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Collective information processing is fundamental in various biological systems, where the cooperation of
multiple cells results in complex functions beyond individual capabilities. A distinctive example is collective
exploration in which chemotactic cells locate sparsely distributed targets by sharing information of them through
active generation and modulation of endogenous chemical cues. While the optimality of sensing target-derived
gradients has been studied extensively in the context of single-cell information processing, the optimality
of collective information processing that self-organizes endogenous cue gradient towards the targets remains
underexplored. In this study, we employ the reinforcement learning (RL) framework to formalize the collective
exploration, in which a population adaptively optimize its navigation toward targets through active cue modula-
tion. Based on RL theory, we derive the optimal exploration dynamics of agents and identify their structural
correspondence with the Keller-Segel model, the established phenomenological model of collective cellular
dynamics. Our theory identifies an optimal coupling relationship between self-organized gradient generation and
sensing and demonstrates that the optimal cue-generation strategy changes qualitatively depending on whether
cells sense gradients linearly or logarithmically. The underlying RL structure is leveraged to compare the derived
collective dynamics with single-agent searching dynamics, showing that distributed information processing by
the population enables a fraction of agents to reach the target robustly. Our formulation provides a foundation
for understanding collective exploration mediated by active modulation and sensing of cues.

DOI: 10.1103/tvfy-lbbl

I. INTRODUCTION

Collective information processing by a population of cells
is a widespread phenomenon throughout biology—from bac-
terial populations [1–3] to developing tissues [4–6], immune
systems [7,8], and metastatic tumors [4,9,10]—where the
cooperation of multiple cells leads to complex biological
functions beyond individual capabilities. Among others, col-
lective exploration for sparsely distributed targets mediated by
active cue modulation is a representative class of information
processing. Targets (e.g., invaded pathogens or damaged cells
in tissue) to be explored usually emit exogenous chemical sig-
nals; however, these signals are often severely localized only
around the targets due to their instability and limited diffu-
sivity. To effectively share and amplify the target information,
cells actively produce and degrade endogenous chemical cues,
thereby forming a dynamic cue field in the environment.
Alongside, they navigate towards the targets by sensing the
resulting cue gradient [Fig. 1(a)]. Active cue degradation by
cells in regions lacking targets enables other cells to recog-
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nize the absence of targets, efficiently navigating them toward
unexplored areas [11]. In contrast, cue production around a
target can amplify the presence and magnitude of the target,
recruiting other cells and enhancing their accumulation at the
target, even when the target leaves only a faint and localized
signal [12]. As a combination of modulation and sensing of
cues, a population of Dictyostelium discoideum can coopera-
tively locate the goal of complex mazes [13]. Similar strate-
gies may be employed by eukaryotic cell populations in tis-
sues [11], including immune [14,15] and cancer cells [16,17].

Despite such accumulating experimental insights into col-
lective information processing driven by cue modulation, we
still lack the theoretical basis to investigate its functional-
ity and efficiency. Recent studies on cellular information
processing of external chemicals have mainly focused on
single-cell chemotaxis, particularly bacterial responses to lig-
and gradients. Their optimality has been verified [18–21] by
comparing optimal responses and behaviors derived theoret-
ically with those measured and estimated by experiments
[22–25]. Nonetheless, extending those studies on single-cell
responses to collective behaviors remains limited. Exist-
ing works on collective cellular behaviors investigated only
their phenomenological aspects: cell population motility
[26–30], impacts of individual traits on population behavior
[31,32], and the interplay of population behaviors with growth
[33–35]. Only one pioneering work [36] addressed the func-
tionality and efficiency of collective behaviors.

With regard to the efficiency of collective chemotaxis,
there are two problems that require insights beyond single-cell
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FIG. 1. (a) Schematics of an endogenous cue (attractant) modu-
lation by a migrating cell population. Degradation by enzymes in the
absence of an exogenous signal forms a gradient of the endogenous
cue, guiding cells toward unexplored areas. Production based on the
detected exogenous signal establishes a gradient of the endogenous
cue toward the source of the exogenous signal, recruiting cells to
the source. (b) A schematic diagram of an agent population which
cooperatively learns optimal navigation toward the target locations
with higher exogenous signal concentration (reward) r. The optimal
state (positional) value V ∗ for navigation represents the maximum
long-term desirability of each location for gaining given the fixed
exogenous cue concentration r. The agents learn V ∗ by associating
endogenous cue concentration Zt with their provisional estimation
Vt of V ∗ (Vt = F [Zt ] ≈ V ∗). At time t , each agent i ∈ {1, . . . , N}
senses surrounding Zt and local r(si

t ). Based on the sensed r and
Zt , each agent transits between vertices according to its policy π i

t

and individually modulates local Zt (si
t ) by �Zi

t = �Zt (si
t ), where

�Zi
t < 0 corresponds to degradation; �Zi

t > 0, to production.

studies. One is the interdependence between the generation
of cue concentration field and the responses to the field for
efficient navigation. Focusing only on the responses, as in the
case of single-cell studies, is insufficient to capture collective
chemotaxis; optimal migration and exploration require
consistency between shaping the cue field and responding
to it, as already suggested in the context of traveling wave

formation [37]. A recent study addressed the optimality
of cue-induced collective search using optimal control
theory [36]. They derived an optimal gradient sensing to a
collectively generated cue field, yet the generation process of
the field was incorporated heuristically. Thus, the consistency
problem remains unresolved.

The other problem is the benefits and drawbacks of being
a collective over being an individual for solving information
processing tasks. Some organisms, such as human beings,
possess high computational capabilities as individual agents
[38], whereas others have low capabilities yet work collec-
tively. Both of them have been maintained evolutionarily.
Understanding the difference between individual and collec-
tive information processing is fundamental to comprehend the
evolvability of biological computation [39,40].

