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Social Patch Foraging Theory in an Egalitarian Group
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Foraging is a widespread behavior. Specifically, social foraging can bring several benefits compared to
solitary foraging, such as collective pooling of information and reducing environmental uncertainty. Based on
an evidence accumulation framework, we developed a model of patch-leaving decisions in a large egalitarian
group, going through two intertwined paradigms: in which habitat to forage and, inside habitats, how to balance
exploration and exploitation in patches. In this paper, we define patches as small areas that are rapidly depleted,
in contrast to habitats, defined as larger areas, almost nondepleted. Across these two environments, we used
numerical simulations and analytical tools to quantify the collective foraging dynamics. We showed that three
variables—the cohesion of a group, the mean residence times, and the accuracy in finding the best habitat—are
relevant metrics to characterize the collective processes. In particular, cohesion, a less studied aspect in classical
foraging approaches, characterizes the initial nonstationarity of the dynamics and is ecologically relevant as it
provides risk dilution in the presence of threat. These metrics are shaped by different environment statistics,
such as reward probabilities, travel time between areas, or the depletion rate. They also enable the quantification
of the impact of social information. We found that these metrics are strongly modulated by social interactions
and that different types of information sharing mechanisms give rise to a variety of emergent collective patterns.
In particular, most interaction types increase accuracy, but have nontrivial and various effects on cohesion and
exploration-exploitation tradeoff. The effects of these social interactions were similar in habitats and patches.
We expect this flexible and quantitative model to be relevant for analyzing large scale foraging datasets and
formulating hypotheses.
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I. INTRODUCTION

Foraging is a widespread decision-making process [1],
which constitutes complex multilevel behavior on different
spatial and time scales. This process entails two main ques-
tions: where to forage and how long to exploit a certain
resource [2]. For the first question, the associated process
corresponds to “habitat choice” [3], where individuals choose
a large area in which to forage, without significant modifi-
cations to the environment. Once a habitat is chosen, animals
exploit resources in smaller regions within, patches, which are
depleted by their activity. We refer to this process as “patch
exploitation.” For both processes, the foraging areas can be
conceptualized as patches. The difference lies in the depletion
rate of resources in these regions.

Within these environments, many animal species forage
socially. For example, eusocial insects [4], birds [5], rats [6],
meerkats [7], or baboons [8] forage collectively. Although
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social foraging affects resource availability [9], being part of
a group brings several benefits compared to solitary foraging,
such as safety against predators [10], enhanced ability to cap-
ture prey [11], or collective sharing of information [12,13]. In
fact, for the latter, the sharing of social information can lead
to greater foraging success [14,15].

To investigate the underlying processes of social foraging,
several theories and quantitative models have been developed.
A theory such as ideal free distribution predicts the distri-
bution of foraging individuals among patches with different
amounts of food so that fitness is optimized and competition
is minimized [16]. However, empirical data often show a
deviation from these predictions [17]. Another model uses
the marginal value theorem, modified to study the residence
times of groups, compared to solitary ones [18]. Agent-based
models are a useful framework for implementing complex
individual and interaction rules [19], as well as reinforcement
learning models [20,21]. Some game-theoretic approaches
have also been applied to social foraging [22,23], which
allows the study of competitive and cooperative behaviors
between agents, or the impact of a group’s size. The way
agents integrate their personal and social information to in-
crease their knowledge of their environment has been studied
in Bayesian models [24]. Movement decisions in groups can
also be studied theoretically, to understand the impact of the
proportion of informed individuals [25].

However, the aforementioned approaches are often coarse
grained, implying general interaction rules, or are too

2835-8279/2025/3(3)/033007(18) 033007-1 Published by the American Physical Society

https://orcid.org/0009-0005-0141-6272
https://orcid.org/0000-0002-0045-8017
https://ror.org/0546hnb39
https://crossmark.crossref.org/dialog/?doi=10.1103/mqxr-1nyv&domain=pdf&date_stamp=2025-07-22
https://doi.org/10.1103/mqxr-1nyv
https://creativecommons.org/licenses/by/4.0/


LISA BLUM MOYSE AND AHMED EL HADY PRX LIFE 3, 033007 (2025)

complex to be treated analytically. Another limitation is that
uncertainty and noise in decision processes are often not
taken into account, which can strongly shape the agents’
patch departure statistics [26,27]. This calls for the devel-
opment of an analytically tractable framework, including
inherent stochasticity, to study the mechanisms underlying
social foraging under a variety of social and environmental
conditions.

Our aim in this study is to develop a new framework for
describing quantitatively collective patch foraging dynamics,
focusing on collaborative foraging. Our model is built on a
widespread stochastic decision-making framework based on
the evidence accumulation process, drift-diffusion models,
which can be applied to patch-leaving tasks [26]. Such pro-
cesses have related neural correlates [28,29], and have been
useful in understanding the neural basis involved in binary
perceptual choices [30].

So far, such mechanistic models have focused only on
one [26] or two foragers [31]. The latter model introduced
a theoretical framework to study coupled agents for different
interaction mechanisms [31]. In this paper, the model is gen-
eralized to larger groups, with more interaction mechanisms.
To investigate with precision the effects of social informa-
tion, we rely on the following classification of these social
interactions [32,33]. They can be broadly divided into two
categories: environmental information actively shared through
specific signals between agents or social information observed
by others. In addition to these directed signals, social foraging
can also be based on information-bearing cues [33]. Inside this
category, two types of social information can be distinguished:
social cues, which expose the internal belief of an individual,
and public information, when the behavior of another agent
reveals information about the environment.

With our framework, we investigate quantitatively the
emergent foraging properties in different behavioral tasks—
habitat choice and patch exploitation—and how they are
shaped by social information.

II. METHODS

A. Environments: Habitats and patches

All variables and parameters are summarized in Tables I.
and II. N agents move between different habitats or patches
identified by a number k, separated by a travel time Ttr. For
a two-habitat environment in Sec. III A, k = 0 is the initial
habitat, and k = 1 is the highest quality habitat. For successive
patches in Sec. III B, the patches are numbered from 1 to K ,
and k = 1 is the initial patch.

For both situations, the local foraging area, habitat or patch,
can be conceptualized as a ‘patch”; the key difference is
whether or not the foragers affect the resource availability.

In a given habitat/patch k, at each time step an agent
i has a probability pk of receiving rewards according to a
time-dependent reward function ri(t ), equal to 1 s−1 if a piece
of food is received, 0 s−1 otherwise. This quasicontinuous
situation (small time step) can be reproduced in a laboratory,
with experiments controlling the reward rate provided, or in
natural landscapes where the possibilities of receiving pieces
of food are numerous. This quasicontinuous approximation

TABLE I. Variable and parameter definitions of the model.

Variable or parameter Definition

i Index of an agent
k Index of a patch
xi Decision variable
α Cost of foraging
ri(t ) Food reward
B Noise parameter
W (t ) Wiener process
θ Decision threshold
Ttr Travel time between patches
pk (t ) Probability of reward
pin Initial probability of reward
Am Maximum amount of food
nk (t ) Number of agents in a habitat/patch
ci j (t ) Coupling term
κr Reward strength
κdiff Diffusive strength
κd Departure strength
κa Arrival strength
κc Counting strength
η Counting threshold

also makes the comparison easier with the marginal value
theorem, which assumes continuous rewards.

In habitats, this reward probability is constant, while in
patches it decreases as the amount of food consumed. In
the latter case, the reward probability is updated as d pk (t ) =
−∑

i in k ri(t )/Am, with Am the maximum amount of food that
can be contained in a patch.

Animals integrate this personal food availability informa-
tion, which in turn modulates their departure decision process.

B. Habitat/patch leaving decision process

In this model, we provide a mechanistic description of
when to leave a habitat/patch based on the actual experience
of rewards [34–37]. Motivated by models of decision making
[38,39], which have already been applied to patch-leaving de-
cisions [26], we represent this using a drift-diffusion process

TABLE II. Variable and parameter definitions of the analysis.

