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Policy heterogeneity improves collective olfactory search in three-dimensional turbulence
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We examine how heterogeneous swarms, mixing exploratory and exploitative agents with distinct decision
rules, consistently outperform homogeneous ones where each agent balances exploration and exploitation
individually, performing experiments in two contrasting deployment scenarios. Using odor fields from state-
of-the-art direct numerical simulations of the 3D Navier-Stokes equations, we find that policy diversity typically
allows the group to reach the source of the odor more efficiently by mitigating the detrimental effects of
spatiotemporal turbulent correlations. These findings provide insights into collective search behavior and offer
promising strategies for the design of robust, bioinspired search algorithms in engineered systems.
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I. INTRODUCTION

Looking for a target is an ubiquitous task facing living
things, from insects to humans. In the absence of any cue,
it is best to devise an efficient random search [1–3]. In con-
trast, when cues are available, searchers need to optimally
exploit the information and find the target quickly. In partic-
ular, many biological and robotic agents face the challenge
of locating an odor source in turbulent environments [4–7],
where intermittent and patchy signals make simple strate-
gies, such as gradient-climbing chemotaxis [8], ineffective
[9–11] (see also Fig. 1). Living organisms have evolved
remarkable search strategies whose key to success is the
balance between information gathering (exploration) and cap-
italizing on high-confidence cues (exploitation) [12,13]. This
has inspired heuristic policies for individual agents, based
on Bayesian inference [14], that embody the exploration-
exploitation trade-off, combining infotaxis [15], which seeks
to maximize information gathering thus shifting the balance
toward exploration, with policies biasing the search towards
the likely source location [16,17]. In particular, space-aware
infotaxis (SAI) [17] refines this trade off by blending infotaxis
with a greedy policy that aims to minimize the expected dis-
tance from the source [18]. The robust performances achieved
by SAI across diverse environments have established it as
a state-of-the-art baseline for single-agent olfactory search
[17,19–21].
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In nature, it has been widely observed that individu-
als significantly benefit from sharing information with their
conspecifics [22,23], which inspired multiagent extensions
of heuristic search strategies [24–27], so far mainly ex-
plored in simplified settings. Understanding the exploration-
exploitation trade off for multiagent systems in real-world
turbulent environments is still an open problem, crucial to
swarm robotics [28–30] and applications ranging from envi-
ronmental monitoring to rescue operations [31,32].

Studies on animal behavior, foraging, and navigation have
shown that groups of agents, ranging from small insects to
large mammals, generally benefit from a division of labor,
with some agents focusing on exploration, while others ex-
ploit the information collected by the group [33–36]. In this
article, we introduce policy heterogeneity as a way to balance
exploration and exploitation in a group of cooperating agents
searching for an odor source in a turbulent flow. Specifically,
we show that heterogeneous swarms, combining infotactic
and greedy agents, outperform homogeneous groups where
all agents use SAI. Our findings reveal that, under realistic
environmental and initial conditions, an optimal fraction of
exploitative agents systematically speeds up source localiza-
tion, also reducing the probability of being lost, as compared
to homogeneous swarms of SAI agents.

II. COLLECTIVE OLFACTORY SEARCH

We consider a group of N agents moving in a grid world
� of size Lx ×Ly×Lz and lattice spacing �. Their goal is to
find a source, located in rs, that sparsely emits odor particles
whose trajectories are evolved with state-of-the-art DNS (see
[37,38] for details) of the incompressible Navier-Stokes equa-
tions under turbulent conditions (Reλ � 150) with a uniform
mean wind U along the −x̂ direction (Fig. 1). The particle
trajectories are coarse-grained within the 3D arena, thus re-
sulting in the concentration field c(r, t ) displayed in Fig. 1.
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FIG. 1. (a) Snapshot of the concentration of odor particles (logarithmic grayscale) emitted by a localized source (yellow star) in a turbulent
flow. The blue/red curves correspond to the typical trajectories of an infotactic/greedy agent starting from a localized region (green box)
and cooperating to find the source. Agents are initially placed close to each other, as depicted in the top left inset. Plots (P1–P3) display
the intermittent time evolution of the odor signal at three different locations, and the dashed black line indicates the concentration threshold
cthr = 10 ≈ 2.4c̄ above which the agents can detect odor particles. Unless otherwise specified, hereafter, the mean wind strength U with respect
to the intensity of the turbulent fluctuations urms is equal to U/urms = 2.05. (b) Two-dimensional cut of the empirical likelihood of making a
detection, p(1|r − rs ), in the plane parallel to the mean wind U and containing the source.