To address these problems in this study, we formulate a
cell population that cooperatively improves navigation toward
sparsely distributed targets through cue modulation as an
agent population that performs reinforcement learning (RL) of
optimal navigation in a distributed manner. This formulation
allows us to clarify the optimal coupling between modulation
and sensing of the cue and the functionality of distributed
computation. Specifically, we associate the cue concentration
Zt with the state value Vt in RL (the long-term likelihood of
accumulating at the targets) and show that the cooperative cue
modulation by cells can be interpreted as a collective learning
of the optimal state value [Fig. 1(b)]. The derived dynamics
are structurally equivalent to the Keller-Segel model, a widely
used mechanical model for explaining experiments of collec-
tive chemotaxis, suggesting that cell populations exhibiting
these dynamics can engage in distributed learning. Further-
more, we derive two qualitatively different equations for
optimal cue modulation, which optimally couples with linear
and logarithmic sensing, respectively. Finally, we compare a
single smart agent, which possesses the internal memory of
entire environment, with a population of nonsmart agents,
which has no internal memory yet can learn collectively via
an external cue in the environment. We demonstrate that
despite individual limitations, the population can achieve ac-
cumulation at the target more robustly. Our results provide a
quantitative foundation for understanding collective informa-
tion processing mediated by cue modulation and sensing.

II. MODEL

A. Chemical-mediated collective exploration
by chemotactic agents

To formulate an environment exploration by a population
of biological agents such as cells, we represent the environ-
ment as a connected undirected graph G = (S, E ) with a finite
set S of vertices and a finite set E ⊂ S × S of edges, which
allows to incorporate general spatial topologies explored by
the agent population. In the environment, N ∈ Z+ homoge-
neous and independent agents are located at the vertices of the
graph with overlap. The location of agent i ∈ {1, 2, . . . , N}
at time t ∈ {0, 1, . . .} is indicated by state si

t ∈ S . Within a
small unit time, agent i stochastically chooses either to stay
at s′ = si

t or to move to a neighboring vertex s′ ∈ N (si
t ) with

probability π i
t (s′|si

t ) ∈ [0, 1], where N (s) is the set of neigh-
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boring vertices of s. The transition probability π i
t : S → �(S )

is referred to as the agent’s policy.
Each agent is assumed to learn a better policy π i

t to reach
and accumulate at targets in the environment through explo-
ration. If the agent is a higher organism with sufficient internal
memory, then it can memorize the past experience, update
π i

t , and guide itself individually. However, if the agent is a
simple organism such as a cell, then a versatile memory is not
necessarily available.

Instead, the policy (stochastic behaviors) of a simple agent
is typically controlled and guided by various external chem-
icals [41]. One of these chemicals is a primary exogenous
guidance signal, which conveys information about the targets’
positions and magnitudes. We specifically refer to the signal
generated by the targets as exogenous to discriminate it from
the chemical cues produced by the agents themselves. Bac-
terial chemotaxis to sugars is an example in which an agent
is guided by exogenous signals [42]. We consider a single
exogenous signal for simplicity, whose spatial distribution
is represented by r : S → R�0. For a biological instance,
r(s) = exp(−l (s; s0)) represents fMLP concentration origi-
nating from damaged tissue at s0, at distance l (s; s0) from
the tissue [43]. The concentration can also vary depending on
the size of the damage [44]. While exogenous signals may
be affected by agents, we assume for simplicity that they are
not altered by the agents and dependent only on the targets’
positions and magnitudes.

Although the exogenous signal is the primary information
about the targets, they may decay rapidly away from the
targets due to harsh environments and their instabilities, being
less likely to spread over long distances. As a result, a cell
can detect such a signal only when it reaches the target’s
vicinity. As such, cell populations often utilize endogenous
cues—generated and modulated by individual cells—to am-
plify the localized target signal and share the strengthened
information among the population. For example, neutrophils
detect exogenous signals, such as fMLP, from damaged tissue,
and they also actively secrete more stable endogenous cues,
such as LTB4, packaged in vesicles or exosomes to convey the
information to distant immune cells [45–48]. For simplicity,
we here consider only one endogenous cue, whose spatial dis-
tribution is represented by Zt : S → R�0. In addition, we ex-
clusively consider the nontrivial case in which the exogenous
signal is localized at the targets’ position. Without the endoge-
nous cue, each cell can only walk randomly until it reaches
the target by chance. However, with the endogenous cue, cells
may efficiently navigate towards the target as a population.

Finally, we assume that the policy π i
t of agent i at ver-

tex si
t and time t is solely determined by the concentrations

of the exogenous signal r(si
t ) at si

t and the endogenous cue
around its vicinity (Zt (s))s∈{si

t }∪N (si
t ). This corresponds to the

situation where each agent has no internal memory and no
direct interaction with the others. Yet, it can guide itself us-
ing locally sensed exogenous and endogenous chemicals, the
latter effectively working as a shared memory deployed in the
environment.

B. Characterization of optimal exploration

Although each agent lacks an internal memory, the agents
may still effectively navigate toward targets through explo-

ration if they collectively and optimally modulate and sense
the endogenous cue based on the locally detected exogenous
signal. To characterize navigation efficiency, we define an op-
timal policy for accumulating at targets as one that maximizes
the gain of the exogenous signal r, since reaching targets co-
incides with acquiring high concentration r. Focusing only on
immediate gain would fail in navigation to sparsely distributed
targets and compromises persistent target accumulation [18].
Rather, the agent may integrate the localized signal r over
multiple periods, facilitating long-range navigation and am-
plifying accumulation. As such, we associate the exogenous
signal concentration r with the reward signal in RL and formu-
late the policy to be learned through exploration as the optimal
policy π∗ = argmaxπJ [π ], where J [π ] is the expected cu-
mulative reward with discounting and control penalty:

J [π ] := E

[ ∞∑
t=0

γ t Rπ (st , st+1)

]
, (1)