Variable or parameter Definition

μk (t ) Effective drift term
�k (t ) Unit probability density of leaving
�k (t ) Unit probability to be in the patch
Pk (t ) Probability density of leaving
Qk (t ) Fraction of agents
Pk

nc(t ) Pk (t ) for noncoupled agents
Qk

nc(t ) Qk (t ) for noncoupled agents
μk

S μk (t ) in a steady state
Pk

S Pk (t ) in a steady state
Qk

S Qk (t ) in a steady state (accuracy)

T
k

Mean residence time (exploitation)
γ Cohesion parameter (cohesion)
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through a patch decision variable xi. Upon entering a patch,
xi = 0, and changes in xi occur with evidence accumulation
from a constant drift α and time-dependent rewards ri(t ). The
forager decides to leave the patch when the threshold of xi = θ

is reached. This decision variable evolves according to the
following stochastic differential equation:

dxi(t ) = (ri(t ) − α)dt +
∑
j �=i

ci j (t )dt +
√

2B dWi(t ) (1)

The stochastic part of the equation is composed of Wi(t ),
the standard Wiener process, and B the noise amplitude. In
addition to the individual parts, we include the sum of social
information from other agents j in the same habitat/patch,∑

j �=i ci j (t ), extending preliminary results with two interact-
ing agents [31].

C. Integrated social information

In this paper, we consider four different social information
gathering mechanisms; see Fig. 2(a). One way to convey in-
formation is through actively shared signals [15,32,33].

1. Signaling (diffusive)

An example of active signals is vocalization, used to
communicate in species such as capuchin monkeys [40] or
bats [41]. In bees, information about patch locations can
be communicated through the waggle dance [42]. Another
mechanism, trophallaxis—the exchange of liquid food by
mouth—allows honeybees to learn associations between nec-
tar odors and rewards [43]. In this paper, we focus on
continuous belief signaling, sometimes referred to as diffusive
coupling. This mechanism has already been studied in a patch-
leaving task with two agents [31], as well as in some “ideal
groups” of decision makers [44,45], and in models of migrat-
ing animal groups [46,47]. It is mathematically described as
the coupling of decision states between agents:

ci j (t ) = κdiff

N
[x j (t ) − xi(t )]. (2)

The parameter κdiff is the diffusive coupling strength. It
is normalized by the size of the group N , so that the sum
in Eq. (1) represents the averaged social information over
all agents in the same habitat/patch. Please see Fig. 8 in
Appendix G for the scaling by the number of agents in a
habitat/patch nk (t ), which assumes an additional computation
for the animals to evaluate this variable.

Signaling is a direct way to communicate one’s belief, but
social information can also be inferred through inadvertent
social information, such as social cues whereby an animal’s
behavior reveals their internal beliefs. [15,33]. For example,
the presence of other individuals constitutes a social cue that
may attract the observer to a habitat/patch location. This
process is known as local enhancement [32]. Examples of this
phenomenon can be found in various species, such as birds
that tend to move to places where other birds are feeding [48],
or in Norway rats, that follow each other from their burrows
to food or water locations [49]. In this paper, we focus on

two different underlying mechanisms that could lead to local
enhancement.

2. Local enhancement (counting)

A possible mechanism of local enhancement could be
through counting the number of conspecifics and finding
where the highest fraction of the group is. We refer to this pro-
cess as counting coupling. It is mathematically represented as
the difference between the fraction of agents in a habitat/patch
k and a counting threshold η. For clarity reasons, we write this
term without the sum in Eq. (1):

ci(t ) = κc

(
nk (t )

N
− η

)
, (3)

where κc is the counting coupling strength.
If many agents are in the same patch, nk (t )/N > η, so

ci(t ) > 0, i.e., the agent accumulates evidence to stay in the
habitat/patch; inversely for nk (t )/N < η.

Counting coupling is thus based on the computation of
the group’s proportion at one place at any time t . Other
mechanisms may underlie local enhancement without this
continuous evaluation, such as the observation of others’
movements between habitats/patches.

3. Local enhancement (pulsatile)

This alternative relies on pulsatile information, shared
only when a departure decision is made [31,50,51], or when
another agent enters the habitat. We refer to these processes as
departure and arrival pulsatile couplings. The latter is studied
only in a habitat choice task; in fact, the arrival information in
successive patch foraging is less relevant since individuals do
not go back to the previous patches.

The departure coupling is mathematically described as

ci j (t ) = − κd

Nd dt
δ(x j (t ) − θ ), (4)

where κd is the departure coupling strength. When the agents
j’s decision variable reaches the threshold θ , i.e., the agent
leaves, then ci j (t ) < 0. This means that the observing agent i
is more likely to follow this leaving individual. The scaling by
dt is related to the discrete effect of this coupling (nonzero
Dirac), which means that it is modifying the differential
equation Eq. (1) with −κd (without the dt in the decision
equation). The coupling term is normalized either by the size
of the group Nd = N , or by the number of other individuals
in the habitat/patch Nd = nk − 1. The second normalization
assumes an additional computation for the animals to evaluate
this variable.

Inversely, if an agent j is arriving in the habitat (after the
decision to leave the previous one, plus a travel time Ttr), then

ci j (t ) = κa

Nadt
δ(x j (t − Ttr ) − θ ), (5)

where κa is the arrival coupling strength. In this case ci j (t ) >

0, which means that the observer i is more likely to re-
main in their current habitat/patch. The coupling term is
normalized either by the size of the group, Na = N , or by
the number of other individuals in the other habitat/patch,
Na = N − nk − 1.
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FIG. 1. Habitat choice dynamics is shaped by environmental statistics. (a) Schema of the two-habitat environment. Foraging agents
accumulate evidence in a habitat (e.g., habitat 0, shaded in blue), and leave it when their decision variable x reaches the threshold θ . They
then go to the other habitat (e.g., habitat 1, shaded in red), after a travel time (nonshaded area). This process is repeated during the duration
of the experiment. (b) Distribution density of leaving times Pk (t ) (left) and fraction of agents Qk (t ) (right) in habitats k = 0 (top) and k = 1
(bottom) show oscillations converging to a steady state (2 × 104 simulations). (c) Damped oscillations quantification. Left: Pk

A,ν amplitudes
diminish with time (2 × 104 simulations). Right: The cohesion parameter γ decreases with the reward probability p = p0 = p1 and increases
with Ttr. The blue star corresponds to the set of parameters in (b). (d) Steady states and mean residence time quantification. Top left: Steady
state fraction in the best habitat Q1

S increases with p1 and decreases with p0. Top right: Steady state leaving probability of the best habitat
P1

S decreases with p0 and p1. In this noninteracting situation, P1
S = P0

S . The blue star corresponds to the set of parameters in (b). Bottom left:

Mean best habitat residence time T
1

increases with p1. The blue vertical line corresponds to the set of parameters in (b). Bottom right: Q1
S, P1

S

decrease with the travel time Ttr.

Social cues enable observers to catch information about
others’ beliefs. Another type of inadvertent social information
may be directly related to the characteristics of the envi-
ronment. This information is provided when the behavior
of individuals makes some environmental cues available to
observers [32]. For example, this phenomenon has been ob-
served in starlings [52], where the observation of the success
of others in foraging provides information on the current
patch [53].

4. Public information (reward)

Focusing on this example, we study the effect of observ-
ing others’ food catches, which constitutes a form of public
information. We name this mechanism reward coupling. It is
mathematically represented as

ci j (t ) = κr
r j (t )

nk (t ) − 1
, (6)

where κr corresponds to the reward coupling strength. When
an individual receives a reward, ci j (t ) > 0, which means the
observer is more likely to remain in the current habitat/patch.
It is normalized by the number of conspecifics in the
habitat/patch. Please see Fig. 9 in Appendix G for the scaling
by the number of agents in the group N , which highlights
similar results.

D. Simulations details

The stochastic differential equation (1) of the decision
variable is solved numerically with an Euler method, with
dt = 0.01 s. Other variables are updated at every time step.

