, feeding, and social interactions, with
context-dependent changes in EOD rates visible across
agents (Fig. 3A,B). In the two-agent wide assay, IDIs during
foraging followed heavy-tailed distributions, as do those
measured in real fish”' (Fig. 3C); both admit power-law-like
fits*’ over the same range (Fig. 3D), though the exponents
do not quantitatively match.

Agents flexibly modulated EOD emission based on spatial
context. EOD rate varied systematically with distance to
the nearest conspecific (Fig. 3E), distance to the closest
food item (Fig. 3F), and distance to the nearest arena
wall (Fig. 3G). Peri-event analyses revealed event-locked
modulation of signaling: EOD rate showed a sharp transient
increase around eating events (Fig. 3H), a build-up preceding
and decline following the agent biting another fish (Fig. 31),
and an elevation around times in which the agent was bitten
(Fig. 3)).

Training with inter-agent heterogeneity led to emergent
dominance-like asymmetries: larger agents directed more
biting toward smaller conspecifics, with win ratio increasing
with body size (Fig. 3K,L). Larger agents also consumed
more food per episode (Fig. 3M), and food-intake inequality
scaled with body-size inequality across groups (Fig. 3N).
Body size tended to correlate positively with EOD emission
rate (Fig. 30), and EOD rate advantage weakly tracked size
advantage in close-range agent pairs (Fig. 3P).

Together, these results show that biophysically grounded
sensory structure and simple individual incentives are
sufficient for flexible, fish-like collective foraging across
ecological conditions.

3.3 Insilico perturbations reveal sensory and signaling
contributions to collective foraging

Virtual interventions make it possible to causally isolate
mechanisms that are often difficult or impossible to
manipulate experimentally. =~ We therefore performed
manipulations targeting electroreceptor channels, active
signaling, and food availability, in four-fish groups
(ablations and environmental), a two-agent assay (EOD
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Fig. 2. Validation of electrosensing-based homing in artificial fish-like agents. (A) Homing task schematic. A mobile homing agent navigates toward a
fixed, always-emitting conspecific that serves as the target. For the electric-field analysis, the error angle is defined as the angular difference between the
homing agent’s heading and the target’s local electric-field direction. (B) Comparison of a non-electric ray-casting baseline, which supplies direct radial
line-of-sight distance and object-type cues, and electrosensing-based homing. Unlike the direct, nearly straight paths produced by the ray-casting baseline,
agents using the physics-based electric field model follow curved trajectories toward the target, producing qualitatively fish-like approach paths. (C)
Distribution of error angles across trajectories. The polar histogram shows that homing agents preferentially orient relative to the target’s local electric field
direction, with peaks near both parallel and anti-parallel alignment, consistent with navigation along electric field lines. (D) Error-angle dynamics over
normalized trial time. Error angles progressively align with anti-parallel approach over the course of successful homing episodes.

muting), and a solo-fish control.

Sensor ablations. We disabled each electroreceptor
class in turn to identify causal contributions of short-range
(Mormyromast, Ampullary) and long-range (Knollenorgan)
channels (Fig. 4A-F). Short-range sensor ablations reduced
food consumption in both the solo assay (Fig. 4A, single
agent without conspecifics) and four-agent groups (Fig. 4B),
indicating effects on individual foraging that persist
independently of social interaction. Knollenorgan ablation
left total food consumption intact but reshaped social

organization: EOD emission probability and biting rose
while inter-agent spacing fell (Fig. 4C—F).

Collective sensing. Within the Mormyromast channel,
we independently gated self- and conspecific-EOD inputs
(Fig. 4G,H). Removing the conspecific-EOD image
(self-image-only condition) drastically reduced food
consumed (Fig. 4G), while removing the self-EOD image
(cons-image-only condition) did not show a significant
effect on foraging. EOD emission probability was lower
in self-image-only agents and higher in cons-image-only
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agents (Fig. 4H).

EOD muting. Silencing EOD emission in one of two
agents reduced total food consumption and increased mean
nearest-neighbor distance (Fig. 41,J), indicating that active
electrocommunication supports both effective foraging and
social spacing.

Environmental manipulations. Patchy food
distributions yielded substantially more food per episode
than uniform layouts (Fig. 4K), with no significant
difference in consumption inequality between the two
conditions (Fig. 4L). We swept patch count from 1 to 5
under two conditions: an iso-food series (total food held
constant, food-per-patch decreasing) and an unconstrained
series (food-per-patch held constant, total food increasing).
Per-fish intake fell progressively in the iso-food series
relative to the unconstrained series (Fig. 4M); inequality fell
with increasing patch count in both series, somewhat more
steeply in the unconstrained condition (Fig. 4N).

Together, these manipulations identify distinct causal
roles for short-range channels (foraging), Knollenorgan
sensing (social spacing), collective sensing, and resource
structure (inequality), yielding falsifiable predictions for
ablation and competition experiments in real fish.

3.4 Dyadic assays reveal size and signal-dependent
effects on foraging and interactions

Two-fish assays (150 cm x 150 cm) allow closer inspection
of how EOD modulation and relative-size asymmetries shape
competition at the smallest social scale. We evaluated
pairs of agents in a one-patch dyadic task, with resident A
initialized on a replenishing patch and intruder B initialized
away from it, repeating 100 trials for each size condition
(Fig. 5A).

Example trajectories illustrate how relative size shaped
approach behavior: dominant intruders approached the
patch directly and displaced the resident, same-size pairs
often shared access, and subordinate intruders approached

more indirectly with reduced patch access (Fig. 5B-D).

Intruder B consumed significantly more food when A was
present than when foraging alone (Fig. 5E), while resident
A’s total food intake was not significantly affected by B’s
presence (Fig. 5F). Consumption timecourses revealed a
graded size-asymmetry effect: B accumulated food faster
when dominant (B>A) and slower when subordinate (A>B),
with A showing the complementary pattern (Fig. 5G,H).

Replacing the resident with a rule-based patch-confined
random walker ("bot") isolated the contribution of EOD
rate and movement state. B reached the patch more often
when the bot was frozen than when moving (Fig. 5I). B’s
patch-reach rate was generally higher when the bot emitted
EODs at any nonzero rate than when silent, with success
peaking at intermediate emission rates (Fig. 5J).

In separate two-agent square arenas (70 cm x 70 cm) with
uniform food distributions, larger agents were more likely

to act as chasers and smaller ones as chased (Fig. SK,L).

Similarly, biters tended to be larger than their victims

(Fig. 5SM,N). Biting was concentrated in the first half of
interaction windows, peaking at approximately 40% of
the normalized interaction duration (Fig. 50). Confronting
interactions had the highest biting rate (=50%), followed by
chasing, fleeing, and unaligned interactions (Fig. 5P) (See
Methods for interaction definitions).

These assays identify relative body size and active EOD
signaling as key determinants of competitive outcomes in
dyadic interaction.

3.5 Recurrent dynamics encode task variables and
social interaction state

Principal component analysis (PCA) of four-agent patchy
foraging episodes yielded an effective rank of D.g = 81.3
(304 PCs for 90% variance; Fig. 6A), well below the Dy =
512 nominal capacity.

Effective dimensionality scaled with group size when
the Knollenorgan was intact, but remained flat near the
solo baseline when the Knollenorgan was ablated (Fig. 6B),
implicating long-range signaling as the primary driver
of social-context-dependent dimensionality expansion. A
subsampling analysis confirmed that the group-size scaling
is visible even with partial unit recordings (Fig. 6C).

In the homing task, a linear decoder trained on RNN
hidden states recovered the Knollenorgan-defined error
angle (6X. ) with substantially higher performance than the
straight-line angle to the target (Oagen; Fig. 6D), indicating
that the network represents field-line geometry rather than
Euclidean geometry.

In two-agent wide-assay episodes, collapsed across all
timesteps, nearest-agent distance (dagent) and Knollenorgan
features (presence Ifgem; count nffgem) were the top-decoded
variables, followed by log Mormyromast field magnitude
(log |E“M|) and wall distance (dy.n) (Fig. 6E). Furthermore,
decoding revealed strong context-dependence (Fig. 6F):
distance to the conspecific (dagen) Was reliably decoded
across both food-range conditions; food distance (dfo0d)
and food bearing (Qy0q) tended to improve in decoding
performance when food was within sensing range.
Knollenorgan features (Ifi.y, Nhsen) decoded at moderate
levels in both conditions.

Partial least squares correlation (PLSC) revealed
proximity-dependent correlated latent structure between
paired agents (Fig. 6G,H). First-component correlation
decreased across conspecific-distance bins (<10, 10-100,
and >100 cm; Fig. 6G). The number of statistically
significant shared dimensions was similar for pairs within
100 cm (n.s. between the <10 and 10-100 cm bins) but
collapsed to near zero beyond 100 cm (Fig. 6H).

RNN power-spectrum analyses showed that the presence
of a nearby conspecific significantly reduced mean wideband
RNN power (Fig. 6I), while subordinate (smaller) agents
carried significantly higher mean wideband power than
dominant (larger) agents (Fig. 6J).