Rπ (st , st+1) = r(st ) − 1

β
log

π (st+1|st )

p(st+1|st )
, (2)

where the expected value E [ f (s0:t )] is the path average of
f (s0:t ) on the state sequences s0, s1, . . . st . The discount factor
γ ∈ [0, 1) is an intrinsic parameter common to all agents. This
weights more on the current reward than on the future one,
thereby compromising transient navigation and steady-state
accumulation. It would be natural for simple organisms with
limited lifespan to prioritize the present over the distant fu-
ture. The additional term 1

β
log π

p is a motility control penalty
for the cue-dependent policy π to deviate from the intrinsic
(stationary) transition probability p : S × S → [0, 1]. The in-
trinsic transition probability would correspond to the random
motility spontaneously exhibited by cells without cues. This
form of cost was employed as biological control costs in
bacterial chemotaxis [21] and immunological learning [49].
Note that the inverse control weight β ∈ (0,∞) represents
the ease of motility control. The formulation in Eq. (1) is
equivalent to the entropy-regularized Markov decision process
(S, r, p, γ , β ) [50] (Appendix A b in the Supplemental Mate-
rial (SM) [51]). Defining the state value function V π : S → R
as

V π (s) := E

[ ∞∑
t=0

γ t Rπ (st , st+1)

∣∣∣∣∣ s0 = s

]
, s ∈ S, (3)

and the optimal state value function V ∗ : S → R as V ∗(s) :=
maxπ V π (s) for s ∈ S , the optimal policy π∗ can be explicitly
expressed using V ∗ as follows:

π∗(s′|s) = p(s′|s) exp(βγV ∗(s′))∑
s′∈S p(s′|s) exp(βγV ∗(s′))

, s, s′ ∈ S, (4)

where V ∗(s) represents the maximum long-term desirability
of vertex s for gaining reward r. The functional form of
optimal policy π∗ means that the agent should bias its intrin-
sic transition p(s′|s) to the surrounding vertices with higher
V ∗(s′). This behavior can be interpreted as a biased random
walk along the local gradient of V ∗(s′).

Optimal value V ∗ is determined by the distribution of ex-
ogenous signals and environment geometry; however, both are
initially unknown to the agents. The agents have to learn this

043005-3



MASAKI KATO AND TETSUYA J. KOBAYASHI PRX LIFE 3, 043005 (2025)

optimal V ∗ by updating a provisional, nonoptimal Vt . If agents
encode Vt through the endogenous cue concentration Zt such
that Vt (s) = F[Zt ](s), then they can update Vt (s) by modu-
lating the endogenous cue via its degradation and production
while moving by following the suboptimal policy with Vt in
Eq. (4). When F[Zt ](s) closely approximates V ∗(s), agents
move to vertices with higher state values, thus approaching
the target.

C. Optimal coupling of cue sensing and modulation

The optimal cue modulation is dependent on the actual
form of the mapping F , which boils down to the optimal
coupling of cue modulation and chemotatic sensing behavior
as we demonstrate in this subsection.

A biologically relevant mapping is the one associating
the logarithm of the endogenous cue concentration with
the estimate of the optimal state value: Vt (s) = F[Zt ](s) :=
log(Zt (s))/β for s ∈ S . This mapping aligns with Weber
Fechner response observed across a wide range of concen-
trations in various chemotactic cells [23,24,52,53]. Under this
logarithmic mapping, the corresponding agents’ policy is re-
duced to

si
t+1 ∼ πt

( · ∣∣si
t

)
:= p

( · ∣∣si
t

)
Zγ

t (·)∑
s′∈S p

(
s′∣∣si

t

)
Zγ

t (s′)
, (5)

Meanwhile, the endogenous cue Zt should be modulated by
its degradation and production for learning Zt which better
approximates V ∗. We consider the simplest and biologically
plausible dynamics of Zt that approximately minimize the
deviation between Vt = F[Zt ] and V ∗ under the physical con-
straint of diffusivity of Zt (see Appendix B a 1 in the SM [51]
for derivation):

Zt+1(s) − Zt (s) = −
N∑

i=1

1si
t =sα�Zt

(
si

t

)

− D
∑
s′∈S

Lss′Zt (s
′), s ∈ S, (6a)

�Zt (s) := Zt (s) − exp(βr(s))
∑
s′∈S

p(s′|s)Zγ
t (s′),

(6b)

where 1si
t =s is an indicator function that takes 1 if agent i is at

vertex s at time t and 0 otherwise, α ∈ (0, 1/N ) is the speed
of the endogenous cue degradation and production by agents,
and L is the graph Laplacian of the environment G. In Eq. (6a),
each agent at si

t individually modulates Zt (si
t ) by α�Zt (si

t ),
which is dependent exponentially on the locally detected r
and nonlinearly on surrounding Zt . In addition, Zt diffuses
to neighbors independently of the agents at a constant rate D
[Fig. 1(b)].

This learning dynamics is a distributed [54] and sequen-
tially regularized version of greedy Z-learning [50], which
have two advantages from both biological and learning theory
perspectives: First, the optimal behavior learned by the dy-
namics accommodates the cost of agent’s motility control as
KL divergence from the intrinsic motility [Eq. (2)]. Second, it
allows learning of the optimal policy (4) through a sequential
process while maintaining an exploratory policy (5) like the

Boltzmann policy. We refer to this coupling of cue sensing (5)
and modulation (6) as the log-exp coupling model from the
biological interpretation of its continuous limit (7) obtained in
the next subsection.

D. Continuous limit of optimal cue sensing and modulation

To demonstrate the biological relevance of the policy (5)
and cue dynamics (6), we derive its continuous limit, which
is structurally equivalent to the well-established Keller-Segel
models for collective chemotaxis [26–28].