In figures in the habitat choice section III A, except in the-
oretical plots, nonsocial parameters remain constant: θ = −5,
α = 1.25 s−1, B = 0.1 s−1; and the reward probabilities in
each habitat are p0 = 0.4, p1 = 0.6. Ttr = 1 s in Fig. 1 and
Ttr = 0 s otherwise. For the γ plots, p0 = p1 = 0.5.

In Fig. 6, numerical parameters are θ = −5, α = 1.25 s−1,
B = 0.1 s−1, K = 10, N = 10, Am = 8000, and pin = 2

3 .

033007-4



SOCIAL PATCH FORAGING THEORY IN AN … PRX LIFE 3, 033007 (2025)

III. RESULTS

Foraging constitutes a multilevel process across different
spatial scales, which considers two questions: where to forage
(in which habitat) and how long to exploit a certain resource
(in a patch) [3]. We first consider the habitat choice problem
in Sec. III A; following this, we consider the patch leaving
problem in Sec. III B.

A. Where to forage? Collective movements
and stationary states during habitat choice

In large areas, foraging activity may not significantly affect
the amount of available resources. In this habitat choice pro-
cess [3], animals are accumulating evidence in different places
to choose where they will remain to forage. In this paper,
we focus on a two-habitat choice process. We first define the
dynamics of noninteracting agents, to subsequently study how
it is modulated by social information.

1. Dynamics of noninteracting animals:
Exploitation, accuracy, and cohesion

To characterize the movements in the environment, we
quantify the leaving dynamics and repartition over time of the
agents between the initial, low yielding (k = 0) habitat and the
highest yielding one (k = 1). In this situation of noninteract-
ing agents, there is independence of dynamics in each habitat.
Then, the probability density of leaving a habitat k is given by
a convolution between the unit distribution densities for each
habitat:

Pk (t ) =
∞∑

ν=1

(
�0

ν ∗ �1
ν−1+k

)
[t − (2ν − 2 + k)Ttr]. (7)

For t � (2ν − 2 + k)Ttr, the convolution is equal to zero.
The unit distribution density is defined by

�k
ν (t ) = −νθ√

4πBt3
exp

(−(νθ + μkt )2

4Bt

)
(8)

for ν � 1. �k
0 (t ) = 1 for all t . See Appendix B for the calcu-

lation details.
μk is the effective drift term. Since rewards arrive quasi-

continuously, it is possible to approximate the time irregular
function ri(t ) by the average reward rate, equal to pk s−1 in
habitats. We can then define the effective drift term μk =
α − pk . See Appendix A for more details. Indeed, since the
reward sampling time is small compared to the timescale of
the decision equation, it is possible to decouple both dynamics
using a slow-fast analysis. Please note that this variable must
satisfy the condition μk � 0.

The probability of being in the habitat k, or the fraction of
individuals in this habitat, is given by

Qk (t ) = 1 − k +
∫ t

0
dτ [Pk′

(τ − Ttr ) − Pk (τ )]. (9)

Figure 1(b) shows an example of these analytical distribu-
tions, Pk (t ) and Qk (t ) that reproduce the results of numerical
simulations. Both Pk (t ) and Qk (t ) show an oscillatory pat-
tern. The agents first leave their initial habitat k = 0 to go
to the habitat k = 1, then go back, and so on. The vertical

gray dotted lines indicate the mean residence times for each
passage. This variable constitutes an important metric used in
behavioral ecology, especially defined in the marginal value
theorem [54]. Our model allows us to define precisely these
mean residence times, to quantify how long animals spend
exploiting a habitat before leaving.

Exploitation. The mean residence time is mathematically
defined as

T
k = −θ/μk . (10)

Figure 1(d) shows that T
1

is increasing for a higher reward
probability p1. In fact, foragers remain longer in better habi-
tats. In this case of noninteracting individuals, the oscillations
are periodic with period T

0 + T
1 + 2Ttr.

However, these oscillations are also damped [see Fig. 1(b)],
which is related to the progressive desynchronization of in-
dividuals. This aspect is of particular importance because
cohesion is a collective protective behavior in the presence of
threats such as predation, as it provides increased collective
vigilance and risk dilution [10,55]. To quantify this synchro-
nization feature, we introduce a cohesion metric; see below.

Cohesion. The damping of Pk oscillations can be exactly
characterized in the case of identical habitats, with p0 = p1 =
p; see Fig. 1(c). The cohesion parameter is defined as (see
Appendix B for calculation details)

γ =
√

μ

B
(μTtr − θ ). (11)

The larger γ values are, the more cohesive the group is (i.e.,
the less damped the oscillations are).

Figure 1(c) highlights how cohesion is shaped by environ-
mental properties. A higher reward probability p leads to a
less cohesive group (smaller γ values). In fact, more abundant
resources are associated with more dispersed residence times.
Another feature of the habitat environments is the travel time
separating them. We observe that a longer travel time Ttr leads
to a more cohesive group (larger γ values). Indeed, this intro-
duces a timescale difference that delays the desynchronization
and stationary repartition of agents between the habitats.

Then, after an oscillatory period, where the collective
movements between the two habitats are still coherent, the
oscillations converge toward stationary values; see the hori-
zontal black dotted lines in Fig. 1(b). Among these different
steady state values, the fraction of agents in the best habitat,
Q1

S, is a metric of particular significance. In fact, it is a mea-
sure of the group’s accuracy in finding the best habitat, which
reflects the foraging success.

Accuracy. The fraction of agents in a habitat k in a steady
state can be found after computing the entering and leaving
fluxes (see Appendix C):

Qk
S = 1

− 2μkTtr

θ
+ 1 + μk

μk′
. (12)

The steady state leaving probability density Pk
S is mathe-

matically described as

Pk
S = μk

2μkTtr − θ
(
1 + μk

μk′
) . (13)
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FIG. 2. Collective social dynamics for a group with active communication and local enhancement (counting coupling) in a habitat choice
process. (a) Schema of a group with interacting agents in a two-habitat environment. Individuals interact with their conspecifics in different
ways. Information can come from the observation of others’ food rewards (reward coupling). Individuals can also observe others’ beliefs about
a habitat quality, by communicating continuously (diffusive), through agents’ arrivals or departures observation (pulsatile), or by observing
the number of agents in their current habitat (counting). (b) Continuous belief sharing (diffusive) leads to more cohesion, with no accuracy
and exploitation modifications. Left: Distributions of leaving times P1(t ) and fraction of agents Q1(t ) in the best habitat show less damped
oscillations, and no change in steady states and periodicity compared to a noncoupled situation [P1

nc(t ), Q1
nc(t )]. Parameters are N = 5, κdiff =

10 s−1 (2 × 103 simulations). Right: The cohesion parameter γ increases with the group’s size N . (c) Observation of the proportion of agents in
a habitat (counting) increases accuracy and exploitation, and reduces cohesion. Left: Distributions of leaving times P1(t ) and fraction of agents
Q1(t ) in the best habitat show more damped oscillations, later departure times, and a higher fraction of agents in the best habitat compared to
a noncoupled situation [P1

nc(t ), Q1
nc(t )]. Parameters are N = 5, κc = 1 s−1 (2 × 103 simulations). Right: Increased κc values lead to higher Q1

S,

T
1

values and decreased P1
S values. The blue vertical line corresponds to the set of parameters in the left figure.

Figure 1(d) shows how these stationary values change for
different environmental characteristics. Accuracy increases
with a larger ratio p1/p0, when the two habitats are easier to
distinguish. Independently of this ratio, the leaving probability
density decreases with higher reward probabilities in both
habitats, as animals remain more in better habitats. On the
other side, increasing travel times Ttr decrease both accuracy
and leaving probability density, meaning that a greater frac-
tion of agents travel and are not in the habitats.

The distributions and metrics (exploitation, cohesion, ac-
curacy) defined above constitute useful analytical tools to
quantify the collective foraging dynamics. Applying these
different methods to more complex situations, we now
study how this collective dynamics is modulated by social
information. The different types of information gathering
mechanisms are schematized in Fig. 2(a), and we begin

by analyzing the effects of active signaling between
individuals.