Together, these analyses show that trained agents
encode electrosensory task geometry and social context in
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trajectories showing B approaching a patch occupied by A; trajectories are colored from light (start) to dark (end). (B) When B is larger than A, B approaches
the patch directly and displaces A. (C) When A and B are the same size, both agents access the patch. (D) When B is smaller than A, B’s approach is more
indirect and patch access is reduced. (E,F) Food consumed by B (E) and A (F) in social versus non-social (alone) conditions across size asymmetry classes.
(G) Timecourse of food consumption by agent B across size asymmetry classes; curves show mean + SEM. (H) Timecourse of food consumption by agent A
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size by biter/bitten role (boxplot); larger agents bite more frequently. (N) Size advantage of the biter over the bitten agent. (O) Timing of biting events within
interaction windows. (P) Biting rate broken down by interaction class. Boxplot significance annotations use panel-level exploratory Mann-Whitney or
Wilcoxon tests as appropriate.
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Fig. 6. Recurrent network activity encodes task, social, and behavioral context. (A) PCA of recurrent hidden-state activity shows that most variance is
captured by a relatively low-dimensional subspace, with effective rank well below the full hidden-state size (Dy = 512). (B) Effective dimensionality (mean +
SD) increases with the number of interacting agents. When Knollenorgan is ablated, it stays steady around the effective dimensionality of the solo foraging
setting. (C) Subsampling analysis shows that estimated effective rank increases with the fraction of recurrent units sampled, across group sizes, but even a
small subsampling fraction can reveal differences across group sizes. (D) Homing-task linear decoding shows that the Knollenorgan-defined error angle
(@K, is decoded with higher test performance than the straight-line agent angle (®qgent), indicating stronger representation of electrosensory task geometry
in recurrent activity. (E) Linear decoding performance for task-relevant variables across all timesteps (combined condition): nearest-agent distance (dagent).
Knollenorgan presence and count (I‘,fb,em, ngfgem), log Mormyromast field magnitude (log |E‘M ), and wall distance (dyan)- (F) Linear decoding performance
split by food-proximity condition (food near vs. far): distance to conspecific (dagent), food distance (dgooq), food bearing (Oooq), and Knollenorgan features
(Ifgem, nfgem); error bars show SEM across grouped cross-validation folds for both (E-F). (G,H) Partial least-squares correlation (PLSC) analysis:
first-component correlation (G) and number of statistically significant shared dimensions (H) are both higher for agent pairs within interaction range than for
out-of-range pairs; PLSC significance uses the circular-shift null described in Methods. (I) Episode-level mean wideband RNN power is lower for timesteps
when a conspecific is nearby. (J) Episode-level mean wideband RNN power differs by relative size, with subordinate (smaller) agents showing higher
wideband power than dominant (larger) agents.

structured, low-dimensional population dynamics, and that
interacting agents exhibit proximity-dependent correlated
latent dynamics.

conducting interventions that are otherwise impractical,
the framework provides a useful complement to empirical
research. It shows that biophysically grounded sensory
structure, coupled with simple individual reward structures,
is sufficient for rich, flexible group dynamics that mirror
natural behavior. Our goal is not to provide a complete
biophysical replica of weakly electric fish, nor to claim that
the mechanisms discovered here are uniquely required in
biological animals; rather, we use a deliberately simplified
but biologically grounded closed-loop model to test whether
realistic electrosensory structure, individual incentives, and

4 DISCUSSION

Our results demonstrate that biophysically grounded
agents trained with multi-agent reinforcement learning can
qualitatively reproduce a broad range of known weakly
electric fish behaviors and yield causal insights that would
be difficult to obtain experimentally. By validating against
established experiments, extending to novel conditions, and
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multi-agent interaction are sufficient to generate observed
collective phenomena like electrosensing, foraging, and
social dynamics.

4.1 Connections with known biology

Our agents reproduced a range of well-characterized
behaviors of weakly electric fish, providing qualitative
validation of the framework and suggesting mechanistic
hypotheses for phenomena that remain difficult to study

experimentally. Furthermore, virtual experiments in Figs.

4, 5 and 6 provide testable hypotheses that motivate future
experimental follow-up.

Curvilinear homing trajectories. Without explicitly
encoding homing geometry, agents followed smooth curved
paths to targets, replicating the hallmark behavior reported
in classic experiments on real fish”'” (Fig. 2). Agents
using a non-electric ray-casting baseline, which provided
direct distance and object-type cues, followed straight-line
paths instead (Fig. 2B), confirming that curved trajectories
arise from the electrosensory modality rather than from
goal-directed navigation in general. RNN decoding further
showed that the network represents field-line geometry rather
than Euclidean geometry (Fig. 6D), consistent with the
electrosensory basis of the curvilinear trajectories.

Heavy-tailed and context-dependent EOD statistics.
IDI histograms during foraging were heavy-tailed and
context-dependent, qualitatively matching distributions
measured in Mormyrid fish in laboratory and field
settings *’-**3%4142_Our results suggest that this statistical
structure need not be hard-wired; it can emerge from a
reward-driven policy that flexibly modulates EOD emission

based on foraging state, social context, and prior history.

Event-locked analyses further revealed EOD modulation
around eating, biting, and being-bitten events (Fig. 3H-J),
rather than emitting at a fixed baseline rate. While we do
not see a full cessation of EOD emission by subordinate
individuals as observed in real fish!'>*’, we do see a
size-dependent reduction in EOD emission rate during
interactions (Fig. 3P).

Emergent foraging dynamics. Agents trained under
simple individual-fitness incentives spontaneously
developed collective foraging strategies that varied flexibly
with food distribution, group composition, and social
context (Fig. 3). Agents demonstrated behavioral flexibility
by alternating between exploration, targeted approach, and
social interaction in ways consistent with observations of
Mormyrid foraging”>**, and with experimental evidence
that social interactions improve foraging efficiency and
compress income inequality in fish groups '. This suggests
that flexible collective foraging can emerge from the
alignment of individual incentives with shared sensory
ecology, without explicit group-level coordination signals.

Sensory contributions. Mirroring prior experimental
work *7, ablating either short-range sensor (Mormyromasts
or Ampullary) reduces foraging rate but does not stop
foraging altogether (Fig. 4A—B).
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Collective sensing. Within the Mormyromast
channel, removing access to the conspecific-EOD
image (self-image-only condition) drastically reduced
food consumption, while removing the self-EOD
image (cons-image-only condition) had little effect
(Fig. 4G)'*#'>_ EOD emission probability was
correspondingly lower in agents restricted to the
self-generated image and elevated in those restricted
to the conspecific image (Fig. 4H), implicating the
cons-EOD image in both foraging efficiency and signaling
regulation.

Long-range signaling.  Classic producer-scrounger
theory in behavioral ecology”’ tells us that individuals can
exploit conspecific signals as public information at low
cost, providing a functional basis for long-range sensory
tuning. In our agents, Knollenorgan ablation left total food
consumption largely intact while increasing EOD emission
probability and close-range aggression, and reducing
inter-agent spacing (Fig. 4C-F) '°, suggesting this channel
contributes primarily to social coordination rather than
individual foraging efficiency. This generates a testable
prediction: selectively blocking Knollenorgan-mediated
signaling in real fish groups should increase agonistic
interactions and reduce social spacing without substantially
impairing individual foraging efficiency.

Active signaling.  Silencing a single agent’s EOD
emission reduced group-level food consumption and
increased inter-agent spacing (Fig. 4LJ), indicating that
active electrocommunication supports both foraging
coordination and competitive spacing, distinct from the
passive-reception role of the Knollenorgans .

Environmental structure. Patchy food distributions
supported higher per-episode consumption than uniform
distributions (Fig. 4K) without significantly affecting
inequality (Fig. 4L), suggesting that spatial structure
boosts collective foraging efficiency without systematically
concentrating resources. Increasing patch count with fixed
total food progressively reduced per-fish intake while
decreasing inequality (Fig. 4M,N), consistent with the idea
that resource subdivision reduces competitive skew by
creating multiple simultaneous access points.

Aggression and size-dependent asymmetries. Training
agents with size and speed heterogeneity produced emergent
dominance-like asymmetries: larger agents consumed
disproportionately more food and directed more aggression
toward smaller conspecifics, consistent with ethological
observations of size- and EOD-related dominance in weakly
electric fish”**. The two-fish assays further showed that
larger intruders were more likely to displace residents
and monopolize food patches, mirroring behavioral
observations of dyadic agonistic encounters in Mormyrids
and size-dependent dominance dynamics in other weakly
electric species®". Notably, dominance-like behavior
emerged from size-dependent movement constraints and
asymmetric penalties for being bitten, without any explicit
reward encouraging biting or chasing. In real weakly electric



fish, subordinate individuals sometimes temporarily silence
their EODs during agonistic encounters as a submissive
signal **; whether a similar learned suppression emerges in
agents trained under stronger social pressure or with richer

communication structure is a direct test for future work.

These assays generate testable predictions: larger intruders
should systematically displace smaller residents, with
displacement probability scaling with size difference; and
intruders should reach occupied patches more readily when
the resident is stationary or actively emitting, consistent
with conspecific EODs serving as informative cues for patch
discovery”' (Fig. SA-J).

Neural dynamics and correlated recurrent-state structure.
Effective dimensionality of population activity increased
with the number of interacting agents, and this scaling was
abolished when the Knollenorgan was ablated (Fig. 6B,C),
implicating long-range electrocommunication as a driver
of social-context-dependent state-space expansion. PLSC
analysis showed that the first shared axis between two
agents’ RNN states was significantly more correlated at
close range than when agents were out of range, with shared
dimensionality collapsing to near zero beyond 100 cm,
showing a proximity-dependent pattern that qualitatively
parallels the shared neural subspaces recently reported
in interacting mice’'””. Wideband RNN power was
suppressed when a conspecific was nearby (Fig. 6I) and was
elevated in subordinate relative to dominant agents (Fig. 6J),
indicating proximity- and status-dependent modulation of
recurrent dynamics.