For simplicity, we consider a one-dimensional lattice S =
Sh := {0,±h,±2h, . . .} with a uniform spacing h and de-
fine the agents’ intrinsic transition probability ph : Sh × Sh →
[0, 1] as a lazy random walk, such that ph(x|x) = εh(x) =
O(h), ph(x ± h|x) = (1 − εh(x))/2. Under an appropriate
timescale and in the limit of infinite agents, the continu-
ous space-time limits h → 0 of the log-exp coupling models
becomes the following pair of one-dimensional partial differ-
ential equations (derivation is provided in Appendix B b in the
SM [51]):

∂tμ = −∇ · (μγσ 2∇ log Z ) + σ 2

2
∇2μ, (7a)

∂t Z = −[αμZ] + [αμ exp(βr)Zγ ] + Dσ 2∇2Z, (7b)

where μ(t, x) ∈ R�0 is the agents density and Z (t, x) ∈ R�0

and r(x) ∈ R�0 are the concentration of endogenous cue and
exogenous signal, respectively. The parameter σ ∈ R�0 is the
randomness of the agents’ motility, determined by the scaling
of time and space.

Equation (7) is structurally homologous to the Keller-Segel
models [26–28], which was originally introduced to model
microbial populations that migrate by sensing and degrading
an attractant cue:

∂t n = −∇ · (nχ∇ log s) + Dn∇2n, (8a)

∂t s = −[ηns] + [−κs] + Ds∇2s, (8b)

where n(t, x) and s(t, x) denote the microbial density and
the attractant concentration, respectively. The parameter Dn ∈
R�0 represents the randomness of the microbes, and Ds ∈
R�0 is the diffusion coefficient of the attractant. Apart from
linear diffusion terms appearing in both equations, Eqs. (7)
and (8) share the logarithmic sensing terms, ∇ log Z and
∇ log s and the density-dependent linear degradation term,
−[αμZ] and −[ηns]. The original Keller-Segel model does
not include the production term, and its modified models
introduced the term heuristically without considering the cor-
respondence with the sensing term [36,55]. In contrast, the
production term we derived, [αμ exp(βr)Zγ ], has an explicit
meaning as optimally coupled cue production with logarith-
mic sensing. Notably, our production term depends on the
endogenous cue concentration itself, which aligns with the
signal relay mechanism in neutrophil swarming [56].

The optimality of Keller-Segel dynamics was highlighted
in Pezzotta et al. [36], where, by using optimal control and
mean-field games theories, they demonstrated that a cell pop-
ulation ascending an optimized endogenous cue gradient can
be interpreted as an optimally controlled agent population
following the optimal state value gradient. Yet the production
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of the cue in their model was not theoretically principled. Our
result extends their approach to reinforcement learning theory
by considering an agent population where each agent ascends
the endogenous cue gradient while cooperatively updating the
endogenous cue (the estimated state value) based on the de-
tected exogenous signal. This extension encompasses not only
the optimal behaviors but also the learning process toward
optimality, enabling the derivation of the optimal relationship
between sensing and modulation of the endogenous cue gra-
dient.

E. Another optimal coupling

The log-exp coupling is obtained by assuming the loga-
rithmic mapping of Zt to Vt . We can obtain another coupling
by considering a different mapping, which could expand the
applicability of our theory to diverse biological situations.

Another biologically relevant mapping is the one that lin-
early associates the endogenous cue concentration with the
estimate of the state value F[Zt ](s) := Zt (s)/β. This mapping
aligns with the absolute concentration sensing observed in
various chemotactic behaviors [23,24,57,58]. The correspond-
ing policy becomes

si
t+1 ∼ πt

( · ∣∣si
t

)
:= p

( · ∣∣si
t

)
exp(γ Zt (·))∑

s′∈S p
(
s′∣∣si

t

)
exp(γ Zt (s′))

. (9)

Similarly to the log-exp coupling, the optimal cue modulation
dynamics is obtained (see Appendix B a 1 in the SM [51] for
derivation):

Zt+1(s) − Zt (s) = −
N∑

i=1

1si
t =sα�Zt

(
si

t

)

−D
∑
s′∈S

Lss′Zt (s
′), s ∈ S, (10a)

�Zt (s) := Zt (s) − βr(s) − ln
∑
s′∈S

p(s′|s) exp(γ Zt (s
′)).

(10b)

This learning dynamics is equivalent to a distributed version
of greedy G-learning [59] with a sequential regularization.

The continuous limit of Eqs. (9) and (10) is obtained (see
Appendix B b in the SM [51] for derivation) as

∂tμ = −∇ · (μγσ 2∇Z ) + σ 2

2
∇2μ, (11a)

∂t Z = −[α(1 − γ )μZ] + [αβμr] + Dσ 2∇2Z. (11b)

Since the cue sensing and production are linear with respect
to Z and r, respectively, we refer to this coupling of sensing
(9) and modulation (10) as the linear-linear (lin-lin) coupling.
Although production term is not included in the classical
Keller-Segel model (8b), the linear production term αβμr of
the lin-lin coupling model (11) corresponds to the production
term μr of heuristically extended models [36,55].

Note that our formulation yields not only the two opti-
mal couplings—log-exp and lin-lin—discussed in the main
text but also additional optimal ones arising from alterna-
tive mappings F . For instance, a mapping with the form of
the Michaelis-Menten response leads to a learning dynam-

ics involving the response in both sensing and production,
reflecting the underlying receptor kinetics [27,35,60] (see Ap-
pendix B a 2 in the SM [51]).

By introducing chemotactic response function
ψ (∇Z,∇ log Z ), cue-degradation function H (μ, Z ), and
cue-production function G(μ, Z, r), the log-exp coupling,
lin-lin coupling, and Keller-Segel models are integratively
described as

∂tμ = −∇ · (μψ (∇Z,∇ log Z )) + σ 2

2
∇2μ, (12a)

∂t Z = −H (μ, Z ) + G(μ, Z, r) + Dσ 2∇2Z, (12b)

where the functional forms of ψ (∇Z,∇ log Z ), H (μ, Z ), and
G(μ, Z, r) are summarized in Table I. From this table, we
can identify the correspondences of the two couplings to phe-
nomenological Keller-Segel models.