Please note that, for readability reasons, the travel time is
set to zero (Ttr = 0 s) in the next parts of the paper.

2. Continuous active signaling (diffusive) increases cohesion

How would the continuous signaling of beliefs, for exam-
ple through vocalizations, modulate the collective dynamics?
To analytically predict the different distributions and metrics
for agents interacting through diffusive coupling (see Sec. II,
Methods), we study the case of perfectly coupled individuals,
in the strong limit κdiff −→ ∞. This analysis extends previous
predictions made for 2 agents [31] to an arbitrary number of
agents N . The resulting dynamics is equivalent to the nonin-
teracting situation, but with the noise amplitude scaled by the
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size of the group, B/N (see Appendix D for the calculation
details).

Figure 2(b) shows the modification of the analytical and
simulated distributions in the best habitat, P1(t ) and Q1(t ),
with perfect diffusive coupling, compared to the noncoupled
ones, P1

nc(t ) and Q1
nc(t ). As the noise amplitude B has no

effect on the steady state values Pk
S (t ), Qk

S(t ), and T
k

[see
Eqs. (10), (12), and (13)], the effect of diffusive coupling
can only be observed on the modulation of cohesion, which
increases with the number of agents N . Please note that an
alternative to mathematically describe the diffusive coupling,
by normalizing by the number of agents in a habitat instead of
the size of the group, highlights similar results; see Fig. 8 in
the Appendix G.

Let us now move to the study of less direct belief sharing
mechanisms, through the observation of social cues. In the
following, we analyze the effects of local enhancement.

3. Local enhancement (counting) increases accuracy
and exploitation, and reduces cohesion

The presence of other individuals constitutes a social cue
that can attract the observer to a habitat location. We study
here the collective consequences of foragers that prefer to be
surrounded by a large number of conspecifics.

Analytical predictions of distributions are not possible in
this coupling case; however, estimates of metrics in a steady
state can be calculated via the effective drift term. For N � 1,
the steady state effective drift term is mathematically de-
scribed as

μk
S = 2α − (pk + pk′

) − κc(1 − 2η)

2

×
[

1 + (pk′ − pk )

2α − (pk + pk′ ) − 2κc(1 − η)

]
. (14)

Figure 2(c) shows the modification of the simulated dis-
tributions in the best habitat, P1(t ) and Q1(t ), with counting
coupling, compared to the noncoupled ones, P1

nc(t ) and Q1
nc(t ).

In these plots, we observe more damped oscillations with
counting coupling, i.e., less cohesion. Quantification of steady
state metrics in the best habitat shows increased accuracy,
mean residence time, and decreased leaving probability den-
sity with increasing coupling strengths κc.

These results are strikingly different from the collective
consequences of active signaling. But would a closer social
information type, another local enhancement mechanism, re-
sult in more similar emergent processes? Instead of looking at
the number of neighbors in a habitat, we investigate the effects
of another way to collect information about others’ beliefs,
through the observation of leaving and arriving movements.

4. Local enhancement (pulsatile) increases cohesion,
and has various effects on accuracy and exploitation

This alternative relies on pulsatile information, shared only
when an individual enters or leaves a habitat. Analytical pre-
dictions of distributions are possible only for perfect pulsatile
coupling (κd −→ ∞). In that case, all agents move together;
the first one to leave is immediately followed by the others.
So the number of agents in any habitat k is nk (t ) = N . The

unit distribution of residence times becomes

�κd−→∞(T ) = �(T )�(T )N−1 (15)

and can be used to compute Pk (t ) and Qk (t ) (see Appendix B).
Otherwise, the effective drift term μk is time-dependent and
predictable with difficulty [50,51]. However, steady state pre-
dictions are possible. The two normalization possibilities (see
Sec. II, Methods) are studied below, starting with normaliza-
tion by the total number of agents.

Nd = Na = N. For a large number of agents N � 1, the
effective drift term in a steady state can be written as

μk
S =

−ak
2 ±

√(
ak

2

)2 − 4a1ak
3

2a1
(16)

with a1 = 2 + κd −κa
θ

, ak
2 = (pk − pk′

)(1 + κd −κa
θ

) − 2(α −
pk ), and ak

3 = −(α − pk )(pk − pk′
). See Appendix E for

the calculation details. Please note that μk
S depends on the

difference κd − κa here.
The second normalization, by the number of agents in

the habitat, is slightly different, as it assumes an additional
computation for the individuals to evaluate this variable.

Nd = nk − 1, Na = N − nk − 1. Similarly, for a large
number of agents N � 1, the effective drift term in a steady
state can be written as

μk
S = 1

2

[
2α − (pk + pk′

)

1 + (κd − κa)/θ
− (pk − pk′

)

1 + (κd + κa)/θ

]
. (17)

See Appendix E for calculation details.
Figure 3 shows the modification of the simulated distri-

butions in the best habitat, P1(t ) and Q1(t ), with pulsatile
coupling, compared to the noncoupled ones, P1

nc(t ) and Q1
nc(t ).

For normalization by the total size of the group, these graphs
highlight more cohesive movements for both types of cou-
pling. Quantification of steady state metrics in the best habitat
shows decreased accuracy and mean residence time, and an
increased probability density of leaving for higher κd values
compared to κa.

For normalization by the number of agents in a current
habitat, the oscillatory behaviors are similar, and therefore the
effects on cohesion are similar (see Fig. 9 in Appendix G).
The effects on steady state metrics are also similar, except
that increased κd values lead to increased accuracy and mean
residence time.

In summary, pulsatile coupling is responsible for various
collective patterns, which are qualitatively different from the
ones observed with the other local enhancement mechanism
(counting). First, observation of others’ arrivals or departures
leads to more cohesion. Then, arrivals observation increases
collective accuracy and exploitation, while departure obser-
vation diminishes exploitation and may decrease or increase
accuracy depending on the individual reference: the whole
group, or only agents in the observer’s current or other habitat.

So far, we have investigated a wide range of collective
modifications induced by different social information types,
either active signaling or inadvertent social cues. Let us now
study the changes generated by the last information gathering
mechanism modeled in this paper: public information. This
information is provided when the behavior of agents provides
some environmental cues, here rewards, to others.
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FIG. 3. Collective social dynamics for a group with local enhancement (pulsatile coupling) in a habitat choice process. (a) Pulsatile
coupling scaled by the group’s size N . Top left: Observation of others’ departures leads to less accuracy, less exploitation, and more cohesion.
Distributions of leaving times P1(t ), and fraction of agents Q1(t ) in the best habitat show less damped oscillations, earlier departure times
and a smaller steady state fraction of agents in the best habitat. Parameters are N = 50, κd = 100, κa = 0 (1 × 103 simulations). Bottom left:
Observation of others’ arrivals leads to more accuracy, more exploitation, and more cohesion. Distributions of leaving times P1(t ) and fraction
of agents Q1(t ) in the best habitat show less damped oscillations, later departure times, and a higher steady state fraction of agents in the best
habitat compared to a noncoupled situation [P1

nc(t ), Q1
nc(t )]. Parameters are N = 50, κd = 0, κa = 2 (1 × 103 simulations). Right: An increased

κd − κa difference leads to higher P1
S values and decreased Q1

S, T
1

values. The blue vertical line represents the value used in Fig. 3(a) bottom.
(b) Pulsatile coupling scaled by the number of other agents in the observer’s current or other habitat. An increased κd parameter leads to higher
P1

S , Q1
S values and decreased T

1
values, except close to the upper boundary, where the tendency is reversed for P1

S and T
1
. For readability

reasons P1
S and T

1
values are bounded respectively to 1 and 50 s, and the upper part corresponds to sets of parameters beyond the limits

corresponding to μk
S = 0.