4.2 Limitations and future work

We do not collect new experimental behavioral or neural data
here. The model is instead intended to precede and guide
future data collection by identifying regimes, perturbations,
and readouts most informative to test experimentally. This
is especially important in weakly electric fish collectives,
where simultaneous behavioral tracking, EOD assignment,
and multi-animal neural recordings remain technically
challenging **. Our framework provides a controlled setting
in which signal sources, sensory access, neural states, and
perturbations are fully known, allowing us to generate
experimentally actionable predictions before committing
to costly animal experiments.

Future work will use this framework in closer dialogue
with experimental data. Beyond foraging, we will train
agents on richer social tasks such as territorial defense,
competition, and cooperation, and test whether the resulting
EOD sequences and interaction motifs match newly
collected behavioral and neural data™*. A further direction
is to probe context-modulated electrocommunication
through unsupervised machine-translation approaches”,
where virtual agents provide a fully observable ground
truth for signal-state-action relationships while biological

experiments test whether similar structure exists in real fish.

A broader limitation of RL/MARL agents is that
out-of-distribution generalization can be brittle.  Our
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training regime partially mitigates this by exposing agents
to substantial variability across initial positions, orientations,
food configurations, social contexts, and stochastic rollouts,
encouraging policies that generalize across a broad family
of parameter regimes rather than memorizing a single arena
configuration.

The model makes several simplifying assumptions.
Agents are modeled as circular particles rather than
elongated, three-dimensional fish bodies. The simulation
does not model fluid dynamics or fluid-body interactions,
and the electric field and sensory models assume electrostatic
conditions in a time-discretized simulation with a 12 ms
timestep, ignoring within-step electrodynamics. Since real
weakly electric fish continuously integrate information
across electrosensory, visual, and mechanosensory
modalities, behaviors observed in our agents may differ
quantitatively from those in real collectives, particularly at
short range where hydrodynamic cues dominate. We do not
model sex differences, which in real weakly electric fish
drive rich EOD waveform variation and mate-preference
dynamics '*°°. Future work could address these limitations
through embodied 3D simulation with fluid dynamics,
richer contact mechanics for aggression, sexual dimorphism,
longer-timescale training, and larger arenas supporting
more naturalistic exploration. Regardless, the framework
demonstrates that virtual experiments can narrow the
hypothesis space, accelerate experimental design, and
uncover principles of electrosensory collective behavior
that would be difficult or impossible to access through
conventional experiments alone.

5 METHODS
5.1 Simulation details

Simulations consisted of N artificial weakly electric fish
(WEF)-like agents, typically N = 4, interacting with each
other and with simulated prey in a bounded 2D arena. At
each simulation step, neural-network policies generated
actions for each agent, and the simulator updated agent
kinematics, collisions, prey interactions, EOD generation,
electric-field interactions, and sensor observations.

The simulator used first-order command kinematics:
policy outputs were mapped directly to bounded translational
and rotational velocity commands. The simulator enforced
non-overlap constraints and wall collisions, and ran at 83
frames per second to match the observed latency in the
WEF’s social echo response (12 ms)~’, close to the minimum
observed inter-pulse interval in this WEF species.

5.2 Agent design

Each agent was represented as a circular particle with
diameter d, allocentric (ground-frame) orientation 8, and
allocentric position r = (x,y).

Agents chose actions independently at every timestep
from a multivariate action space comprising: (1) forward
translation, (2) angular rotation, (3) electric organ
discharge (EOD) emission, and (4) bite. These collectively



controlled locomotion, electrolocation, communication, and
close-range aggression. The policy output was continuous;
the environment interpreted movement outputs as velocity
commands and thresholded the EOD and bite channels into
binary events.

Observations included input from three types of
biomimetic electrosensors, last action taken, and egocentric
displacement vectors. We introduced inter-agent
heterogeneity by assigning each agent a scalar “size”
parameter, which scaled its maximum speed. An agent’s
own size was included as a fixed value context input in
the observation vector to allow size-dependent behavioral
variation.

5.3 Electric field model

We followed the electrosensing model introduced by Chen
et al.'® and built on a broader literature on electrosensory
processing | 4078,

5.3.1 Field generation

Electric fields entered the simulation through two primary
source classes. First, agents generated actively controlled
monopole pairs that approximated pulsatile electric
discharges from fish electric organs. Second, agents and
prey carried always-on dipoles representing intrinsic electric
sources.

In our agents, the electric organ was modeled as two
internal monopoles with equal and opposite source strengths
=+¢ (in coulombs) positioned at £d /4 along the body axis,
avoiding singularities at sensor locations. The total electric
field Egeperarea at position r combines monopole and dipole
contributions:

Egenerated = Eactt’ve + Eintrinsic

1 gi(r—r;)
Eactive(r) = 4re, Z |I‘—I‘,’|3 M
1« 3(pi-8)E —p
Eintrinsic(r) = 47'[80 Z (p|lr _l)r.l|3 P (2)
; i

where gy = 8.854 x 10~!2 F/m and #; is the unit vector
from source i to the measurement point.

5.3.2 Field interactions with prey and agents

Prey and agent particles were modeled as conducting spheres
on which dipole moments were induced by the external
electric field. The induced dipole moment is given by:

Pinduced = 47[80R3%Eexternal 3

where = ((2:3) (¢ = ~0.5 per Chen et al 2005 %), &

is the permittivity of free space, € is the permittivity of the
dielectric material, R is the radius of the sphere, Ecy(ernal 1S
the total external electric field intersecting the object at its
location. The negative sign signifies that the induced dipole
is oriented opposite to the external field.
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5.3.3 Field interactions with walls

The arena walls were modeled as non-conducting
boundaries, and we used the method of images” to account
for their effect on the electric field. This method introduced
virtual image sources outside the domain to enforce the
field boundary conditions. We reflected all active and
induced sources and dipoles off each of the arena walls
one time, resulting in images at the same distance from the
boundary on the other side and with the same magnitude
and sign (no sign-flip for non-conducting boundaries’”);
this is a first-order image approximation, with higher-order
reflections neglected.

5.4 Electroreception

The combined field available to sensors was:
Etotal = Eaclive + Einlrinsic + Einduced + Ereflected

Agents sensed this field through three biomimetic receptor
classes: Mormyromasts, Knollenorgans, and Ampullary
sensors. Sensor types were chosen to approximate the
functional specialization, spatial arrangement, and relative
receptor counts of real mormyrid electroreceptors.

5.4.1 Mormyromast sensors

These were the primary receptors for active electrolocation.
In our model, Mormyromast channels encoded distortions
caused by the agent’s own EOD, yielding a self-image,
as well as distortions associated with conspecific
EODs, yielding a cons-image. We simulated N, = 36
Mormyromasts, 30% of which were concentrated near the
front 60 degrees of the agent, since the “chin” on real WEF
is known to be a foveal region in terms of receptor density
and enhanced forward-facing sensing”. The remaining
sensors were uniformly distributed along the circumference
of the agent.

5.4.2 Ampullary sensors

These were modeled as passive sensors that in real WEF
sense static or low-frequency electric fields (below 40 Hz ")
from nearby prey and conspecifics. We simulated N, = 24
Ampullary sensors that were distributed uniformly along the
circumference of the agent.

5.4.3 Knollenorgan sensors

These sensors provided passive detection of conspecific
EOD communication signals. In real WEF, they are
highly sensitive to the sharp, high-frequency EOD signals
emitted by conspecifics. In our agents, these sensors were
only sensitive to the electric fields generated by other
agents’ EODs, and were insensitive to everything else. We
simulated Ny, = 12 uniformly spaced Knollenorgan sensors
per conspecific. This allowed the agent to independently
sense EODs from each conspecific within each simulation
step (12 ms) without collisions in time. Knollenorgan
sensors provide waveform intensity information whose
magnitude is believed to carry information about conspecific
size and sex®. Conspecific size metadata was therefore



included in the corresponding observation channels, as
described below.

5.4.4 Sensor processing

Field transduction. For each sensor, the electric
field impinging on the sensor was converted to a raw
measurement by projecting the field vector onto the sensor’s
surface-normal vector. Each sensor’s normal vector was
directed radially outwards from the center of the agent’s
circular body. This projection captured the component of
the field that the sensor was oriented to detect:

s=E(ry)-n

where E(r;) is the electric field vector at the sensor’s position
Iy, and n is the sensor’s outward-facing normal vector.

Baseline subtraction. To prevent self-EOD and
cons-EOD fields from saturating sensor channels, we
subtracted precomputed sensor-specific baselines from raw
field readings. Baselines were computed once at simulation
start and differed by sensor type.

Ampullary sensors: We subtracted two baselines from
each raw reading. First, the agent’s own intrinsic dipole
field was always subtracted, suppressing static self-field
components. Second, when the agent emitted an EOD, we
subtracted the self-EOD corollary-discharge component.

Mormyromasts: For each Mormyromast, we always
subtract the intrinsic and self-EOD baselines so the channel

is sensitive to self-image distortions during active sensing.

For cons-image sensing, whenever a conspecific emits an
EOD we additionally compute a dynamic cons-baseline,
i.e. the conspecific’s EOD field at the receiver’s sensors
assuming no induced sources on nearby objects, and subtract
it from the raw Mormyromast readings, leaving a residual
that reflects only the object-induced field perturbations.

Knollenorgans: These channels were tuned to conspecific
EOD transients and did not require explicit baseline
subtraction.