Then, the next question would be how the coupling
between cue sensing and modulation affects collective ex-
ploration behaviors by agents and their efficiency. Through
numerical experiments in the following Secs. III A and III B,
we highlight both the behavioral and functional importance of
optimal couplings to achieve optimal navigation.

III. NUMERICAL EXPERIMENTS

In this section, we conduct numerical experiments using
the derived learning dynamics to evaluate their behaviors and
optimality in biologically relevant problems.

A. Maze-solving problem and impact of optimal coupling

Biological systems often encounter exploration problems
in complex environments. For instance, neutrophils detect and
accumulate at infected tissues [41], and germ cells migrate to
the gonad in embryos [61]. Navigation in a complex environ-
ment can be framed as maze-solving, and various cells were
experimentally verified to navigate themselves in artificial
mazes [13,16,62]. In this section, we employ a complex maze
for investigating the properties and optimality of the derived
learning dynamics.

We adopted a maze with |S| = 274 vertices shown in
Fig. 2, which models the maze used in an experimental work
for maze solving by Dictyostelium (see Fig. 6 in Ref. [13]).
In the following numerical experiments, we assume a lazy
random walk for the intrinsic dynamics p of agents: p(s|s) =
ε and p(s′|s) = (1 − ε)/|N (s)|, where s′ ∈ N (s). The pa-
rameter ε ∈ [0, 1) represents the sluggishness of migration,
reflecting that the migration speed varies across species, even
in the same geometry [13]. The exogenous signal concentra-
tion r is assumed to be high only at a goal (target) vertex
sgoal ∈ S and uniformly low at the other vertices: r(sgoal ) =
rtarget and r(s) = rdefault for s �= sgoal. This represents that the
exogenous signal is produced only at sgoal and decays rapidly
away from there. Initially, the endogenous cue is uniformly
distributed (Z0(s) = Z0 for s ∈ S), and all N agents start
exploring from the vertex si

0 = sstart ∈ S . Then, agents collec-
tively modify the endogenous cue concentration to reach the
goal sgoal [Fig. 2].

Figures 2(a)–2(c) show temporal snapshots of the concen-
tration distribution Zt (a), agent distribution μt (b), and time-
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TABLE I. Component-wise comparison via (12) of the continuous limits of the two learning dynamics with the classical Keller-Segel
equation (8). The mapping F [Z] associates the endogenous cue concentration with the estimated state value. The term ψ (∇Z, ∇ log Z )
represents the chemotactic response to endogenous cue concentration, and H (μ, Z ) and G(μ, Z, r) do the degradation and production of
the endogenous cue, respectively. Phenomenological meanings of parameters are chemotactic coefficient χ , cellular degradation rate η, and
decay rate κ . Computational meanings of parameters are inverse control weight β, discount factor γ , agent’s motility σ , and learning rate α.

Keller-Segel model log-exp coupling lin-lin coupling

Mapping from
concentration to value F [Z] — log(Z )/β Z/β

Chemotactic response ψ (∇Z, ∇ log Z ) χ∇ log Z γ σ 2∇ log Z γ σ 2∇Z
Degradation H (μ, Z ) (ημ + κ )Z αμZ α(1 − γ )μZ
Production G(μ, Z, r) (in extensions, μr) αμ exp(βr)Zγ αβμr

averaged regularized reward distribution (Ri[si
0:t , π0:t−1])N

i=1
(c) for one trial of the log-exp coupling dynamics (5) and (6).
The time-averaged regularized reward for agent i at time t is
defined as

Ri
[
si

0:T , π0:T −1
]

:= 1

T

T −1∑
t ′=0

(
r
(
si

t ′
) − 1

β
log

πt ′
(
si

t ′+1

∣∣si
t ′
)

p
(
si

t ′+1|si
t ′
)

)
,

(13)

which measures the difference between the cumulative ex-
ogenous signal concentration detected by the agent and the
motility control cost incurred by the agent from the start to
time T along the individual state history. While the time-
averaged reward Ri[si

0:T , π0:T −1] assigns less weight on early
rewards than the original discounted cumulative reward J [π ]
(1), the maximizer of Ri[si

0:T , π0:T −1] can still correspond to

FIG. 2. Snapshots at t = 21, 1001, 15001 for one trial of the maze exploration by the optimal log-exp coupling dynamics [(5) and (6)]
and the nonoptimal log-lin coupling model [(5) and (10)]. The distributions of the endogenous cue Zt are shown on the maze (upper panel) and
on the path from sstart to sgoal (lower panel) for the log-exp (a) and the log-lin (d) couplings. The path is highlighted with orange background in
the maze and the distribution along the path is shown as a function from the goal sgoal. The agent distribution μt : S → {0, 1, . . . , N} defined
as μt (s) := ∑N

i=1 1si
t =s is similarly shown for the log-exp (b) and the log-lin (e) couplings. Time-averaged regularized reward distribution

(Ri[si
0:t , π0:t−1])N

i=1 for the log-exp (c) and the log-lin (f) couplings. The vertices are color coded by the value of cue concentration in (a) and
(c) and that of agent density in (b) and (e). The parameter values used are α = 0.0098, N = 100, D = 0.01, γ = 0.8, Z0 = 10.0, ε = 0.5,
β = 1, rtarget = 1.5, and rdefault = 0.3.
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FIG. 3. (a) An environment represented by a graph with 20 vertices S = {s0, s1, . . . , s19} connected in a chain. All agents start from vertex
s0, and the target is located only at vertex s19. The exogenous signal concentration (reward) is set r(s19) = rtarget = 1.0 and r(s) = rdefault = 0.3
for s �= s19. (b) and (c) Endogenous cue concentration ZT (b) and agent distribution μT (c) at T = 8000 for 50 trials with β ∈ {0.15, 0.5, 1.5}
for the optimal and nonoptimal couplings. The optimal couplings are log-exp coupling [(5) and (6)] and lin-lin coupling [(9) and (10)]; the
nonoptimal couplings are log-lin coupling [(5) and (6)] and lin-exp coupling [(9) and (10)]. Each trial’s ZT and μT are shown with thin
solid curves, and the trial averages Z̃T and μ̃T are shown with thick solid curves. (d) State value V π (s19) at vertex s19 for each policy π [Z̃T ]
based on the trial-averaged steady concentration Z̃T for the four couplings with β ∈ [0.25, 2.5]. (e) The relationship between the reward
component V π

reward(s19) and penalty component 1
β

V π
penalty(s19) of V π (s19) for the four couplings with β ∈ [0.25, 2.5]. The parameters values are