5. Public information (reward) increases accuracy
and exploitation, and decreases cohesion

This information gathering mechanism comes from the ob-
servation of food rewards that other agents in the same habitat
receive. Distributions and metrics can be easily analytically
predicted by including the additional coupled reward rate in
the effective drift term:

μk = α − pk (1 + κr ). (18)

Figure 4 shows the impact of public information gathering
through reward coupling on analytical and simulated distri-
butions P1(t ), Q1(t ) compared to noncoupled ones P1

nc(t ),
Q1

nc(t ). First, cohesion decreases with the coupling strength
κr . Quantification of steady state metrics in the best habi-
tat shows increased accuracy and mean residence time, and
decreased probability density of leaving, with increasing
coupling strengths κr . Interestingly, the observed collective
patterns are similar to the ones described for local enhance-
ment with counting coupling, although these two mechanisms
are inherently different.

All in all, the two-habitat environment represents a useful
framework to investigate collective foraging dynamics. All
the tools developed to quantify these emergent patterns—
probability density of leaving, fraction of agents in a
habitat, and the metrics mean residence time, cohesion, and
accuracy—have been especially useful to understand more

complex social situations. These measures in fact highlighted
the large diversity of collective properties shaped by different
social information gathering mechanisms.

Let us now consider a patch foraging task within a given
habitat. Both habitats and patches are conceptually similar;
their only differences lies in their time and spatial scales
(not addressed here) and nature of depletion. Moving from
habitat choice to an exploration-exploitation tradeoff, as a
consequence of the depleting nature of patches, we seek to
quantify the dynamics in a succession of patches.

B. How long to exploit a resource?
Exploration-exploitation tradeoff

Inside a habitat, animals forage through patches of food.
During this process, animals deplete the patches they are
exploiting and have to decide when to leave, to explore further.
In this section, agents go through K successive patches of
identical initial reward probabilities pin, without going back
to the previous patch [see Fig. 5(a)].

Similarly to the previous section, we first define the dy-
namics of noninteracting agents, to subsequently investigate
how it is modulated by social information.

1. Dynamics of noninteracting agents: Exploitation and cohesion

To characterize the movements of a single agent (N = 1)
in the environment, we quantify the leaving dynamics and
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FIG. 4. Collective social dynamics for a group with public infor-
mation (reward coupling) in a habitat choice process. Others’ rewards
observation increases accuracy and exploitation, and decreases cohe-
sion. Top: Distribution density of leaving times P1(t ) and fraction of
agents Q1(t ) in the best habitat show more damped oscillations, later
departure times, and an increased steady state accuracy compared to
a noncoupled situation [P1

nc(t ), Q1
nc(t )]. Parameters are N = 50, κr =

0.6 (2 × 103 simulations). Bottom left: An increased κr parameter
leads to increased Q1

S, T
1

values and decreased P1
S values. The blue

vertical line corresponds to the set of parameters in the top figure.
Bottom right: The damping factor γ decreases with κr .

repartition over the time spent by the agents in the different
patches. The total probability density of leaving any patch is
given by

Ptot(t ) =
K∑

k=1

(� ∗ · · · ∗ �︸ ︷︷ ︸
K

)[t − (k − 1)Ttr]. (19)

For t � (k − 1)Ttr, the convolution is equal to zero.
The unit distribution density is defined by

�(t ) = −θ√
4πBt3

exp

(−(θ + μ(t )t )2

4Bt

)
. (20)

We can then define the effective drift term μ(t ) = α −
p(t ). If the depletion rate is slow enough, the average reward
rate p(t ) can be used as a slow variable to evaluate the unit
distribution density of leaving. This time-averaged rate is
mathematically calculated as follows:

p(t ) = pinAmdt
1 − e− t

Amdt

t
. (21)

with Am the maximum amount of food in a patch. See
Appendix A for calculation details. Figure 5(b) shows the evo-
lution of the reward probability, and the averaged equivalent
over time. The probability of being in the patch k (1 < k <

K), or the fraction of individuals in this patch, is given by

Qk (t ) =
∫ t

0
dτ [Pk−1(τ − Ttr ) − Pk (τ )] (22)

with Q1(t ) = 1 − ∫ t
0 dτ P1(τ ) and QK (t ) = ∫ t

0 dτ PK−1(τ −
Ttr ) for the first and last patches.

Please note that analytical predictions for N > 1 in this
noninteracting case are difficult to compute, due to the com-
plicated estimate of the average reward rate. Figure 5(c)
shows that foraging in a depleting environment reduces the
mean residence time and increases cohesion (less dispersed
distribution).

The distributions defined above and metrics defined in the
previous section (exploitation, cohesion) constitute as well
useful analytical tools to quantify the dynamics in the patch
environment. Similarly to the previous section, we study the
effects of social information with these methods. The different
types of information gathering mechanisms are schematized

FIG. 5. Foraging in a depleting environment (patch) increases cohesion and decreases exploitation compared to a nondepleting area.
(a) Schema of a K successive patches environment. Individuals all start from patch 1, and move to the next patch without going back. The
same information sharing mechanisms can be used to interact (reward, diffusive, pulsatile, counting). (b) Reward probability p(t ) and average
reward probability p(t ) decrease exponentially in a perfectly cohesive group. (c) Unit probability densities of leaving for nondepleting and
depleting patches. The vertical black dotted line corresponds to the mean residence time. Depletion decreases mean residence times and
increases cohesion (less dispersed distribution).
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FIG. 6. Collective social dynamics in successive patches. (a) Continuous belief sharing (diffusive) leads to more cohesion, with no
exploitation modifications. Distributions of leaving times Ptot(t ) (top) and fraction of agents Qk (t ) (bottom) show less damped oscillations
and no change in periodicity compared to a noncoupled situation [Ptot, nc(t ), Qk

nc(t )]. κdiff = 100 (2 × 103 simulations). (b) Observation of the
proportion of agents in a patch (counting) increases exploitation and reduces cohesion. Distributions of leaving times Ptot(t ) (top) and fraction
of agents Qk (t ) (bottom) show more damped oscillations and later departure times compared to a noncoupled situation [Ptot, nc(t ), Qk

nc(t )].
κc = 1 (2 × 103 simulations). (c) Observation of others’ departures leads to more cohesion and less exploitation. Distributions of leaving times
Ptot(t ) (top) and fraction of agents Qk (t ) (bottom) show less damped oscillations and earlier departure times compared to a noncoupled situation
[Ptot, nc(t ), Qk

nc(t )]. N scaled, κd = 20, κa = 0 (2 × 103 simulations).

in Fig. 5(a). Public information with reward coupling is not
detailed here, the results being similar and corresponding to
an increased perceived reward probability [see Eq. (18)]. We
begin by analyzing the effects of active signaling between
individuals in the patch environment.

2. Active signaling (diffusive)

Similarly to the previous section, it is possible to study the
dynamics with diffusive coupling analytically in the strong
limit of the coupling parameter κdiff. In that case, all agents
move together. That is, the number of agents in any patch
k is nk (t ) = N . The distributions are then equivalent to a
noninteracting one, with the noise parameter scaled by the
size of the group, B/N . In addition, as the amount of food is
depleted by N agents together in a patch, the average reward
rate corresponds to p(Nt ); see Eq. (21).

Figure 6(b) shows the modification of the analytical and
simulated distributions,Ptot(t ), Qk (t ) with perfect diffusive
coupling compared to the noncoupled ones Ptot,nc(t ), Qk

nc(t ).
We observe that an increasing number of agents N leads to less
damped oscillations, with no periodicity change. Similarly to
the previous section, continuous belief sharing leads to more
cohesion, without exploitation modifications.

Let us now move to the study of less direct be-
lief sharing mechanisms, through the observation of social
cues. We begin with the counting mechanism of local
enhancement.

3. Local enhancement (counting)

Except for the perfect counting case (κc −→ ∞), for which
all agents remain in the initial patch, analytical distributions
are not computable here.

Figure 6(c) shows the modification of the simulated distri-
butions Ptot(t ), Qk (t ) with counting coupling compared to the
noncoupled ones Ptot,nc(t ), Qk

nc(t ). These plots highlight that
counting coupling enhances cohesion and increases departure
times. Similarly to the previous section, observation of the
proportion of agents in a patch increases exploitation and
reduces cohesion.