Scaling and normalization. After baseline subtraction,
each sensor reading s was mapped to a signed, unitless value
in [—1, 1] via sign-preserving, magnitude-only normalization
over that sensor’s dynamic range [|Emin|, |Emax|]-
Let sgn(s) denote the sign of s, and define the clipped
magnitude
m = clip(|s], Emin, Emax) -

We then computed the normalized log-magnitude
. log,o(max (i, €)) —logo(Emin)
log;o(Emax) —10g10(Emin)

where € < Ep, is a small constant for numerical stability
(default € = 10~2). The final normalized reading is

§ = sgn(s)m € [—1,1].

This preserves field polarity while compressing dynamic
range for stable policy optimization.
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5.4.5 Sensor calibration

We calibrated the intrinsic electric sources of agents and prey,
and EOD monopole source strengths, to ensure that each
class of electrosensor could detect objects within biologically
plausible spatial ranges using commonly assumed sensitivity
thresholds (Table 1).

As a starting point, we used analytical expressions for
dipole fields and induced dipole interactions (Appendix .10),
required for each sensor type to reach its respective
sensitivity threshold at a target detection distance. We then
tuned these values empirically using simulations of one or
two fish and a single food object.

For Ampullary sensors (passive), we tuned intrinsic
charges (using analytic expressions, see Appendix .10) on
food and prey to detect low-frequency electric fields under
40 Hz from prey up to 4 cm away and from conspecifics up
to 8 cm away.

For Mormyromasts, calibration was baseline- and
dynamic-range based. Self-images: we first estimated
the self-EOD operating baseline at each sensor, then set
dynamic ranges to detect baseline perturbations from
prey up to 5 cm and conspecifics up to 10 cm (lower
bound ~ baseline x 10~°; upper bound ~ baseline x 0.25).
Cons-images: the dynamic cons-baseline is recomputed
at each timestep as the conspecific’s EOD field at each
Mormyromast sensor, assuming no induced sources on
nearby objects. Dynamic ranges for the residual cons-image
are set to span baseline x 107° to baseline x 0.25 relative
to the self-EOD operating level.

Knollenorgans, which sense high-frequency EOD pulses
from conspecifics, were tuned to detect signals up to 100
cm and encoded only the sign of the local electric field.
We denote the resulting Mormyromast and Knollenorgan
conspecific-sensing ranges by Rys (= 10 cm) and Rk (= 100
cm), respectively; these define the proximity conditions used
in the decoding analyses (Results).

These calibration choices preserved the intended
functional specialization of the three modeled receptor
classes: Ampullary sensors provided broad passive
sensitivity at short range, Mormyromasts provided spatially
resolved active and collective electrolocation over shorter
ranges, and Knollenorgans provided long-range directional
cues restricted to conspecific EODs.

5.5 Agent observations and actions

The observation vector at each timestep comprised: (i)
N,, = 36 Mormyromast readings, (ii) N, = 24 Ampullary
readings, (iii) Ny X (Nagem — 1) = 12 x 3 Knollenorgan
readings plus a scalar encoding the emitting agent’s size
for each conspecific, (iv) the agent’s last action vector,
(v) egocentric displacement vectors, and (vi) the agent’s
own size (scalar context input). This gives a fixed-length
observation vector for the default N = 4 group; when
evaluating with fewer agents the unused conspecific slots
in the Knollenorgan block are zero-padded. Agents moved
according to first-order command kinematics; movement



outputs directly set bounded translational and rotational
velocity commands. The bounds on translational and
rotational speed were derived from empirical tracking data
on real weakly electric fish and were scaled by the agent’s
size parameter. A bite event, available when the thresholded
bite command was active and a conspecific was within the
fixed biting radius, yielded a close-range aggression event
with reward consequences. Food consumption was handled
separately and did not result from biting another agent.

5.6 Training

Algorithm. Agents were trained jointly using a
shared-parameter variant of Proximal Policy Optimization
(PPO)***, with Generalized Advantage Estimation (GAE)
for variance reduction’”. Training was conducted over
20 independent random seeds. After training, seeds
were ranked using the ethologically motivated selection
criterion described below, rather than by training reward
alone. Hyperparameter details are given in Supplementary
Section .4.1.

Reward structure. Each agent received an individual
reward signal comprising: (1) a positive reward for
consuming food; (2) a penalty for being bitten, scaled by the
size difference between biter and victim in heterogeneous
groups; (3) a small cost for successful biting; (4) a collision
penalty; (5) a shaping term proportional to the decrease
in distance to the nearest food item, normalized by arena
perimeter; and (6) an effort-over-threshold penalty for large
movement or turn commands. No explicit reward for social
communication or coordination was provided; any emergent
signaling arose solely from the shared environment and
individual fitness incentives. The proximity-shaping term
provided a dense learning signal for approach behavior
under what would otherwise be a sparse-reward foraging
task, and was included for sample-efficiency in line with

standard RL practice on long-horizon navigation problems.

Reward coefficient values are given in Supplementary
Section .4.3.

Homing task. For the homing validation (Fig. 2), we
separately trained agents in a minimal two-agent setup
whose reward comprised a proximity reward for reaching
the partner, a small distance-decrease shaping term, and a
small time penalty, with no foraging or aggression terms. At
evaluation, the target agent was fixed and always emitting
while the homing agent approached from random initial
positions. The target agent was also fixed during training,
matching the fixed-target evaluation assay. For comparison
in Fig. 2, the ray-casting baseline was an alternative
non-electric perception model in which radial rays returned
object identity and distance-to-intersection cues for food,
walls, or other agents. Unlike the electrosensing model, this
baseline did not compute electric fields or induced dipoles,
and therefore provided direct geometric line-of-sight
information rather than physics-based electroreceptor
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measurements. For linear decoding analyses of homing
performance (Fig. 6D), the Knollenorgan error angle ®X, .
was defined as the signed angular difference between
the agent’s heading and the direction of the electric field
produced by the target agent at the homing agent’s sensor

array.

Neural network architecture. Each agent had
independent actor and critic networks, each comprising an
MLP encoder followed by a single-layer GRU®' (Dy = 512),
whose hidden state was carried across timesteps. The actor
network’s hidden state drove a mixed continuous-discrete
action distribution (translation, rotation, EOD emission
probability, bite probability); the critic network’s hidden
state produced a scalar state-value estimate. Full architecture
details are given in Supplementary Section .4.4.

Seed selection. We trained 20 independent random seeds
using the same architecture, environment, and reward
function for 5M environment steps each, yielding variably
performing agents at convergence of the high-dimensional
stochastic nonconvex optimization®’. After training, seeds
were evaluated on a fixed assay of test rollouts that was not
used for parameter updates. We selected a representative
seed using a pre-specified ethologically motivated ranking
procedure designed to identify policies that both performed
well and expressed experimentally observed size-dependent
resource asymmetries.

For each seed and rollout, we computed three summary
metrics. First, we measured total food consumed by all
agents, corresponding to social foraging performance and
individual-fitness maximization. Second, we fitted a linear
model relating food consumed by each agent to that agent’s
size,

food_eaten; = By + Biagent_size; + €;,

and summarized the seed by the median slope (B;)
across rollouts. This metric measures alignment with the
experimental observation that larger agents obtain more
food. Third, we computed the median (R?) of this linear fit
across rollouts, measuring the consistency of the size—food
relationship.

To exclude degenerate policies in which one or more
agents failed to forage, we filtered out seeds whose median
intercept from the food-eaten versus agent-size fit was
non-positive. Remaining seeds were ranked using the
three evaluation metrics: total food consumed, median
size—food slope, and median fit (R%). As a consequence, the
size—food relationship summarized in Fig. 3M is best seen as
a quantitative confirmation, not an independent finding. The
combined top-ranked seed was used for the detailed behavior,
perturbation, and recurrent-dynamics analyses reported in
the Results.



5.7 Evaluation and analysis
5.7.1 Evaluation protocol

Post-training evaluations were performed with fixed network
weights. Evaluation settings were assay specific. The main
4-agent patchy and uniform foraging assays used 30 episodes
in 70 cm x 70 cm arenas. The homing assay used 100
episodes with pre-specified initial positions in a 70 cm x 70
cm arena, with the homing agent initialized at least 20 cm

from the target and both agents at least 5 cm from the walls.

Two-agent square assays used 70 cm x 70 cm arenas, the
two-agent wide assay used a 160 cm x 40 cm arena, and
one-patch assays used a single centrally placed replenishing
food patch. Initial positions, orientations, and size settings
were randomized or fixed according to the protocol for
each assay. Specific arena and food configurations for
each analysis are described in the corresponding results
subsection.

5.7.2 Inter-discharge interval extraction and fitting

The interdischarge intervals from real fish were derived from
published dyadic behavior’'. Published dyadic position
labels were converted to interdischarge intervals using the
50 kHz sampling rate of the recordings.

IDIs from artificial agents were derived from the
two-agent wide assay used for Fig. 3C-J, with two agents in
a 160 cm x 40 cm arena and 100 evaluation episodes.

Powerlaw fits were calculated via the Python powerlaw
package *’.

5.7.3 EOD rate and peri-event analyses

EOD rate was computed per timestep and binned by context
variable (distance to nearest agent, food item, or wall) using
15 uniform bins spanning the relevant distance range; each
bin reports mean = SEM across observations. For peri-event
analyses, EOD rate was aligned to eating and biting events; a
symmetric window of £100 timesteps (£1200 ms at 83 Hz)
around each event was extracted and averaged across events
with a minimum of 3 qualifying events per agent.