N = 500, ε = 0.5, α = 0.00196, D = 0.01, γ = 0.8, β ∈ [0.25, 2.65].

the maximizer of J [π ] under certain conditions (cf. Sec. 8.4
in Ref. [63]).

We observe that the agents expand their exploration area by
dispersing at branching vertices and shaping a gradient toward
unexplored directions through cue degradation [Figs. 2(a)
and 2(b) at t = 21 and t = 1001]. Upon reaching sgoal, they
detect the exogenous signal and produce the endogenous
cue, strengthening the gradient toward sgoal. Eventually, the
gradient aligns from sstart to sgoal and major fraction of
agents accumulate near sgoal [Figs. 2(a) and 2(b) at t =
15 001], resulting in high Ri for many agents [Fig. 2(c) at
t = 15 001]. These behaviors are qualitatively consistent with
experimentally observed phenomena, such as exploration via
endogenous cue degradation [11] and accumulation at target
through endogenous cue production [12]. Similar behaviors
are also observed in the optimal lin-lin coupling dynamics (9)
and (10) (see Fig. S1 in the SM [51]).

Optimal couplings, in principle, ourperform any nonopti-
mal coupling under the objective (1) across all parameters
sets, provided D/(αN ) is small, thanks to our optimality-
based construction (see Appendix Cc in the SM). To highlight
the behavioral importance of the optimal couplings, we adopt
a simple nonoptimal benchmark comprising the logarithmic
sensing policy (5) and the linear cue production (9), hereafter
termed the log-lin coupling. Figures 2(d) and 2(e) show that

the agents with the log-lin coupling disperse, degrade the
endogenous cue, and generate a cue gradient toward sgoal up
to around t = 1001, similarly to the optimal log-exp coupling.
However, the generated endogenous cue gradient is shallow
and most agents fail to accumulate at the target even after the
cue concentration has almost reached the steady state, result-
ing in a low Ri for most agents [Figs. 2(d)–2(f) at t = 15 001].
For another nonoptimal coupling of linear sensing policy (9)
and exponential production (6), we observed an overaccumu-
lation (see Fig. S1 in the SM [51]). These results highlight
the importance of optimal coupling between cue sensing and
modulation for achieving efficient exploration and navigation
in a complex environment.

B. Coupling optimality and its consequence

To scrutinize how the optimality of coupling affects the
agent’s behaviors, we compare the steady states in a simpler
one-dimensional environment for the four couplings. Each
coupling is obtained by combinatorially pairing sensing (5)
and (9), with modulations (6) and (10). The environment is
a graph with 20 vertices S = {s0, s1, . . . , s19} connected in a
chain, where a target locates at the vertex s19 [Fig. 3(a)]. We
also modulate the relative importance of the reward and the
control cost by changing the parameter β.
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For the optimal couplings, i.e., log-exp and lin-lin cou-
plings, the steady agent distributions μT are almost identical
while the steady cue distribution ZT are different, for each β

[Fig. 3(c)]. The agents accumulate more at the target as β

increases, indicating that accumulation is encouraged if the
control cost becomes lower and the agents can deviate more
from the intrinsic lazy random walk.

However, for the nonoptimal couplings, i.e., log-lin and
lin-exp couplings, dispersal and overaccumulation in μT were
observed, respectively [Fig. 3(b)], which are consistent with
the results in the maze environment [Fig. 2(e)]. For the log-lin
coupling, the agents remain dispersed while the cue distribu-
tion is almost identical to that of the optimal lin-lin coupling.
Because the logarithmic sensing requires a steeper gradient
than linear one to achieve the same chemotactic behavior,
the agents with log-lin coupling were less sensitive to the
gradient than lin-lin coupling and thus failed to accumulate at
the target. For the lin-exp coupling, agents overaccumulated at
the target compared with the optimal log-exp coupling when
β is high. As linear sensing is more sensitive than logarithmic
sensing especially when the basal cue concentration is high,
this oversensitivity results in the overaccumulation. These
results demonstrate that the disruption of the optimal coupling
substantially alters the optimal exploration and exploitation
behavior of agents.

To quantitatively evaluate the optimality of the four
couplings in the steady states within our optimization frame-
work, we compare, for each policy πT , its state value
function V π (3), along with its reward component V π

reward
and the penalty (control cost) component V π

penalty. Here
we approximate the fluctuating steady concentration ZT ,
which determines πT , with the trial average Z̃T , and de-
fine V π

reward(s) := E [
∑∞

t=0 γ t r(st ) | s0 = s], and V π
penalty(s) :=

−E [
∑∞

t=0 γ t log π (st+1|st )/p(st+1|st ) | s0 = s]. These val-
ues are obtained by value iteration method (Appendix A b
in the SM [51]), and additional state values are provided in
Fig. S2 in the SM [51].

The state value V π , the optimization metric, is larger for the
optimal log-exp and lin-lin couplings than for the nonoptimal
log-lin and lin-exp couplings at any β [Fig. 3(d)]. The reward
component V π

reward and the penalty component V π
penalty/β of

V π are balanced for the optimal couplings [Fig. 3(e)] such
that V π

reward and V π
penalty/β trade off along the change in β.