An underlying assumption of our study is that the agents are
small enough to leave the flow unperturbed but still capable
of not being carried away by it. This is reasonable for flying
insects [4–6] and for insectlike robots [39]. Agents have a pre-
scribed sensitivity to the odor and make binary observations,
i.e., a detection occurs only when the highly fluctuating and
intermittent local concentration (see panels P1–P3 in Fig. 1)
exceeds a given threshold cthr (see the SM for details on the
numerics and Fig. 1 for a graphical summary of the search
setup when agents are initially spatially clustered).

All agents share a probability spatial map (a “belief”)
about the source position defined over �, b(r) ≡ Prob(rs =
r). Assuming no prior knowledge, the belief is initialized to
a uniform distribution and set to zero at the agents’ posi-
tions. Within the Bayesian framework, agents must rely on
a model of the environment to interpret their measurements
and localize the source, reflecting the idea that agents possess
prior knowledge of the odor statistics. We therefore assume
that each agent i knows its position, ri, and the likelihood
p(h(t )

i |ri − r) of making an observation, h(t )
i ∈ {0, 1}, at time

t obtained from the time average of the coarse-grained con-
centration. This model of the environment [see Fig. 1(b) for
a 2D projection] only captures the single-time odor statistics,
as it neglects the spatiotemporal correlations exhibited by the
odor plume, and is therefore not exact. However, it represents
the best tractable model of the turbulent odor signal generated
from the DNS and will hereafter be referred to as the empirical
likelihood.

At each time step, agents measure the odor concentration
in synchrony at their positions and update the shared belief by
the Bayes rule [14]

b(t )(r) = 1

N

N∏
i=1

p(h(t )
i |ri − r)b(t−1)(r), (1)

where N is a normalization factor. Note that a shared belief
can be maintained by agents exchanging only their positions
and binary detections—data easily transmitted via wireless
links in swarm robotics [40], which is far more efficient than
sharing full belief maps. The cost of communication is there-
fore greatly reduced with respect to communicating the entire
belief. Upon updating it via (1), at each time step, each agent
chooses an action to move in one of the allowed directions
{±x̂,±ŷ,±ẑ} by a lattice spacing �.

Given the high dimensionality of multi-agent olfactory
search, identifying an optimal collective protocol by solving
the Bellman equation for the corresponding partially observ-
able Markov decision process is infeasible [19,20]. Thus, in
the following, we focus on comparing heuristics that em-
body the exploration-exploitation trade off of the group of
agents in two different ways. In particular, we consider a
heterogeneous swarm divided into two groups; NI agents fol-
lowing a risk-averse infotactic strategy [15], which prioritizes
exploration by selecting actions that maximize the expected
information gain about the source location; and NG agents
following a strongly exploitative greedy policy [18], meant
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to reduce the expected Manhattan distance to the source. We
shall compare the performance of our heterogeneous (HET)
group of agents N = NI + NG made up of different fractions
of greedy/infotactic players against a baseline where all agents
manage the exploration-exploitation trade off at the individual
level, considering a homogeneous swarm where all agents
adopt the same SAI policy [17,27], which combines infotaxis
and greedy policy.

In detail, depending on its state si ≡ (ri, b(r)), defined by
its position, the shared belief and its policy, πi, the ith agent
selects the action that minimizes a policy-dependent cost
function Cπi :

a∗
i = argminaCπi (si, a), with (2)

Cπi (si, a) =

⎧⎪⎨
⎪⎩

1
2 (2H (si|a) − 1), if πi = infotaxis

D(si|a), if πi = greedy

CInfotaxis + CGreedy, if πi = SAI,

(3)

where H (si )≡−∑
r b(r) log2 b(r) is the Shannon entropy

of the shared belief, and D(si )≡
∑

r b(r)||ri − r||1 the ex-
pected Manhattan distance from the source (see also
[15,17,20,21,27]). All agents move synchronously, measure
the odor concentration, and update the shared belief again,
repeating until one of them satisfies ri = rs, indicating that
the source has been found. If the search exceeds a predefined
time limit (Tmax), the episode ends with the agents considered
lost.