Let us now move to another mechanism of local enhance-
ment, through pulsatile coupling. Instead of looking at the
number of neighbors in a patch, this alternative consists of
collecting information about others’ beliefs to observe their
leaving and arriving movements.

4. Local enhancement (pulsatile coupling)

Since agents do not go back to a previous patch, the arrival
information from that previous patch is less relevant here.
Here we study only the departure pulsatile coupling case
(κd > 0 and κa = 0).

It is possible to study the dynamics with pulsatile coupling
analytically in the strong limit of the coupling parameter κd.
In that case, all agents move together; the first one to leave
is immediately followed by the others. So, the number of
agents in any patch k is nk (t ) = N . The average reward rate
is therefore p(Nt ).

Figure 6(d) shows the modification of the simulated and
analytical distributions Ptot(t ), Qk (t ) with pulsatile coupling
compared to noncoupled ones Ptot,nc(t ), Qk

nc(t ). These plots
highlight that pulsatile coupling increases cohesion and is
associated with earlier departure times. Observation of others’
departures leads to more cohesion and reduces exploitation.

A successive depleting patches environment represents a
useful framework to study how different information sharing
mechanisms and social structures lead to different effects on
the group cohesion and the exploration-exploitation tradeoff.
Depletion leads to a decrease in the mean residence time
and increased cohesion. However, a key result is that social
information has the same effect on collective dynamics in
habitats and in patches.

IV. DISCUSSION

Group foraging is a complex collective behavior observed
in a large variety of species [1]. Throughout this paper,
we quantified the foraging dynamics with time-dependent
functions: the probability density of leaving, the fraction of
agents in a patch, and the time-independent metrics cohesion,
mean residence time, and accuracy. These tools allowed us
to investigate the emergent foraging properties in different
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TABLE III. Classification of the effects (↗ increasing, ↘ de-
creasing, ∅ no effect,–not relevant) of the environment (patch
quality, depletion, travel time), individual (individual learning;
see Appendix F), and information sharing mechanisms (diffusive,
counting, pulsatile, reward) on emergent collective characteristics
(cohesion, accuracy, exploitation). This accuracy column is only
relevant for the two-habitat section.

Feature Cohesion γ Accuracy Q1 Exploitation T

Quality p ↘ ↗ (ratio) ↗
Depletion Am ↗ – ↘
Travel Ttr ↗ ↘ (fraction) ∅

Ind. learning y – ↗ ↗
Diffusive κdiff ↗ ∅ ∅

Counting κc ↘ ↗ ↗
Pulsatile κd ↗ ↘ (N) or ↗ (nk) ↘
Pulsatile κa ↗ ↗ ↗
Reward κr ↘ ↗ ↗

environments (two habitats, successive patches) and how they
are shaped by social information, as summarized in Table III.

A. Effects of the environment on the collective
dynamics features

In an ecological context, habitat choice activity (nondeplet-
ing area) and patch exploitation (depleting area) constitute
an intertwined foraging behavior, where an individual de-
cides where to forage and how long to exploit a certain
resource.

1. Habitats

For habitat choice, the strategic behavior is to spend most
of the time in the highest-yielding habitat. Our model showed
that, when the ratio between the food reward probabilities of
the two habitats increases, accuracy increases as it becomes
easier to distinguish the two patches. Indeed, in better habitats,
the number of agents is higher [56]. This is qualitatively simi-
lar to the ideal free distribution [16], but here the ratio between
the fractions of agents in habitats is not equal to the quality
ratio and depends on other factors such as the cost of foraging.
Please note that the addition of individual learning, by infer-
ring which habitat is the best, has a significant positive impact
on collective accuracy (see Appendix F), which is consistent
with empirical observations of foraging success [57,58]. In
addition, the mean residence time increases for an increased
reward probability, i.e., animals exploit a habitat more if food
is abundant. This is consistent with the predictions of the
marginal value theorem [54]. Finally, we noted that increased
reward probabilities are associated with a decrease in cohe-
sion, as the variance of residence times increases.

We also observed that increased travel times between habi-
tats lead to increased cohesion and a smaller fraction in the
best patch, as more agents are between habitats, but do not
change the exploitation behaviors. As longer travel times are
associated with longer residence times [59], this effect would
have to be added in future works.

2. Patches

Within a given habitat, an animal exploiting patches must
consider the exploration-exploitation tradeoff, due to the de-
pleting feature of the foraging areas. This aspect leads to
increased cohesion, with more exploration. This is consistent
with the marginal value theorem [54]. We may note that in
our model animals always end up exploring other places. In
fact, even if the areas do not deplete like habitats, exploration
could be adaptive to increase information and reduce boredom
[60,61].

But despite the differences between habitats and patches
and their different associated questions, we showed that the
collective dynamics was modulated similarly in both environ-
ments by social information.

B. Effects of the information sharing mechanisms
on the collective dynamics features

We observed a variety of emergent processes associated
with the different information sharing mechanisms studied.

In particular, for a two-habitat environment, it is more
advantageous for the group to spend more time in the habitat
with the highest reward rate. In that case, cooperative be-
haviors are crucial to increase the fraction of agents in the
best patch. All information sharing mechanisms studied here
increase accuracy, except for departure (negative effect) and
diffusive coupling (no effect). These findings are consistent
with empirical observations that information sharing increases
foraging success [14,15].

The impact of these interaction rules between foragers was
more diverse when considering the cohesion of the group.
Indeed, cohesion increased with diffusive and pulsatile cou-
plings and decreased with reward and counting couplings.
As greater cohesion can be important in the presence of
threats, since it provides increased collective vigilance and
risk dilution [10,55], it could be hypothesized that animals
would communicate with active social signals (diffusive) and
pay more attention to the decisions to leave and arrive of
others (pulsatile) in the presence of a predator. Inversely, in
the absence of threat, agents can focus more on increasing
the group’s accuracy, through collecting information about
the environment by observing others’ catches (reward) or by
looking at others’ beliefs regarding the best patch (count-
ing), which have a strong positive impact on both accuracy
and exploitation, but decrease the group’s cohesion. Interest-
ingly, the pulsatile and counting couplings do not produce
similar effects on the group’s features, suggesting that the
way agents infer others’ beliefs has a strong impact on
the collective dynamics, and thus one mechanism might be
preferred over the other depending on the context (for exam-
ple predation). Furthermore, pulsatile departure and arrival
couplings do not produce the same effects. Arrival obser-
vation increases collective accuracy and exploitation, while
departure observation diminishes exploitation and may de-
crease or increase accuracy depending on the individual frame
of reference: the whole group, or only agents in the ob-
server’s current or other patch. It will be interesting to infer
such underlying mechanisms from observed global movement
dynamics [62].
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Finally, the quantification of mean residence times offers
a way to address the balance between exploration and ex-
ploitation [61,63,64]. Our model showed that while some
cooperative information sharing mechanisms lead to more ex-
ploitation (reward, arrival pulsatile, and counting couplings),
others favor exploration (departure pulsatile coupling). More
precisely for reward coupling, for example, the use of public
information can improve the estimation of patch quality and
prevent the underutilization of resources [65]

All these different collective behaviors might be more or
less advantageous depending on the context, and the same
group can display various group dynamics depending on the
context. Famous examples are the fission-fusion dynamics
in macaques [66] or dolphins [67], or locusts that can be
gregarious or social [68]. Depending on the habitat [67], or the
composition of the group (young or not, for example) [69], the
modes of collective behavior are different and are modulated
contextually.

Altogether, our theoretical framework for social
habitat/patch foraging highlighted a diversity of dynamics
emerging from the variations of a mechanistic model. This
core structure could later be further developed to account for
more diverse foraging situations.