Despite the different shapes of ZT [Fig. 3(b)], the two optimal
couplings exhibit almost identical values of V π and achieve
the same balancing curve of V π

reward and V π
penalty/β for all β.

This is a natural consequence of the fact that the two optimal
couplings solve the same optimization problem, while their
representations of V via Z are different.

In contrast, we observe low V π and imbalances between
V π

reward and V π
penalty/β for the nonoptimal couplings. V π

reward of
the nonoptimal log-lin coupling remains constant regardless
of β, while the absolute value of V π

penalty/β increases as β

decreases [Fig. 3(e)]. This indicates that agent dynamics are
not navigated appropriately to exploit V π

reward due to the nonop-
timal coupling. For the nonoptimal lin-exp coupling, V π

reward is
far below that of the optimal coupling and changes nonmono-
tonically as a function of β [Fig. 3(d)]. Figure 3(e) indicates
that the lin-exp coupling incurs a greater penalty than the
optimal ones to gain the same value of V π

reward [Fig. 3(e)]. This

imbalance between V π
reward and V π

penalty/β results in a deficiency
in overall performance. This analysis verifies that nonopti-
mal couplings are indeed inferior in terms of optimization
for accumulating at targets, highlighting the importance to
optimally couple cue sensing and modulation.

These results clarify that the optimal endogenous cue
modulation qualitatively differs depending on the gradient
sensing characteristics: The logarithmic sensing policy opti-
mally couples with production that is exponentially dependent
on exogenous signal concentration, whereas the linear sensing
policy optimally couples with production that is linearly de-
pendent on the concentration. These two are almost identical
in terms of the optimization criterion, and there may exist
other optimal couplings, corresponding to different choices
of the mapping F . This flexibility in the mapping allows
optimization-based modeling to incorporate biological details,
thereby expanding its applicability.

C. Comparison with a single-agent system

We have analyzed distributed learning in which agents
with limited memory share and learn environmental infor-
mation cooperatively through the endogenous cue to search
for targets. However, there exist higher organisms that have
sufficient memory and computational capacity as a single
agent to store and learn environmental information within
each individual’s internal model [38]. An unsolved issue in
the evolution of biological information processing is the fit-
ness advantages and disadvantages of distributed information
processing by agents with limited computational capacity
compared with the centralized one by a single smart agent
with sufficient capacity [39,40,64]. Even if both systems
achieve the same objective, metrics such as robustness can
depend on the system’s architecture, and their comparative
advantages can vary based on these metrics [65] (cf. no free
lunch theorem for search [66]). We address this problem by
leveraging the fact that both of our distributed model and the
usual single-agent learning model are based on the same RL
framework.

Specifically, we consider a single agent with an internal
memory to store the estimate of state value function Zt : S →
R�0 at each time step t = 0, 1, . . .. The agent has a state
st ∈ S and transits between the states based on Zt following
logarithmic sensing policy (5), and update Zt as

Zt+1(s) − Zt (s) = −1st =sα
′�Zt (s), (14)

which is nearly identical to the exponential cue production
(6) with N = 1, except the diffusion term (6b). This update
rule is also identical to the standard greedy Z-learning [50].
For comparison, the learning rate α′ ∈ (0, 1) for the single
agent is set to α′ = αN , indicating that it has the same learning
capability as the entire agent population.

Figure 4(a) shows the exploration behavior of the single
agent, which should be compared with its distributed counter-
part [Fig. 2(a)]. In this one-trial comparison, the overall update
speed of Zt by the single agent is slower than the agent popula-
tion due to its limited exploration range [Fig. 4(a) t = 1001].
At time t = 15 001, while the agent population has mostly
completed learning and some agents have accumulated at the
target [Figs. 2(a) and 2(b)], the single agent is still exploring
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FIG. 4. (a) Snapshots of the estimated state value Zt at t =
21, 1001, 15 001 for one trial by a single smart agent with policy
(5) and update rule (14). The upper panels show Zt and the agent’s
location st on the maze. The vertex st , where the agent is located,
is marked in red, while the other vertices s �= st are color coded
based on Zt (s). The lower panels show the values of Zt along the
path highlighted by orange as a function of the distance from the
goal sgoal. (b) Distribution of the first hitting time to sgoal computed
from multiple trials by the single agent (yellow), and by the agent
at the maximum (purple), 20th percentile (blue), and 50th percentile
(green) of the population. The first hitting time ki[si

0:T ] is calculated
as ki[si

0:T ] = min{t ∈ {1, 2, . . . , T } | si
t = sgoal} if sgoal ∈ {si

t }t=0:T ;
otherwise, ki[si

0:T ] = T . Each dashed line indicates the median value
in the distributions. (c) Temporal variation of the time-averaged
regularized reward Ri[si

0:t , π0:t−1] of the single agent (yellow) and
of the agent at the maximum (purple), the 20th percentile (blue),
and 50th percentile (green) of the population. Each solid line rep-
resents the trial median at each time step. Dashed lines represent
the trial 10th, 30th, 70th, and 90th percentiles for the single agent
(yellow), and the trial 10th and 90th percentiles for each population
percentiles (purple, blue, and green). The parameters used are T =
15 001, (α, N, D, #trials) = (0.0098, 100, 0.01, 150) for the agent
population, and (0.98, 1, 0, 15 000) for the single agent. The other
parameters are same as Fig. 2.

the target. Furthermore, the value distribution becomes irreg-
ular [Fig. 4(a) t = 1001] due to random exploration histories

and the lack of a diffusion term. These observations suggest
that the single smart agent may not explore and learn as
effectively as the less-smart agent population.