Although agents do not coordinate their actions—to avoid
an exponential increase in computational complexity with the
number of agents [24,41]—cooperation is achieved via the
shared belief [27,41]. Furthermore, an action is forbidden if it
would move the agent outside the domain or result in an over-
lap with another agent. If no permissible actions are available,
the agent remains in place. See the SM for more details on the
numerical implementation of the collective search algorithm
and on the heuristic policies introduced above.

III. THE BENEFIT OF POLICY HETEROGENEITY

We first focus on the case where the agents are initially
clustered in a position extracted from the empirical likelihood
(Fig. 1) and start their search when at least one agent detects
the odor signal. Figure 2(a) shows the cumulative distribution
functions (CDF) of the first agent arrival time conditioned on
successful episodes, i.e., those in which agents do not get lost
(T < Tmax �15T�, with T� the time to cross the arena �), for
HET and SAI swarms made up of N =2 and N =10 agents,
respectively. For each N , we find that an optimal fraction
of greedy agents exists that maximizes the overall search
efficiency (see the inset for N =10), making them achieve
shorter first arrival times to the source compared to swarms
comprising only SAI agents. Indeed, as shown in Fig. 2(b),
HET swarms consistently show �25% improvement in terms
of mean first arrival time with respect to SAI agents and,
remarkably, the performance achieved with ten SAI agents
can be achieved with a HET group of just five agents (NI =3
and NG =2). Moreover, the latter always manages to reach the
source in a finite time, whereas SAI swarms have a finite prob-
ability of getting lost during the search [inset of Fig. 2(b)].

FIG. 2. (a) Cumulative distribution function (CDF) of first agent
arrival times T normalized with the minimum search time Tmin

(Manhattan distance from the source) when using N = 2 or 10
agents. The results of the HET swarms correspond to those obtained
with the optimal fraction of greedy agents as shown in the inset
for the case N = 10. (b) Mean first arrival times as a function of
N for SAI swarm or the optimal HET configuration. The statistics
are conditioned on successful episodes, while the inset shows the
fraction of episodes φlost in which the search fails (T > Tmax). Note
that for HET swarms φlost < 0.01. Error bars corresponding to the
statistical error on the mean are within the symbols. (c), (d) Heatmaps
of the spatial trajectories for ten HET agents starting from the green
square and finding the source (yellow star) when NI = NG = 5 (c),
and using SAI (d). The arrow indicates the mean wind direction. For
the sake of clarity in the presentation, such maps have been obtained
in the 2D setup (see the SM [43] for details).

Consistently, HET agents have a much lower probability to be
trapped in long search episodes as shown by the reduced tails
in the PDF of arrival times (see Fig. S1 in the SM [43]).

IV. ROLE OF TURBULENT CORRELATIONS

A key factor behind the improvement of HET over SAI
is how the two groups manage spatiotemporal correlations
of olfactory signals. In realistic turbulent flows, odor plumes
tend to form filaments and puffs, Fig. 1, potentially leading
to highly correlated detections between nearby agents. These
events are not included in the model likelihood, Fig. 1(b),
as it only accounts for single-point statistics. By measur-
ing the probability of making simultaneous detections, we
found that SAI agents systematically experience a higher
frequency of concurrent detections compared to HET, with
such events mostly happening when the agents are just a
few lattice points away from each other. The 2D heat maps
shown in Figs. 2(c) and 2(d) qualitatively demonstrate how
HET swarms tend to spread out more, better covering the
space than SAI agents (compare panels (c) and (d) and see
3D movies in the SM [43]). SAI groups are more prone
to clustering, resulting in more redundant detections due to
correlations and consequently inefficient exploration. Cluster-
ing likely arises because, as their common belief collapses,
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FIG. 3. Results with initially sparse swarms. (a) CDF of first
arrival times T (in units of the time T� to cross the arena) conditioned
on success when using N = 2 or 10 agents with either SAI or the
optimal fraction NG/N = 0.5 of greedy agents for the HET group un-
der the same initial conditions. (b) Typical episode in which N = 10
HET agents (left) beat their SAI counterparts (right), showing agent
paths from random start positions (green spheres) until the source
(yellow start) is found.