5.8 Ablation and intervention experiments

Food abundance experiments. Agents were evaluated
in 70 x 70 cm arenas with patchy and uniform food
distributions under the food-density settings used for each
assay (Fig. 4). Food-scarcity sweeps included reduced
patchy-food multipliers of 0.5x and 0.25x for the active
sensor combinations used in the intervention analyses.

N-patch experiments. In a second food-manipulation
assay, agents were evaluated in 70 x 70 cm arenas containing
a fixed number of patches, N € {1,2,3,4,5}. We used
two sweeps: an iso-food sweep, where the per-patch
food multiplier was scaled so that total food remained
approximately fixed across N, and an unconstrained sweep,
where each patch used the standard food multiplier so that
total available food increased with N.
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Sensor ablations. Sensor ablation experiments examined
the effect of changing access to Mormyromast, Ampullary,
and Knollenorgan channels. The intervention set includes
single-class removals from the full model, mixed two-sensor
controls, Knollenorgan-only and all-sensor-off controls.
These evaluations were conducted in 70 x 70 cm patchy
arenas with an intermediate amount of food unless otherwise
specified for a given assay. The reduced arena size ensured
that agents remained within Knollenorgan range of one
another. A parallel one-fish assay (single agent in isolation,
no conspecifics present; Fig. 4A) was run alongside the
four-agent ablations (Fig. 4B) so that sensor effects on
individual foraging could be separated from those requiring
social interaction.

EOD muting. EOD muting experiments assessed the
role of active electrocommunication in group foraging and
aggression. One of the four agents had its EOD emission
silenced for the duration of the evaluation; all other policy
components remained intact, so the muted agent could still
sense and move but emitted no EODs, and its conspecifics
received no EOD-related input from it. The intact group
(all four agents emitting) served as the control condition.
Experiments were conducted in the standard 70 x 70 cm
patchy arenas used for the sensor ablation assays.

Collective sensing ablations. Collective sensing
ablations isolated the contributions of self-generated and
conspecific-generated EOD images in the Mormyromast
channel. Weakly electric fish have the capacity to sense
both from self-generated EODs (self-EODs) as well as
from conspecific EODs (cons-EODs) '°. We manipulated
the sensing capabilities of the mormyromasts to create
three conditions: (1) control, with both self- and cons-EOD
sensing enabled; (2) self-EOD only, where agents cannot
benefit from other agents’ EODs; and (3) cons-EOD
only, where agents only received feedback through the
mormyromast channel from EODs generated by other
agents. These manipulations did not affect the ampullary
channel. These experiments were conducted in a very
small 40 x 40 cm arena to ensure close proximity, as the
cons-EOD benefits were expected only when agents were
close to one another. Food was uniformly distributed at
intermediate density. Each condition received 30 evaluation
runs.

5.9 Two-agent experiments

Two-agent foraging. Two-agent experiments allowed
closer examination of how EOD modulation and relative-size
asymmetries shape pairwise competition. We evaluated
two agents in a 70 x 70 cm square arena with intermediate
uniform food abundance for pairwise interaction and
recurrent-state analyses. Agents were initialized with
random positions, orientations, and size settings. We also
evaluated agents in a wide 160 x 40 cm arena to quantify
long-range EOD modulation, IDI statistics, and attraction or



repulsion between two agents. Agents were initialized in a
160 x 40 cm arena, one on the left at (20, 20) and the other
on the right side of the arena at (140, 20).

Bot (random-walker) control. To isolate social cues from
food-associated gradients, in a subset of two-agent assays
we replaced the resident agent with a rule-based bot confined
to the food patch. The bot performed a random walk within
the patch region and did not respond to its partner or to any
sensory input. We ran conditions in which the bot was either
stationary (frozen) or mobile, and in which it emitted EODs
according to a simple stochastic schedule at a controlled
rate (including a non-emitting, zero-rate condition). This
provided a partner that supplied food-associated and EOD
cues but no adaptive social behavior, and whose emission
timing differed in temporal structure from that of trained
agents.

One-patch dyadic assay. To assess resource-access
competition between two agents differing in body size,
we evaluated agents in a one-patch arena with a single
centrally placed replenishing food patch (150 cm x 150
cm; see Supplementary Section .2). Agent A (resident) was
initialized on the patch; agent B (intruder) was initialized
at a random position within Knollenorgan detection range
(<100 cm from A). We tested three relative size conditions:
A < B (intruder larger), A = B (size-matched), and A > B
(resident larger), plus bot-control variants in which the
resident was replaced by the random-walking bot described
above.

We defined pairwise interactions between agents A and B
using their allocentric positions r4(¢),rg(¢) and orientations
04(t),0p(t) at each timestep .

Interaction bouts. An interaction bout between two
agents was defined as a maximal contiguous segment of
time during which the agents remained within close spatial
proximity. Bout start and end times were determined by the
first and last timesteps of such proximity.

Distance thresholds. During each bout we tracked the
inter-agent distance dapg(¢). Two distance thresholds were
used: a contact threshold (d.oniact = 2cm), indicating
physical contact if dap(t) < dcontact at any timestep, and a
reduced interaction threshold (d;cquce = 5 cm), used when
computing distance-restricted interaction statistics.

Geometric interaction labels. At each timestep we
classified the spatial relationship between the two agents
based on the alignment of each agent’s heading relative to
the bearing toward the other agent.

Let ¢4,5(t) denote the bearing from A to B, and ¢p_,4(7)
the bearing from B to A. We computed the angular difference
between each agent’s orientation and the bearing to its
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partner:

Ax(t) = 0a(t) — da—p(t), Ap(t) = 6p(t) — dpa(t).

Using angular thresholds 6josc = /4 and O,pp = 37/4,
interaction states were defined as: Confronting occurred
when both agents faced toward each other (|A4| < Oclose
and |Ag| < Ocjese). Chasing occurred when agent A faced
toward B while B faced away (|A4| < Bciose and [Ap| > Oopp).
Fleeing occurred when agent B faced toward A while A
faced away (JAp| < 6ciose and |Aq| > Bopp). Dispersing
occurred when both agents faced away from each other
(|Aa| > Bopp and [Ap| > Bypp). All other relative orientations
were classified as unaligned.

Thus, in a chasing configuration agent A is the chaser and
B the chased, whereas in a fleeing configuration the roles are
reversed.

Bout-level summaries and biting. Each interaction bout
was assigned a dominant interaction class defined as the
most frequent timestep label during the bout. Aggressive
encounters were defined as bouts in which either agent
performed a bite action or was bitten by its partner at any
point during the interaction.

5.10 Neural analyses
5.10.1 Effective dimensionality

We quantified the effective rank of RNN population activity
using the participation ratio of PCA explained variance
ratios:

Dess =

1
YA

where ; is the fraction of variance explained by the i-th
principal component (eigenvalues normalized to sum to 1).
Degs was computed per episode by running PCA on the T x
Dy hidden-state matrix (7 timesteps, Dy = 512 units), then
averaged across episodes and environments.

For group-size comparisons (Fig. 6B), the same
trained policy was evaluated in separate rollouts with
N € {1,2,3,4} agents in 70 cm x 70 cm patchy arenas;
Degsr was computed per episode and averaged across
episodes within each condition. To verify that group-size
differences in Des were not an artifact of the number
of simultaneously recorded units, we performed unit
subsampling (Fig. 6C): for each group size we repeatedly
(n = 30 per fraction) drew random subsets of hidden units at
fractions {0.05,0.15,0.25,0.5,0.75,1.0} and recomputed
Deg from the subsampled activity.

5.10.2 Feature extraction

We extracted a broad panel of hand-curated features
spanning egocentric geometry (orientation, turn angle,
displacement), electrosensory inputs (Knollenorgan,
Mormyromast, and Ampullary field angles and magnitudes),
distances to agents, food, and walls, temporal recency of key
events (time since last EOD, feeding, or encounter), boolean



task features (nearby agents, bites, emissions, eating), and
local counts of food or agents. Together, these circular,
scalar, boolean, probability, and count features capture the
sensory, spatial, and behavioral context available to the
agent at each timestep. The full set of features is listed in
Table 3.

5.10.3 Decoding analyses

We quantified how individual task and behavioral variables
could be linearly decoded from the agents’ recurrent
states. For each target, we fit ordinary least-squares linear
models from recurrent hidden state to the target value and
evaluated generalization on held-out episodes using grouped
cross-validation. Scalar, boolean, probability, and count
targets were treated as real-valued regression targets and
scored with held-out R?>. Circular targets were decoded
by fitting parallel linear models to cos¢ and sin¢ and
averaging the held-out R* across the two components. For
each cross-validation fold, we subtracted the performance
of a mean-prediction baseline fit on the training episodes,
yielding a baseline-normalized test score. Reported error
bars for decoding panels show the standard error across
cross-validation folds.

5.10.4  Partial least squares correlation (PLSC)

We used partial least squares correlation (PLSC) to quantify
shared population structure in the activity of pairs of
RNNs. For every episode with at least one second of
pairwise interaction (agents within the Mormyromast
conspecific-sensing range Rjs), we concatenated agent
hidden states aligned by time and made balanced “in-range”
and “out-of-range” datasets. After z-scoring hidden-state
features, we fitted PLSC to find shared axes of variation
and then computed the Pearson correlation between the
paired canonical variates. Significance was assessed
against a null distribution constructed by circularly shifting
one agent’s hidden-state sequence in time (n=30 shifts),
preserving temporal autocorrelation while disrupting
alignment between agents. A component was counted
as significant only when both its singular value and
projected correlation exceeded the 97.5"" percentile of
the corresponding null distributions (one-sided test).
The number of significant dimensions was counted
contiguously from the first component until the first
non-significant component. Additional details on PLSC are
in Supplementary Section .5.2.