For a more quantitative evaluation, Fig. 4(b) summarizes
the hitting time statistics for multiple trials. The first hitting
time of the smart single agent has a broad distribution ranging
over [1500, 15 000], indicating that the success of the explo-
ration by a single agent is extremely stochastic. For the agent
population, the first hitting time fluctuates not only among
trials, but also among agents in the population [Fig. 4(b)].
However, if we focus on the agent who hit the target first
among the population, then its hitting time distribution for the
multiple trials consolidates around t = 1500 and its median
is close to the shortest hitting time of the single agent among
the trials. Although the median of this distribution increases
as we focus on hitting times ranked at 20% and 50% among
the population, the value of 50% is still comparable to that of
the single agent. Thus, population-wise exploration can work
more robustly than its single-agent counterpart. We further
evaluate the performance of the learning process using the
time-averaged regularized reward Ri (13) of each agent, which
is related to the optimization metric J (1) [Fig. 4(c)]. The
bottom 50% of Ri in the agent population is smaller than its
median of the single agent’s trials, which corresponds to the
fraction of agents trapped in dead ends [Fig. 2(b) t = 15 001].
However, the top 20% of Ri in the agent population are larger
than the top 30% of the single agent’s trials for almost 90% of
trials.

These results indicate that population-wise exploration can
work more robustly in each trial than the single-agent-wise
counterpart at the cost of the fraction of agents who could not
reach the target. Such a fraction can be compensated effec-
tively by the self-replication of the other fraction that reached
the target given the cost for replication is cheap. This suggests
that distributed exploration becomes more advantageous for
simple and fertile organisms. In real biological problems such
as neutrophil accumulation at a wound site, a prompt arrival
to the target even by a fraction of immune cells is effective
against exponentially growing pathogens entering from the
wound.

IV. SUMMARY AND DISCUSSION

To formulate a cell population that explores the environ-
ment and learns optimal navigation toward targets through
active cue modulation, we leveraged reinforcement learn-
ing theory and derived two qualitatively different optimal
dynamics of the population with linear and logarithmic gra-
dient sensing. These dynamics have continuous limits that are
structurally equivalent to the phenomenological Keller-Segel
model, indicating that optimal learning could be achieved by
biologically relevant cell populations. We also verified that the
optimal coupling of the modulation and sensing of cues is
crucial for achieving efficient exploration by the population.
Additionally, we have demonstrated that an agent population
with limited computational capability can achieve more robust
learning via distributed modulation of external cues than a
smart single agent with complete internal memory.
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A. Extensions of the formulation

Although we derived only two optimal couplings, our
formulation can be extended beyond them by incorporating
various biological factors, providing a foundation for the
quantitative understanding of collective information process-
ing mediated by endogenous chemicals. For instance, we
can derive a learning dynamics involving a Hill function in
chemotactic response and production, reflecting the under-
lying receptor kinetics [27,35,60] (see Appendix B a 2 in
the SM [51]). Furthermore, we may explore various collec-
tive dynamics from the optimality principle by modifying (i)
the cue-value mapping and control penalty, (ii) regularization
term, and (iii) agent’s interactions and heterogeneity.

Nonlinear mappings that align with control penalties en-
able the derivation of nonlinear dynamics. In this work, we
used a log-form control penalty (KL divergence), which aligns
with the logarithmic mapping, to obtain the log-exp model.
Alternatively, other control penalties, such as Tsallis relative
entropy [67], could be employed to explore different nonlinear
dynamics through their associated nonlinear mappings. The
diffusivity of the endogenous cue, which was regarded as a
physical constraint in Appendix B a 1 in the SM [51], can
also be interpreted as Laplacian regularization, which ensures
continuity and smoothness of the value between adjacent
vertices in the graph [68,69]. We may exploit other types
of regularization. For instance, L2 regularization (λ‖Zt‖2

2,
λ ∈ R�0) can suppress extreme values and results in another
sequential regularization term −λZt (s). This aligns with the
cue decay [λ = κ , Eq. (8b)] in Keller-Segel models, or the
pheromones evaporation in ant population dynamics [70].
Moreover, agent-dependent regularization might be employed
to account for the alternation of cue diffusivity via the enzyme
produced by cells [71].

Incorporation of agents’ interactions and heterogeneity is
more challenging theoretically. We obtained homogeneous
agents that interact only through one endogenous cue, which
stems from our assumption that the reward function depends
only on the targets’ location and magnitude. However, agents’
behaviors can be influenced by integrated information from
other agents, which is often biologically mediated via a vari-
ety of cues, including repellents [72]. For instances, immune
responses are modulated by chemokines released by other
immune cells to control inflammation [73]. Microorganisms
recognize and aggregate in response to the states of others
to adapt to starvation [74]. In development, cells repel each
other to form tissues [75]. Moreover, biological systems often

involve heterogeneous cell populations, where different sub-
groups play distinct roles, such as leaders navigating gradients
at the front and followers trailing behind [76]. Extending
our formulation to include interactions [77] and heterogeneity
[78] is essential to comprehend the computational aspects of
complex and collective behaviors observed in heterogeneous
biological populations.

B. Evolutionary advantages of distributed computation

Understanding the evolution of biological information pro-
cessing lies at the intersection of biophysics, evolutionary
biology, and computational neuroscience. Our result demon-
strates that a population of simple agents can excel at learning
environmental information robustly compared to a single
smart agent. This aligns with the redundancy principle [79],
which states that having many particles with the same ob-
jective can increase the probability of quickly achieving the
objective as a population. This principle has been applied
to various biological processes from synaptic signaling to
embryo fertilization, where the arrival time of the fastest
individuals is more critical than the population average. Ac-
cording to this biophysical principle, distributed information
processing may have an evolutionary benefit for agents with
limited capabilities yet low replication costs. For example,
neutrophils may achieve a robust population response by
dispersing numerous genetically identical cells. Also, inte-
grating learning and evolutionary theories [80–83] would be a
promising direction for advancing our understanding of the
principles behind the emergence and persistence of diverse
forms of biological information processing.
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