SAI agents’ greedy bias naturally draws them together and
then, due to the policy homogeneity and their proximity,
they will choose similar moves, thus reinforcing group for-
mation. In contrast, a mix of greedy and infotactic agents
promotes diversity, prevents unnecessary clustering, and im-
proves the overall efficiency of the search. In Fig. S2 of
the SM [43], we further support these findings through the
statistical analysis of blanks, i.e., the time intervals between
two consecutive odor detections, emphasizing the impact of
odor intermittency. Indeed, when detections are drawn di-
rectly from the empirical likelihood, removing correlations
in the signal, the performance gap between SAI and HET
significantly narrows and tends to vanish as the group size
increases. These findings demonstrate that policy hetero-
geneity serves as an effective mechanism to compensate for
imperfections in environmental modeling, particularly when
agents interact with realistic, turbulent odor signals. More-
over, they underscore the importance of odor intermittency in
driving the emergent search dynamics.

V. SPARSE INITIAL CONDITIONS

A crucial ingredient that limits the performance of SAI
agents is the clustering induced by the policy. To investigate
whether this detrimental effect depends on the starting condi-
tions, we tested when they are randomly uniformly positioned
across the domain. In this case, reflecting practical deploy-
ment scenarios, we let the agents start searching immediately,
without requiring an initial detection. Figure 3(a) displays the
CDF of arrival times for the first agent finding the source. Re-
markably, even under these dispersed starting conditions, SAI
groups exhibit longer arrival times and higher lost fractions,

FIG. 4. (a) Normalized mean arrival times 〈T/Tmin〉 conditioned
on successful episodes as a function of the number of agents N .
Colors distinguish the strength of the mean wind U with respect to
the urms of the turbulent flow as in the legend. The dashed black line
denotes the theoretical optimum 〈T/Tmin〉 = 1. (b) Mean normalized
arrival time as a function of the greedy agents NG/N for HET with
N = 10. Error bars corresponding to the statistical error on the mean
are within the symbols.

whereas HET swarms maintain a clear advantage in search
speed and still feature negligible losses (see also Table I).
The trajectories in Fig. 3(b) reveal that SAI agents (right),
although initially dispersed, tend to converge into clusters,
again making them more susceptible to the effects of turbulent
correlations. In contrast, the HET group (left) maintains a
wider spatial distribution and ensures a better spatial cover-
age.

VI. COMPARISON ACROSS DIFFERENT ENVIRONMENTS

To scrutinize the robustness of our findings against en-
vironmental conditions, we investigate how different wind
conditions influence the effectiveness of HET and SAI
swarms for the case of initially clustered agents. We do this
by restricting the search to 2D, thus allowing the agents to
move within a thin slab containing the source and aligned with
the mean wind direction, when present. The results obtained
under three different wind intensities are summarized in Fig. 4
(Fig. S3 in the SM [43] shows the empirical likelihood in the
three scenarios).

Increasing the wind strength simplifies the search by pro-
viding agents with stronger directional cues about the source
location and restricting the detection cone. Although this
tends to diminish the advantage of policy heterogeneity, HET
swarms still systematically outperform SAI ones, even man-
aging (for N = 10) to find the source in the shortest possible
time Tmin [dashed black line in Fig. 4(a)]. Conversely, in the
absence of a mean wind, the correlations are stronger and less
information is provided by the empirical likelihood, leading to
an increased performance gap between HET and SAI swarms.
In fact, deploying more SAI agents reduces neither the mean
arrival time [Fig. 4(a)] nor the probability of being lost (see
Table I). In contrast, the mean arrival time of HET swarms
improves threefold when increasing from two to ten agents,
with a vanishing lost fraction, similar to the 3D case. These
results depend only weakly on the sensitivity of the agents
to the odor signal and remain qualitatively unchanged when
varying the detection threshold cthr (Fig. S4 in the SM [43]).
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TABLE I. Fraction of episodes in which search fails for SAI and HET swarms under all tested configurations. Results are shown for
clustered and sparse initial conditions in the 3D setup (U/urms = 2.05), and for clustered initial conditions in 2D varying the mean wind
strength (U/urms = {0, 2.05, 6.16}) with N = 2 and 10 agents. The smaller value of φlost for each setup is highlighted in bold.