5.10.5 Power spectral density

We quantified wideband power in recurrent hidden-state
activity for each episode, environment, and agent.
Hidden-state time series were transformed with a
short-time spectrogram using 20-timestep windows with
10-timestep overlap, and power was averaged across
recurrent units, time windows, and frequencies to obtain
one mean wideband-power value per agent episode.
These episode-level power values were associated with
timestep-level social labels to compare activity during
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periods with and without a nearby conspecific, and with
agent-level size status in two-agent assays. For size-status
comparisons, the larger member of a pair was labeled as the
larger agent and the smaller member as the smaller agent.

5.11 Statistical analyses and annotation

Statistical summaries were computed at the level appropriate
to each assay: evaluation episodes, agent episodes,
interaction bouts, agent pairs, events, or cross-validation
folds. Food consumption inequality within groups was
quantified using the Theil T index

rolysgx

1 n
N&up u

where x; is food consumed by agent i and u is the group
mean; T = 0 indicates perfect equality . In biting analyses,
the win ratio for each agent is the fraction of biting events
involving that agent in which it was the biter: win ratio =
Ngiven/ (Ngiven + Mreceived).  For binned EOD-distance and
peri-event EOD analyses, curves show mean + SEM
(standard error of the mean) across observations or events
entering each bin or time offset. For all box-and-whisker
plots, where < 50 observations are being plotted, we
have superimposed the jittered scatterplot on the plot.
For intervention panels comparing each manipulation to
a control condition, significance annotations use Dunnett
one-vs-control tests. For two-group unpaired comparisons,
we used two-sided Mann-Whitney tests. For paired role
comparisons within the same interaction, we used two-sided
Wilcoxon signed-rank tests. Linear decoding analyses report
held-out, baseline-normalized R> with SEM across grouped
cross-validation folds. PLSC significance was assessed with
the circular-shift null described above. Unless otherwise
specified, tests were treated as panel-level exploratory
comparisons and no additional correction was applied across
figure panels. Statistical annotations use the following

convention:
Symbol Significance range
ns 5.00x107%2 < p<1.00
x  1.00x 1072 < p <5.00x 1072
wx  1.00x 1073 < p <1.00x 1072
sk 1.00x 1074 < p<1.00x 1073
sk p < 1.00x 107

DATA AND CODE AVAILABILITY

Training, simulation, and analysis code, as well as examples
of trained policies, are available at
https://github.com/KempnerInstitute/wef

ETHICS AND REPRODUCIBILITY

All experiments are in silico. Our framework reduces
invasive experimentation on live animals by enabling
in silico hypothesis generation and prioritization. All
experimental data used in this paper were collected by


https://github.com/KempnerInstitute/wef

collaborators for previous neuroscientific studies of weakly
electric fish.
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SUPPLEMENTARY INFORMATION
.1 Related Work

Our work builds upon research spanning neuroethology, collective behavior, and artificial intelligence.

Weakly electric fish have been a key model system for understanding how animals use self-generated signals to sense their
surroundings and communicate. Pulse-type weakly electric fish (Mormyridae) emit brief electric pulses known as electric
organ discharges (EODs), whose timing and structure can be modulated depending on behavioral context”'»'>!°. Their
electrosensory system includes three major receptor classes: Mormyromasts for active electrolocation, Knollenorgans for
passive detection of conspecific EODs, and Ampullary organs for low-frequency passive sensing. Together, these systems
allow these nocturnal fish to sense their environment in the turbid, visually challenging conditions that characterize their
natural habitat”>. Work on social and agonistic behavior has shown that EOD patterns carry information about identity,
dominance, and aggression***%3%%*while recent studies suggest that groups of weakly electric fish can benefit from one
another’s signals through collective sensing . At the physiological level, increasingly detailed biophysical and computational
models are beginning to explain how electrosensory circuits process these signals '*!%277%5=57 "Our contribution is to place
these biophysical foundations inside a closed-loop, multi-agent decision-making framework.

Classical agent-based models have shown that simple local rules can generate complex group-level phenomena in fish
schools and bird flocks °*~’". Foundational rule-based approaches identified alignment, repulsion, and attraction zones as
sufficient ingredients for schooling and milling’, while data-driven and deep-learning approaches have inferred interaction
rules or predicted collective trajectories directly from data®’'-’?. More recently, MARL has been used to model collective
locomotion and schooling *°. While these models have provided important insights into collective dynamics, they typically rely
on hand-designed interaction rules and simplified sensory representations. As a result, they do not fully capture the closed-loop
coupling between perception, motor control, communication, and ecological context that characterizes natural behavior.

Artificial neural network based RL agents have emerged as a tool for studying neural mechanisms underlying complex
biological naturalistic behavior, both for individual behavior >***?°=>*-73 and collective behaviors such as pursuit, swarming,
flocking, resource partitioning, and cooperative hunting”'>’*~%_ These efforts illustrate how biologically grounded RL
frameworks can provide mechanistic hypotheses that complement experimental data, consistent with broader calls to embrace
naturalistic, less tightly constrained models in neuroscience ’*~*'. Full observability and controllability of the artificial neural
network enables mechanistic interpretation and in silico ablations **>%3,

A related literature studies emergent communication among artificial agents trained on cooperative or competitive tasks. In
these settings, agents often develop signaling systems that improve coordination and task performance "-**, including under
low-bandwidth communication constraints®* or in socially competitive environments . However, these studies typically
consider explicit, often symbolic, communication channels rather than signals grounded in biophysically constrained sensing.

.2 Arena and Foraging Environment

The arena is a rectangular, bounded region with reflective walls. During training, width and height are independently sampled
from [40,300] cm, so the policy is exposed to a broad range of arena scales. Evaluation assays use fixed sizes: 70 cm x 70 cm
for square foraging and homing, 160 cm x 40 cm for the wide two-agent assay, and 150 cm x 150 cm for dyadic patch-access
assays.

Four food-distribution classes were used in reported experiments:

 Uniform: food pellets distributed uniformly across the full arena.

 Patchy: circular patches placed at a fixed spatial density; each patch radius is drawn from a truncated normal distribution.

N-Patch: N circular patches of fixed radius arranged evenly around an ellipse centered in the arena, with a random starting
angle.

* One-Patch: a single circular patch at the arena center.

In all foraging analyses, food is initialized at episode start via a Poisson draw with density py (pellets cm~2) and neither
replenishes nor decays during the episode. The one-patch dyadic assay is the exception: the patch replenishes continuously,
sustaining competition across the episode.
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.3 Dynamic Cons-Baseline Sensing Model

A key challenge in modeling collective sensing is that the conspecific (cons-) EOD field at a receiver’s Mormyromast sensors is
itself a dynamic, large-magnitude baseline that varies with inter-fish distance and orientation. The object-induced perturbation
the receiver wants to detect (the cons-image) is orders of magnitude smaller than this direct cons-EOD field.

To isolate the cons-image, we implement a dynamic cons-baseline model inspired by the functional mechanism proposed by
Pedraja and Sawtell '°. Whenever a conspecific emits an EOD, we compute a cons-baseline at each receiver Mormyromast: the
electric field that the conspecific’s EOD would produce at that sensor location in the absence of any induced sources on nearby
objects. Subtracting this cons-baseline from the total field reading leaves a residual that reflects only the perturbations induced
on surrounding objects, i.e. the cons-image:

Scons-image,k = Stotal,k — Scons-baseline,k
where Soa1 ¢ 15 the raw reading at Mormyromast k and Scons-baseline,k 15 the pre-subtracted direct cons-EOD contribution at
that sensor, computed from the conspecific’s EOD dipole field without object interactions.

The cons-baseline is recomputed at each timestep as the conspecific’s position and emission state change, making it fully
adaptive to inter-fish geometry.

Mormyromast sensing via sense_mormyromast_all (raw)

Mormyromast food sensing via sense_mormyromast_all (raw)
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Fig. 7. Sensing ranges for different sensing modalities: Maximum intensity of self-images produced by food objects [Upper Left] and conspecifics [Upper
Right] when actively sensed by Mormyromasts. Maximum intensity of intrinsic dipoles emanating from prey [Lower Left] and conspecifics [Lower Middle],
sensed by Ampullary receptors. [Lower Right] Maximum intensity of passively sensed conspecific EODs using Knollenorgans (that binarize the received
signal).
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.4 Multi-Agent Reinforcement Learning

The foraging task is formulated as a decentralized partially observable Markov decision process (Dec-POMDP): at execution
time each agent acts using only its local electric-sense observations with no explicit communication channel, so any emergent
signaling arises solely through shared environmental consequences. During training, the critic receives the concatenated
observations of all agents (centralized training, decentralized execution; CTDE), which is the standard value-estimation strategy
of MAPPO . Each agent’s Knollenorgan observation includes a scalar encoding the emitting conspecific’s size, consistent
with the biological finding that Knollenorgan waveform intensity carries information about conspecific size and sex .

4.1 Training Algorithm

We trained 20 independent seeds for SM environment steps each using Proximal Policy Optimization (PPO)"' extended to the
recurrent, multi-agent setting . During training, arena width and height were each sampled independently from [40,300] cm
per episode, exposing the policy to a broad range of spatial scales and food-patch densities. Key algorithmic components:

¢ Actor-critic architecture: independent actor and critic networks, each with an MLP encoder, a recurrent trunk, and a
linear output head (Section .4.4).

