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Abstract

The purpose of this note is to study how to coordinate a team of

agents that need to locate a hidden source on a two-dimensional discrete

grid. The di�culty is that the source emits an information which can only

be detected sporadically. This problem arises is various situations found

in Nature, for instance when insects emit pheromones to attract their

partners. A search mechanism named infotaxis was proposed to explain

how agents may locate the source by using only intermittent detections.

Here, we study this problem in the context of stochastic cellular au-

tomata and reactive multi-agent systems. We present a bio-inspired model

for the collective infotaxis search. The model, inspired by the behaviour

of the social amoeba Dictyostelium, relies on the use of reaction-di�usion

waves to guide the agents to the source. The formation of group is en-

sured by the non-simultaneous emissions of waves: the behaviour is totally

decentralised and the agents successively act as emitters of waves or lis-

teners, according to their local perceptions. We present a �rst study that

shows that the model is worth of consideration and may provide a sim-

ple solution to the problem of coordinating a team to search a source of

information with only sparse detections.
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1 Introduction

The purpose of this note is to study how to coordinate a team of agents to
perform a collective search in a two-dimensional environment. The objective
of the team is to locate a source which emits an information that can only
be detected sporadically. This problem arises in various situations studied in
Biology, for instance when insects emit pheromones to attract their partners.
There are cases where it is impossible to �nd the partner by following a gradient
because the pheromones are dispersed in a turbulent environment: they are
found in patches rather than with a smooth distribution. Vergassola et al.
named infotaxis a search strategy which consists in maximizing the information
gain on the location of the source [6].

Here, we study this problem in the context of cellular automata: imagine
a team of agents that are randomly dispersed on a two-dimensional grid and
need to locate a particular cell, the emitting source. The agents have a very
small memory; they have no map of their environment nor can they build one.
They can only perceive the state of the cells situated at short distance. At each
time step, the agents may detect the presence of the source (make a 'hit'), but
without knowing the direction of the source, nor its distance. The detection
probability increases as one gets closer the source and this is the only "hint"
that can guide the agents. At each time step, the agents can move or change
the state of the cell they are located on. Under such circumstances, how can a
team of agents achieve a form of coordination in order to e�ciently locate the
source?

One may call this problem the distributed infotaxis problem with memoryless
agents. In contrast, (classical) infotaxis has been mainly studied with agents
that remember where the hits occurred. This allows them to build a map
of their environment according to the detections they have made. Since the
detections are stochastic events, the map is progressively adjusted. Interestingly,
it was shown that a good search strategy does not necessarily consist in always
trying to approach the source. In some cases, it may be more interesting to
move orthogonally to the estimated direction of the source in order to improve
the process of locating the direction of source [6]. However, the use of a map
in virtual agents or in real robots imposes a certain degree of complication.
Di�erent solutions have been proposed to simplify this scheme. In particular,
Masson has proposed to use only a projection of the map of probabilities into
a pre-determined form, where appears detection and non-detection terms [4].
Later on, this technique was extended by Zhang et al. to coordinate a team of
robots [7].

We ask if we can simplify the solution further and if we can solve this problem
with agents that do not remember where previous detections have occurred. In
this context, the previous solutions cannot be used as the only thing that the
agents can do is to use their respective positions on the grid to make better
movements than they would do with a pure random walk.

The solution we propose is a variation of a previous model, the social amoe-
bae [2], which was proposed to solve the decentralised aggregation problem: the
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agents need to gather and form a compact group in a totally decentralised way
with only local perceptions and no memory of their previous actions. The ag-
gregation scheme imitates the aggregation behaviour which occurs in the �rst
phase of grouping in the social amoeba Dictyostelim discoideum. The mech-
anism heavily relies on the asynchronous emission of reaction-di�usion waves
in the environment: each (virtual) amoebae needs to alternatively speak and
listen and these di�erent roles are governed by simple random events (see more
details in Ref. [2]). If they all speak, (that is, emit waves) synchronously the
aggregation process cannot occur.

We now modify this aggregation scheme to make the amoebae search for a
hidden source. Informally, the system works as follows: each agent performs a
random walk on the grid. When it makes a detection, which should be a rare
event, it triggers a reaction-di�usion wave in the grid. This wave will propagate
and attract the other agents towards the emitting agent. The agents that get
closer to the source will have a tendency to emit more often that the agents
that are far from it, and the group will collectively have a tendency to move
closer to the source. Little by little, the group will progress towards the source
and �nally reach its target. The coordination of the group is ensured by the
asynchronous nature of interactions: there are no leaders to take the decisions
but instead each agent has the possibility to emit waves or to "listen" to the
emissions of the others according to some particular stochastic behaviour that
needs to be adjusted appropriately.