Initial conditions Clustered (3D) Sparse (3D) Clustered (2D)

U/urms 2.05 2.05 0 2.05 6.16

N 2 10 2 10 2 10 2 10 2 10

φlost(SAI) 0.114 0.027 0.158 0.010 0.137 0.127 0.011 0.007 0.010 0.007
φlost(HET) 0.005 0 0.010 0 0.144 0.001 0.001 0 0.001 0

VII. EFFECTS OF ALEATORIC ERRORS

Motivated by the technical challenges faced in real-world
scenarios, we also investigate the impact of introducing an
error in either the odor measurement or proprioception (see
Fig. S6 in the SM [43]). We find that moderate noise lev-
els degrade absolute performance, increasing the percentage
of search failures; however, the relative advantage of HET
over SAI swarms remains substantial. We also note that, in
real swarms, agents often communicate only with nearby
peers [44–46], requiring individual belief updates and increas-
ing computational complexity. At the same time, they may
share less information than the whole belief map and rely
on simpler computations to infer others’ behavior [16,24].
These constraints diversify search strategies and can signif-
icantly influence performance, warranting dedicated future
studies.

VIII. DISCUSSION

We showed that policy heterogeneity significantly im-
proves the efficiency of collective olfactory search in realistic
turbulent environments, both in terms of search time and
robustness, by changing the (i) initial agent distribution, (ii)
ratio between turbulent fluctuations and the mean wind, (iii)
detection sensitivity, and (iv) measurement errors. As a key
insight, we find that heterogeneity mitigates the challenges
posed by turbulent intermittency and correlations, enabling
swarms to balance exploration and exploitation more effec-
tively than homogeneous groups that resolve the trade off at
the individual level by weighting the infotactic and greedy
cost in their action selection [42]. This leads HET agents
to exhibit superior performance in particularly challenging
search tasks, as evidenced by a lower probability of extremely
large arrival times (see Fig. S1 in the SM [43]). Significantly,
heterogeneity benefits both individual agents and the group as
a whole by reducing the mean arrival times of both the first
and last agent (see Fig. S5 in the SM [43]), thereby improving
overall swarm efficiency and coordination and ensuring that
all agents reach the source more rapidly.

Finally, we remark that, in the clustered setup, episodes
start with a detection, so Figs. 2 and 4 already con-
dition on identical first-detection times, whereas in the
sparse-start case, HET swarms outperform SAI even with-
out this conditioning (cf. Fig. 3), making a detailed study
of time-to-first-detection statistics an interesting avenue for
future work.

Our results align with biological observations suggesting
that policy heterogeneity might be a natural optimization
mechanism for animals [47–50]. Likewise, these insights
could inform the design of artificial swarm systems for
real-world applications such as environmental monitoring or
disaster response [51,52].

Future research should explore adaptive learning mech-
anisms, allowing agents to develop mixed strategies [53]
to dynamically switch between exploratory and exploitative
policies in response to real-time environmental feedback. Pre-
liminary tests (not shown) of dynamic policy switching in
our scenarios do not show any significant advantage. Further-
more, while model-free methods have recently been applied
to the single-agent problem [54,55], it remains an interesting
open question to allow the swarm to dynamically adapt its
behavior via multiagent reinforcement learning [56,57], for
which our approach would serve as a baseline. Lastly, while
in the present study agents neither perturbed the flow nor
were advected by it, relaxing these simplifying assumptions
(as in [58]) may have important effects; their investigation is
deferred to future studies.
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