¢ Generalized Advantage Estimation (GAE) with A = 0.95 for variance reduction.

¢ Recurrent rollout buffer: hidden states are carried across timesteps within an episode; truncated backpropagation
through time (BPTT) is used with a fixed horizon to limit memory requirements.

* Clipped surrogate objective with clip parameter € = 0.2.
* Entropy regularization with coefficient cy to encourage exploration.

¢ Shared policy with agent-size-specific conditioning: all N agents share a single set of weights; inter-agent heterogeneity
is encoded via the scalar size context input in the observation.

* Seed selection: the best-performing model across 20 seeds is selected based on mean per-episode food consumption and
the slope and goodness-of-fit (R?) of food eaten regressed on agent size, evaluated on held-out episodes (Fig. 11).

Hyperparameters were taken directly from the original on-policy MARL codebase *, which was tuned for continuous-action
continuous-control tasks; no additional tuning was performed for this work.

Each random seed produces a slightly different solution, as expected for equilibrium-finding in non-convex multi-agent
settings (Fig. 10, 11). Despite this variability, the top seeds share the same qualitative patterns: size-based dominance, structured
EOD modulation, and low-dimensional RNN activity (Fig. 12). We selected seed S1 for the detailed analyses in the main text.
4.2 Computational resources
Training and evaluation were run on a workstation with a single NVIDIA RTX 5090 GPU and on a GPU cluster using
equivalent hardware. Each seed took approximately 6-9 hours to complete training and post-training evaluation.

4.3 Reward Structure
The individual reward at each timestep is:

r= r,f°°d + rlPFOX + r}ntten + r}nte + rtcolhslon + rtefforl ( 4)
where:

. r,f"’"d = +cy whenever the agent successfully consumes a food item within its eating zone.

o 1 =cp - (d% — df°°) /Pyrena: shaping reward proportional to the decrease in distance to the nearest food item,
normalized by arena perimeter.

o ybitien: penalty for being bitten. In heterogeneous groups, this penalty is scaled by (1 + Spiter — Svictim)» SO being bitten by a
larger agent is penalized more strongly.

. r}’i‘e: small cost applied when the agent successfully bites another agent.

o peollision: nenalty applied when the agent collides with another object or boundary.

. rfff"”: penalty for movement or turn commands above the effort threshold.

The timestep and wall-proximity reward terms were zero in all reported experiments. No explicit reward for EOD emission,
communication, or social coordination is provided.
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4.4 Neural Network Architecture

* Actor network: two-layer MLP encoder (ReLU activations, LayerNorm after each layer, hidden size 512) followed by a
single-layer GRU®! (Dy; = 512), with a linear head producing a continuous action distribution over movement commands,
an EOD logit, and a bite logit. The environment thresholds the EOD and bite channels into binary events.

¢ Critic network: same MLP and GRU structure, with a linear head producing a scalar value estimate.

.5 Analyses
N = 169327 IDIs N = 116689 IDls
250 — Min.: 12 ms 250 = Min.: 12 ms
Max.: 289 ms Max.: 300 ms
— 200 = . 200 —
n [
é 150 = L_E/ 150 =—
o o
100 — 100
50 50

0 | | I 09 | |
0 20 40 60 0 10 20
Relative occurrence (%) Relative occurrence (%)

Fig. 8. Inter-discharge intervals from two freely foraging agents [Left], and from experimental data from two fish”! [Right]. These figures are inspired by
Gebhardt et al. Fig. 4C”" (and also resemble the data provided there.)

5.1 Interaction definitions

See Fig. 9 for a schematic that summarizes the various types of dyadic agent interactions.

5.2  PLSC details

Given two mean-centered data matrices X € R"*” and Y € R"*9 (here, RNN hidden states of two agents across n timesteps),
PLSC computes the cross-covariance matrix
Cxy =XTy e RP¥Y,

Singular value decomposition (SVD) of this matrix,
Cxy =UXLV',

yields orthogonal weight vectors U and V for X and Y, respectively. Projecting X and Y onto these weight vectors produces
paired latent variables (canonical variates), whose sample correlations quantify the strength of shared structure along each
dimension (e.g. PLSC1, the first-component correlation).

confrontin: chasin fleeing dispersing unaligned
Both agents face each other A1 oriented toward A2 A2 oriented toward A1 Both agents faceaway At least one heading is intermediate

> +-—Q o—> > -—Q +—0 +-—Q > I -—Q
A1 A2 A1 A2 A1 A2 A1 A2 A1 A2

Fig. 9. Ilustrative examples of interactions between two agents (Al and A2). Green sector: |rel angle| < 7 /4 (toward other). Pink sector: |rel angle| > 37 /4
(away from other).
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Fig. 10. Training diagnostics for the selected seed (S1). (A) Smoothed average episode return (left), policy and value loss (centre), and action entropy (right)
over 5M environment steps, showing stable convergence. (B) Mean cumulative reward (moving window of 20 updates) separated by arena type sampled
during training (patchy vs. uniform).

.6 Supplementary Figures

The following figures provide additional training diagnostics and inter-seed reproducibility evidence.
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Fig. 11. Inter-seed reproducibility across 20 independent training runs (S1-S20, SM steps each). (A) Total episode reward training curves (5-pt EMA) for
all 20 seeds. All seeds converge reliably to a similar performance band (~100-160) by SM steps with no catastrophic failures. (B) Seed ranking landscape:
each point is one seed, positioned by mean food eaten per episode (x-axis, foraging efficiency) and the slope of a food~size linear regression (y-axis, strength
of size-based dominance). Color encodes R? of food~size. Seeds in the upper-right quadrant (high efficiency, strong dominance structure) were preferred for
downstream analysis; S1 was selected as the canonical seed. (C) Food reward component (f0d, 5-pt EMA) across all seeds, showing convergence to a fairly
narrow band of foraging performance. (D) Bitten reward component (rpjen, S-pt EMA) across all seeds. The penalty is rapidly minimized from strongly
negative values at initialization to near zero, indicating agents learn to avoid aggression costs over the course of training.
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Fig. 12. Key result panels across the top-3 seeds (Rank 1: S1, Rank 2: S18, Rank 3: S9; rows A-D, E-H, I-L respectively). (A,E,I) Inter-discharge
interval histogram and power-law fit (2-fish uniform-wide eval). (B,F,J) Food eaten vs. agent size (4-fish patchy eval; Fig. 3M). (C,G,K) Biter vs. bitten size
by role boxplot (2-fish uniform-wide eval; Fig. SM). (D,H,L) RNN cumulative variance explained per episode, showing effective dimensionality (4-fish patchy
eval; Fig. 6A). Note that Rank 1 was used in the main manuscript.
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.7 Simulation and Calibration Parameters

Parameter Symbol | Unit | Value
Simulation Configuration

Prey radius Rprey m 0.0025
Agent radius Rigent m 0.01
Conductor contrast factor X - -0.5
Default training arena range - m 0.40-3.00
One-patch arena size - m 1.50 x 1.50
Homing training arena range - m 0.75-1.50
Simulation rate - Hz 83

Electric wall-image scale - - 0.95
Sensor Thresholds

Ampullary min. threshold EA min V/m | 2.0x 10710
Ampullary max. threshold Ea max V/m | 2.0x1078
Mormyromast min. threshold EM min V/im | 5.0x 1078
Mormyromast max. threshold EM max V/m | 5.0x 1072
Knollenorgan min. threshold EX min Vim | 2.0x 1077
Knollenorgan log-saturation scale EK Jog max V/m | 20x 1074
Active (Self-Image) Detection Ranges

Mormyromast prey detection range | XM_prey m 0.05
Mormyromast agent detection range | XM,agent m 0.10
Passive Intrinsic Detection Ranges

Ampullary prey detection range XA prey m 0.04
Ampullary agent detection range XA agent m 0.08
Passive Cons-EOD Detection Ranges

Knollenorgan agent detection range \ XK agent,consEOD \ m \ 1.00
Calculated/Estimated Quantities

Agent EOD monopole source 4EOD C +1.11x 1070
Agent EOD source separation - cm 1.0

Prey intrinsic dipole moment Pprey Cm | (0,1.11 x 107)
Agent intrinsic dipole moment Pagent Cm | (1.11 x 107%3,0)
Cons-image scaling factor keons - 100

Table 1. Physics simulation and calibrated parameters used for the dynamic-sensing model. Distances are reported in meters unless otherwise specified.
Electric-field thresholds are reported in V/m after unit conversion.

.8 Summary of evaluation assays
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Figure panels

Assay

Notes

Fig.

Fig.
Fig.
Fig.
Fig.

Fig.

Fig.
Fig.

Fig.
Fig.

Fig.

Fig.
Fig.
Fig.

Fig.
Fig.
Fig.