C. Limitations and future directions

Among the limitations of the framework presented here,
one is constituted by the fact that all the theoretical distri-
butions were derived using the approximation of a constant
drift term. This was calculated with a continuous reward rate,
which is also the assumption of the marginal value theorem
[54]. Such calculations are not possible for more time-spaced
and noisy food intakes [70]. However, analytical predictions
such as the mean residence times or steady state rates, as
well as numerical investigations, are still possible. Another
limitation of the environments implemented in our model is
that fixed travel times were considered, while these can be dis-
tributed [71]. And since longer travel times are correlated with
longer residence times [59], the model should be modified
to study this effect. Other environmental limitations include
the configuration of areas. An environment with multiple
habitats/patches, where a leaving agent could go into any of
them, would be an important further development to relate to
existing experimental [63,72] and field [8] work with multiple
patches.

In addition to these environmental constraints, the social
organizations studied in this paper could be extended in many
ways. Some information sharing mechanisms have been stud-
ied in this paper, but more could be added. Another social cue
example is the chemical trails left by foraging bees in the food
patches they already exploited. These marks may lead other
bees to avoid these flowers [73]. In addition, under certain cir-
cumstances, the use of public information can be suboptimal
and misleading [74], or foraging agents (songbirds) use only
social cues about the location of potential food sources but not
their profitability [75]. Furthermore, since social cohesion can
be counterproductive in some cases [76], the model should
be further developed to explain the possible detrimental ef-
fects of cooperative patch foraging. Further developments also
include a complexification of social organizations to make

them closer to real foraging groups. This model studied an
egalitarian group; however, there are more complex social
structures [77,78]. Including hierarchies in the model is the
next step in the social foraging framework. Another important
possibility would be to study competitive behaviors [79,80], to
link our theoretical framework with producer-scrounger mod-
els [81]. Extending this idea, it would be realistic to include
agents following different social rules in these nonegalitarian
groups [82].

The scripts used to generate the results of this article are
freely available online [83].
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APPENDIX A: SINGLE HABITAT/PATCH

We consider the small reward time step 
r . In main text,

r = dt ; here we detail the general case. Since the reward
time step is small (
r � 1), we use a quasicontinuous reward
approximation. Then it is possible to replace the reward term
r(t ) by the average rate p(T ) and consider the effective drift
term μ(T ) = α − p(T ). This average rate p(T ) has different
expressions, depending on the nondepleting or depleting fea-
ture of the foraging area.

1. Habitat (nondepleting environment)

In this case, the average rate can be written as

p = p dt


r
. (A1)

If μ > 0, the mean residence time T can be obtained by
integrating Eq. (1) from 0 to θ :

T = − θ

μ
. (A2)

With this constant drift μ, the probability of leaving a habitat
at time T is an inverse Gaussian distribution [84],

�(T ) = − θ√
4πBT 3

exp

(−(θ + μT )2

4BT

)
, (A3)

And the probability of being in the habitat at a time T is

�(T ) = �

(−θ − μT√
2BT

)
− exp

(−μθ

B

)
�

(
θ − μT√

2BT

)
(A4)
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with the standard normal integral

�(y) = 1√
2π

∫ y

−∞
exp

(
− z2

2

)
dz. (A5)

In contrast to a habitat, in a depleting environment the
average rate is not constant.

2. Patch (depleting environment)

We can write the evolution of the probability of receiving
a reward as p(t ) = pindt


r
× e− t

Am
r . The average reward rate is
estimated as

p(T ) =
∫ T

0
pindt

r

e− t
Am
r dt

T
= pindtAm

1 − e− T
Am
r

T
. (A6)

The term p(T ) can be used in Eqs. (A2)–(A4).
To find the value of T , the self-consistent equation (A2)

should be solved numerically.

APPENDIX B: CALCULATION OF DISTRIBUTIONS

1. Pk(t ) and Pk
A,ν

The probability density of leaving a habitat k at time t ,
Pk (t ), is given by the convolution over �0(t ) and �1(t ):

P0
ν (t ) =

∫ t−Ttr

0
dτν−1�

0(t − (τν−1 + Ttr ))

×
∫ τν−Ttr

0
dτν−2�

1(τν−1 − (τν−2 + Ttr ))

· · ·
∫ τ2−Ttr

0
dτ1�

0(τ2 − (τ1 + Ttr ))

×
∫ τ1−Ttr

0
dτ0�

1(τ1 − (τ0 + Ttr ))�0(τ0). (B1)

This probability can be found after using the Laplace trans-
form of � to compute the convolution of functions with the
same drift term in one compartment.

Through the Laplace transform,

�̃k (s) = exp

[
θ

B
(μk −

√
μk2 + 2sB)

]
. (B2)

The successive ν convolutions over distributions with the
same effective drift term lead to the term (�̃k (s))ν =
exp[ νθ

B (μk −
√

μk2 + 2sB)]. Going back to the real domain,

P0
ν (t ) = (

�0
ν ∗ �1

ν−1

)
[t − 2(ν − 1)Ttr] (B3)

with

�k
ν (t ) = −νθ√

4πBt3
exp

(−(νθ + μkt )2

4Bt

)
(B4)

for ν � 1. �k
0 (t ) = 1 for all t .

The same reasoning for habitat 1 gives the following:

P1
ν (t ) = (

�0
ν ∗ �1

ν

)
[t − (2ν − 1)Ttr]. (B5)

Pk
ν (t ) can be written compactly as

Pk
ν (t ) = (

�0
ν ∗ �1

ν−1+k

)
[t − (2ν − 2 + k)Ttr]. (B6)

Pk (t ) is then obtained by the sum over ν from 1 to ∞ of
Eqs. (B6). The amplitude series Pk

A,ν in the case of p0 =
p1corresponds to Pk computed at times t k

ν .
Since t k

ν = (2ν − 1 + k)(T + Ttr ) − Ttr, it is not conve-
nient to simplify the equation due to the last −Ttr. A shift
of Ttr of the distributions can be used to define an alterna-
tive threshold θ ′, such that T + Ttr = − θ ′

μ
. So θ ′ = θ − μTtr,

and the alternative peak times are instead t k
ν

′ = (2ν − 1 + k)
(T + Ttr ).

Rewriting the amplitude Pk (t ) for each peak ν gives

Pk
A,ν =

∞∑
m=1

2m − 1 + k√
4π (2ν − 1 + k)3

× μ2

γ B
exp

(
− (ν − m)2γ 2

2ν − 1 + k

)
. (B7)

Please note that, for ν −→ ∞, Pk
A,ν tends to the steady state

value Pk
S . The resulting expression (B7) enables extracting the

parameter γ (11).

2. Identical habitats

In the special case p0 = p1, the distributions are

Pk (t ) =
∞∑

ν=1

�k
2ν−1+k (t − (2ν − 2 + k)Ttr) (B8)

and

Qk (t ) =
∞∑

ν=1

[
�k

2ν−1+k (t − (2ν − 2 + k)Ttr)

− �k′
2ν−1+k′ (t − (2ν − 1 + k′)Ttr)

]
(B9)

with

�k
ν (T ) = �

(−νθ − μkT√
2BT

)
− exp

(−μkνθ

B

)
�

(
νθ − μkT√

2BT

)
.

(B10)

APPENDIX C: COMPUTING Qk
S WITH ENTERING

AND DEPARTING FLUXES

We compute the balance of four agent fractions in a steady
state: in habitat 0 (Q0

S), in habitat 1 (Q0
S), traveling from 0

to 1 (W 01
S ), and traveling from 1 to 0 (W 10

S ). These terms are
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linked by

Q0
S + Q1

S + W 01
S + W 10

S = 1. (C1)

With steady state departure rates equal to −αeff,eq/θ , the bal-
ance system can be written as

−α0
eff,eq

θ
Q0

S + 1

Ttr
W 10

S = 0,

− 1

Ttr
W 10

S − α1
eff,eq

θ
Q1

S = 0,

−α0
eff,eq

θ
Q0

S + 1

Ttr
W 10

S = 0,

− 1

Ttr
W 10

S − α1
eff,eq

θ
Q1

S = 0. (C2)

Solving the system of equations (C1) and (C2) gives the
general equation

Qk
S = 1

− 2μkTtr

θ
+ 1 + μk

μk′
. (C3)

and Pk
S is estimated to be Pk

S = Qk
S

T k
.