2A-D

3A,B,K-P
3C-)
4A-F
4G.H

41

4K,L
4M.N

SA-H
SLI

S5K-P

6A
6B,C
6D

6E,F
6G,H
61,J

Homing to a fixed emitting target in a 70 cm x 70 cm arena

Four-agent patchy foraging in a 70 cm x 70 cm arena
Two-agent wide foraging in a 160 cm x 40 cm arena
Four-agent sensor-ablation foraging in patchy arenas
Collective-sensing manipulations in a 40 cm x 40 cm arena

EOD muting manipulations

Patchy versus uniform food distributions
Iso-food patch-number sweep

Two-agent one-patch competition assay
Patch-confined bot control

Two-agent square interaction assay

Four-agent recurrent-state PCA
Group-size recurrent dimensionality assay
Homing recurrent-state decoding

Two-agent recurrent-state decoding
Two-agent shared-state PLSC
Two-agent recurrent-state power analysis

100 precomputed trials; compared with a non-electric ray
baseline

30 episodes; heterogeneous agent sizes

100 episodes; IDI and distance-dependent EOD analyses
Single-sensor removals and reduced-sensor controls
Self-EOD and conspecific-EOD components separated in the
Mormyromast channel

EOD emission silenced in selected agents; food consumed and
nearest-neighbor distance compared against baseline

Same trained policy evaluated under altered food layout

Patch count 1-5; iso series holds total food constant; free series
holds food-per-patch constant

100 trials per trained-agent size condition

300-condition grid crossing size, EOD rate, movement state,
and initial position

70 cm x 70 cm arena; pairwise approach, chasing, and biting
analyses

Hidden states from patchy foraging episodes

Same policy evaluated with different numbers of agents
Knollenorgan-defined and straight-line target angles decoded
from hidden states

Split by sensory range and pooled across timesteps

In-range versus out-of-range pairwise comparisons
Episode-level wideband power associated with social proximity
and relative size

Table 2. Condensed summary of the evaluation assays used for each main figure.
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.9 List of recurrent-state decoding targets

Target Symbol Type Description

X Position X Scalar Allocentric x position

Y Position y Scalar Allocentric y position

Distance to Nearest Agent dagent Scalar Distance to closest conspecific

Distance to Closest Food dfood Scalar Distance to nearest food item

Angle to Closest Agent Oagent Circular Bearing to closest conspecific

Angle to Closest Food Qlfood Circular Bearing to nearest food item

Actual Turn w Scalar Realized angular change per timestep

Agent Size Sagent Scalar Scalar size context of the focal agent

Energy e Scalar Internal energy state, when present in the rollout table

Agents in Knollen Range nffgem Count Number of conspecifics within Knollenorgan range

Size of Nearest Agent Sagent,1 Scalar Size metadata for the nearest conspecific

Distance to Second Nearest Agent dagent,2 Scalar Distance to the second-nearest conspecific

Size of 2nd Nearest Agent Sagent,2 Scalar Size metadata for the second-nearest conspecific

Food Count Centered (5cm) nEod Count Number of food items within the centered 5 cm local window

Food Count Front (5¢cm) Nfood.front Count Number of food items in the 5 cm front sector

Food Count Behind (5¢cm) food back Count Number of food items in the 5 cm rear sector

Food Count Left (5¢cm) Nfood. left Count Number of food items in the 5 cm left sector

Food Count Right (5cm) food right Count Number of food items in the 5 cm right sector

Agent Nearby Ie[écm Boolean Whether a conspecific is within the nearby-agent threshold

‘Was Bitten Dpitten Boolean Whether the agent was bitten on that timestep

Agent in Knollen Range [z{(genl Boolean Whether any conspecific is within Knollenorgan range

Mormyromast Field Magnitude log \EM\ Scalar Log-transformed Mormyromast field magnitude, when
center-field columns are available

Ampullary Field Magnitude log \E Al Scalar Log-transformed Ampullary field magnitude, when center-field
columns are available

Knollen Error Angle (xﬁéem Circular Orientation error relative to the Knollenorgan field direction

Distance to Wall dwan Scalar Distance from the focal agent to the nearest arena wall

Mormyromast Error Angle ocz’f’g’em Circular Homing-task error angle for the Mormyromast field

Ampullary Error Angle et Circular Homing-task error angle for the Ampullary field

Knollen Error Angle to Nearest Agent 6’§ Circular Homing-task error angle for the nearest-agent Knollen field

error

Table 3. Recurrent-state decoding targets used in the analyses. Targets absent from a given assay were omitted from that assay-specific decoding fit.
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.10 Sensor Calibration Calculations
.10.1 Dipole Moment for a Given Maximum Field at Distance x
The electric field (E) of a dipole at a point r (where x = |r|) is given by the general vector formula:

s oL [ 207

where p is the dipole moment vector and 7 is the unit vector in the direction of r. Alternatively, in spherical coordinates the
magnitude of the electric field at a point (x, 0) is:

E(x,0) = L \/3cos20+1

o 47[80)63

where 0 is the angle between the dipole moment vector p and the position vector r.
The magnitude of the electric field (E) is maximized when cos @ = +1, which corresponds to an angle of 6 = 0° or 6 = 180°,
i.e. directly along the axis of the dipole. The field magnitude along the axis is then:

_ p
2megx’

max

Therefore, the dipole moment p required to generate a maximum electric field Ey,.x at a distance x is:
p= 27t80x3EmaX

where p is the dipole moment (C-m), x is the distance from the dipole where the field is maximized (m), Enax is the required
electric field magnitude (V/m), and & is the permittivity of free space (8.854 x 10~!2 F/m).
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.10.2 Dipole Moment Required to Induce a Specific Field at Its Own Location

Active sensing involves three steps: a source dipole (p) creates a field, this field induces a new dipole (p’) on a conductor (other
agent or prey), and this induced dipole in turn creates a field that the source’s sensors detect.

To calibrate the strength of the EOD source, we find the source dipole moment (p) such that the maximum induced field at
the source’s location, Ejpduced, 1S €qual to a desired value, En,x.

The electric field at the conductor due to the source dipole is given by the on-axis formula:

p

Esource = m
i}

This source field induces a dipole moment (p’) on the conductor, which is assumed to be a sphere of radius R:

p/ =3gV- X - Esource

where V = %n’R3 is the volume of the conductor.
Substituting the expression for Egqyce and simplifying yields:

p 2R -xp
X 2megxd X3

4
P =3¢ (nR3
3
The induced dipole (p’) then creates its own on-axis electric field at the location of the original source dipole. The magnitude
of this induced field is: ,

p

Einduced = 2757803@

Substituting the simplified expression for p’ into this equation, we get:

1 2R3~x~p _R3~x-p
2egx3 x3 T mexd

Einduced =

To calibrate the source EOD dipole strength, we set this induced field equal to the sensor’s minimum detection threshold,
Enax and solve for the required source dipole moment, p:

 Emax7€ox®
- R3 X

where, p is the required dipole moment of the source (C-m), Epn,x is the target electric field magnitude at the source dipole
(V/m), x is the separation between the source dipole and the conductor (m), R is the conductor’s radius (m), ¥ is the conductor
contrast factor, & is the permittivity of free space (8.854 x 10?2 F/m).
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.10.3  Self-EOD vs. Induced-dipole field strength at a Mormyromast sensor (on-axis, collinear)

Consider a source dipole at (0,0) with moment p = p¥, a spherical object of radius R centered at (0,Xop;), and a
Mormyromast-type sensor on the source body at (0,r) with outward normal $. All positions are collinear along y and
fields are evaluated on-axis.

Self field at the sensor: On-axis self-EOD field magnitude at (0, r):

p
Ewrr=|—=|.
self ’277.780 r3
Induced field at the sensor: Field at the object’s center:
1L p
Esource—)obj = 3 |-
2mey Xobi

Assuming object is a sphere with contrast factor ) the induced dipole moment is

2Ry
p’ = 47‘[80R3XEsource*>0bj - 73

Xobj

The field magnitude at (0,7) due to the induced dipole at (0,xop;) is

1 P 1 1 2R3y

= p .
27'(80 |x0bj — r|3 xgbj

Eina =
ind 27(80 \xobj — r|3

Ratio (self vs. induced). Taking the ratio of magnitudes,

p
3 3

Egert o 27'[801"3 o xobj ‘xObj - rl

Eing 1 2R3y p 2R3

3 3
2mey x3yy |Xobj — 7]
In the common regime 7 < Xobj, |Xobj — 7’| & Xopj and

6
Eseit ~ Xobj
Eina 2){R3 r3

For a prey object that is x,,; = 5 cm away, with R = 0.25 cm radius,
|x| = 0.5, and agent radius r = 1 cm, %—e'df ~ 10°

For a post-baseline-subtraction sensing dynamic range of 10 (“one order of magnitude”) on Ej,4, i.€.: Eﬁd / E;‘ld = 10, implies
a distance range of xgbj/xgbj =10"6=1.47=1/(0.68)
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.10.4  Self-EOD vs. Cons-EOD field strength at a Mormyromast sensor (on-axis, collinear)

Given two agents, one at (0,0) and the conspecific agent at (0,xqons), we will calculate the ratio between the field due to
self-EOD Egt.rop and due to cons-EOD Ens pop at a Mormyromast-type sensor located at (0,r) with a radially-outward
pointing normal.

For simplicity, we assume that a point dipole p = py at the first agent’s center generates the self~EOD. When a conspecific
emits (receiver is not emitting), the conspecific dipole (assumed collinear and aligned) at y = xcons > r on the +¥y axis.

The on-axis dipole field is given by

(dip) 1 sgn(Ay)
Ey (A ) - 271780 p ‘Ay|3 )

E1t.E0D, the magnitude of the self-EOD field at the sensor is given by:

1 Pself
2mey |

Egeit-E0D =

E ons-EOD, the magnitude of the cons-EOD field, due to a dipole at (0, xcons ), at the same sensor is given by:

1 Pcons

EconsEOD = |- 7= |-
cons 27Ey |xeons — 13

Assuming same dipole strength, their ratio is given by

3
Eseif-EOD - ‘xcons - 7‘|
Econs-EOD r

For agents separated by x5 =~ 10 cm and a agent body radius r =~ 1 cm,
Ese]f»EOD/Econs—EOD = 93 =729.
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