APPENDIX D: PERFECT DIFFUSIVE COUPLING

The mean x =
∑N

i=1 xi

N and the half-difference between two
agents, x−

i j = xi−x j

2 , evolve as

dx = (pk − α)dt +
√

2B

/
N

N∑
i=1

dWi, (D1)

dx−
i j = −κdiff

N
x−

i j dt +
√

B/2(dWi − dWj ) (D2)

With the Ornstein- Uhlenbeck process of x−
i j , it is possible to

show that, for κdiff −→ ∞, 〈x−
i j 〉 = 0, 〈(x−

i j )2〉 = 0 [85]. Thus,

in this limit all xi are considered equal, and the equivalent
averaging equation can be described by

dx = (pk − α)dt +
√

2B

N
dW (t ). (D3)

APPENDIX E: PULSATILE EFFECTIVE DRIFT TERMS

We start with normalization by the total number of agents.

1. Nd = Na = N

For a large number of agents N � 1, the effective drift term
in a steady state can be written as

μk
S = α − pk + κa − κd

θ

μk
Sμ

k′
S

μk
S + μk′

S

. (E1)

Solving the system gives Eq. (16).
The second normalization, by the number of agents in

the habitat, is slightly different, as it assumes an additional
computation for the individuals to evaluate this variable.

2. Nd = nk − 1, Na = N − nk − 1

Similarly, for a large number of agents N � 1, the effective
drift term in a steady state can be written as

μk
S = α − pk − κd

μk
S

θ
+ κa

μk′
S

θ
. (E2)

Solving the system of two equations gives Eq. (17).

APPENDIX F: INDIVIDUAL LEARNING

Equation (1) and the reset of xi’s at every departure do not
include a memory effect throughout the different habitats. In
the two-habitat situation, agents with a long-term belief of
which habitat has the highest quality are studied.

FIG. 7. Best habitat individual inference improves collective accuracy and exploitation times in the best habitat. (a) Distributions of leaving
times Pk (t ) (left), and fraction of agents Qk (t ) (right) in habitats k = 0 (top) and k = 1 (bottom) show damped oscillations and different steady
states compared to agents without best habitat inference. yb = 0.8 (2 × 104 simulations). (b) The average best habitat inference y(t ) converges
to a value > 1

2 , corresponding to a correct best habitat inference (k = 1). (c) Fraction in the best habitat Q1
S and mean habitat residence time

T
1

decrease with yb, while P1
S increases. The two vertical gray lines represent the two limits in Eq. (F8). and the vertical blue line corresponds

to the numerical yb value used in (a). Please note that, for all yb values, the steady state accuracy Q1
S is higher than the situation without best

habitat inference [see Fig. 1(b)].
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To represent this long-term belief dynamics, the variable yi

is introduced. This variable represents the inference of which
habitat has the highest reward probability pk . It evolves as

τydyi(t ) = [k − yi(t )]ri(t )dt . (F1)

The variable yi converges towards the value k = 0 or k = 1,
at a rate ri(t ). Then, as more rewards are received in a habitat
k, the convergence rate increases. This happens in the best
habitat (k = 1), as the reward rate is higher and the animals
spend more time in this habitat. These dynamics depend here
only on the individual food catches. At t = 0, yi(0) = 1

2 . τy is
the timescale of the differential equation.

The variable yi determines the evolution of the factor
ωk

i , modifying the effective drift term as μk
i (t ) = α × ωk

i (t ).
When an agent i is leaving a habitat at time t , the factor ωk

i is
updated with yi(T ):

ωk
i (t ) = yb + yi(t )(1 − 2k) + k

yb + 1
2

. (F2)

For example, if yi(t ) > 1
2 (that is, the best estimated habitat

is k = 1), ωk
i < 1 in habitat k = 1 and ωk

i > 1 in habitat k =
0. So α × ωk

i decreases in k = 1, implying that the agent stays
longer in this best estimated habitat, and inversely for the other
habitat k = 0.

The average value of y at the departure time t k
y,ν can be

estimated with yk
ν .

It is possible to solve Eq. (F1) using solutions for k = 0 and
k = 1 to estimate the mean value of y when leaving a habitat
k for the time ν:

y0
ν = y1

ν exp

(
p0t0

ν

τy

)
,

y1
ν = 1 + (

y0
ν − 1

)
exp

(
p1t1

ν

τy

)
, (F3)

with t k
ν = − θ

αωk
ν−pk and

ω0
ν = yb + y1

ν

yb + 1
2

,

ω1
ν = yb + 1 − y0

ν

yb + 1
2

, (F4)

since ωk
ν in habitat k is updated with the last yk′

m from the other
habitat k′. Writing the detailed terms in Eq. (F3) gives the
recurrence relation in Eq. (F6).

For ν ∈ {1, 2, . . . },

y0
ν = y1

ν−1 exp

(
p0θ

(
yb + 1

2

)
τy

[
α
(
yb + y1

ν−1

) − p0
(
yb + 1

2

)])
, (F5)

y1
ν = 1 + (

y0
ν − 1

)
exp

(
p1θ

(
yb + 1

2

)
τy

[
α
(
yb + 1 − y0

ν

) − p1
(
yb + 1

2

)])
,

(F6)

with y1
0 = 1

2 .

The average best habitat inference is yν = y0
ν+y1

ν

2 , plotted

with tν = t0
y,ν+t1

y,ν

2 :

t0
y,ν = t1

y,ν−1 − θ
(
yb + 1

2

)
α
(
yb + y1

ν−1

) − p0
(
yb + 1

2

) ,

t1
y,ν = t0

y,ν − θ
(
yb + 1

2

)
α
(
yb + y0

ν

) − p1
(
yb + 1

2

) . (F7)

From condition αkωk
ymax

− pk > 0, with ymax = 1, two lim-
its are derived for yb:

p1

2(α − p1)
> yb >

2α − p0

2(α − p0)
(F8)

It is possible to compute Pk (t ), Qk (t ) with the updated
μk × ωki

ν , and Qk
eq, Pk

eq for τy � 1.
Figure 7 shows how the distributions are changed with the

best habitat inference. The steady state fraction of agents in
the best habitat is progressively increasing as the mean best
habitat inference variable y increases. Figure 7(c) highlights
higher accuracy and habitat residence times in the best habitat,
as well as a smaller value P1

S for small values of the boundary
parameter yb. The individual inference of the best habitat
improves collective accuracy and the exploitation of the best
habitat.

FIG. 8. Diffusive coupling normalized by the number of other agents in the observer’s current or other habitat. Continuous belief sharing
(diffusive) leads to more cohesion, with no accuracy and exploitation modifications. Left: Distributions of leaving times P1(t ) and fraction
of agents Q1(t ) in the best habitat show less damped oscillations, and no change in steady states and periodicity compared to a noncoupled
situation. Parameters are N = 5, κdiff = 1 s−1 (2 × 103 simulations).
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FIG. 9. Pulsatile coupling scaled by the number of other agents in the observer’s current or other habitat. Top: Observation of others’
departures leads to more accuracy, less exploitation, and more cohesion. Distributions of leaving times P1(t ) and fraction of agents Q1(t ) in the
best habitat show less damped oscillations, earlier departure times, and a higher steady state fraction of agents in the best habitat. Parameters are
N = 50, κd = 0.5, κa = 0 (1 × 103 simulations). Bottom: Observation of others’ arrivals leads to more accuracy, more exploitation, and more
cohesion. Distributions of leaving times P1(t ) and fraction of agents Q1(t ) in the best habitat show less damped oscillations, later departure
times, and a higher steady state fraction of agents in the best habitat. Parameters are N = 50, κd = 0, κa = 1 (1 × 103 simulations).

APPENDIX G: SUPPLEMENTARY FIGURES

See Figs. 8 and 9 for plots of diffusive coupling normalized
by the number of other agents in the observer’s current or

other habitat, and pulsatile coupling scaled by the number
of other agents in the observer’s current or other habitat,
respectively.
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