It can be noted that although seducing, the success of this scenario is not
guaranteed. Indeed, this indirect communication process between agents, also
called stigmergy, has to occur inside a group that is neither too compact nor
too sparse. Indeed, an excessive grouping of agents is detrimental because the
space they explore with their random movements is more limited than if the
agents were absolutely free to wander on the grid. On the contrary, if the
agents stay away from each other, this means that the attractive force of the
reaction-di�usion waves is too weak to counter-balance the random movements
of the agents. In this note, we explore this trade-o� with a �rst set of numerical
simulations. We show that the use of the virtual amoebae search scheme can be
bene�cial in some particular conditions. Since our experiments are limited, we
will mainly aim at showing that this search strategy is worth of consideration.
We do not bring any de�nitive answer to the problem of distributed infotaxis
but rather ask questions that will need to be explored with a deeper analysis.

2 Presentation of the model

The space on which our model takes is de�ned a �nite square grid denoted by
L = {1, . . . , L}×{1, . . . , L}. Our model, the we could name the amobae-infotaxis
model, is composed of two interacting layers: the environment and the amoebae.

The environment is a cellular automaton composed of the cells of the grid.
The state of the cells are taken in a set Q that will be speci�ed below. The global
state of the environment is called a con�guration and the set of con�gurations is
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denoted by QL. At each time step, each cell calculates its new state according
to its own state and the states of its neighbours and a possible in�uence from
the amoebae. In other words, the environment is a cellular automaton which is
in interaction with a system of reactive agents.

The emitting source is modelled by a distinguished cell, whose location σ ∈ L
is �xed over the time. As mentioned earlier, in this problem, the cells can
only make binary detections and the probability of detection decreases with the
distance to the emitting source. This property is modelled by the introduction
of a probability detection �eld ρ : L → [0, 1] which associates to each cell the
probability to make a detection in this given cell. Here, we work with a �eld
which follows an inverse square law ; it is described with: ρ(σ) = 1 and

∀c 6= σ, ρ(c) =
K

d(c, σ)2
, (1)

where d(x, y) = |x1 − y1| + |x2 − y2| is the Manhattan distance between two
cells of the grid x = (x1, x2) and y = (y1, y2), and where K < 1 is an arbitrary
constant. Other authors have used an exponential decrease with the distance
to the source. We prefer to use a 1/d2 function in order to allow the existence
of a small, but non neglible, probability of detection in the cells that are far
from the source. Note that in our view, this �eld does not make the problem
non-local: the probabilities are simply some �xed parameters that cannot be
"read" directly by the cells or by the agents. Also note that this �eld may be
computed by a pure cellular automaton if one wishes to do so.

The amoebae are reactive agents: they are described by their positions on the
grid and their internal state, which is binary and taken in the set I = {rec, emi}
(emitter and receiver). For a set of N amoebae, we will denote by p = (pi) ∈ LN

the vector of all positions on the grid and by s = (si) ∈ SN the vector all internal
states. The quantity pi and si thus denote the position and the internal state
of the i-th amoeba, respectively.

With these notations, we can describe our model with a dynamical sys-
tem F , which operates on the space QL × LN × SN . For an initial condition
(x0, p0, s0) ∈ QL × LN × SN , its evolution is described by the recursive equa-
tion: (xt+1, pt+1, st+1) = F (xt, pt, st). Let us now describe how these quantities
are calculated1.

Evolution of the cells

The set of states of the cells is given by Q = {e, r, n}, which respectively cor-
respond to the excited, refractory and neutral states. This environment imple-
ments a simple reaction-di�usion law, called the Greenberg-Hastings model(see
e.g. Ref. [1]). Informally, a cell becomes excited if it is neutral and if it has
at least one excited neighbour or if it is excited externally by an amoeba. An
excited cell always becomes refractory and a refractory always become neutral.

1 We make a slight abuse in notations because we use the formalism of classical dynamical

systems even though our function F is stochastic.
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To de�ne this law, we introduce the function Se that selects the excited cells
around a given cell:

Se(x, c) = {d ∈ D, c+ d ∈ L, xc+d = e}

whereD = {(0, 1), (0,−1), (1, 0), (−1, 0)} represents the four cardinal directions.
This means that our cellular automaton uses the von Neumann neighbourhood
but note that it can also be easily applied to other types of neighbourhoods [2].

We then de�ne the modi�ed Greenberg-Hastings law of evolution of the cells
with, for all c ∈ L:

xt+1
c =


e if xtc = n and

(
Se(x

t, c) is not empty

or ∃i, pti = c and sti = emi
)

r if xtc = e

n otherwise.

Evolution of the amoebae

First, we need to describe the fact that some amoebae will make a hit, that is,
detect the source with a given probability which depends on their location. To
this end we introduce the function H, which, given a set of positions p ∈ LN ,
tells whether the i-th amoeba will make a 'hit':

∀p ∈ LN , ∀i ∈ {1, . . . , N}, H(p, i) =

{
1 with probability ρ(pi)

0 with probability 1− ρ(pi).

The behaviour of the amoebae is as follows: at each time step, independently
of the other amoebae, each amoeba may follow a random movement according
to the four cardinal directions with probability pA, the probability of agitation.
With probability 1 − pA, the "regular" behaviour is applied. This regular be-
haviour consists in the following rules:

1. if an amoeba is in the state rec, if it is standing on a neutral cell and sees
one or several excited cells in its neighbourhood, it chooses one of these
excited cells uniformly at random for its movement ; otherwise, if it has
no excited neighbour, its stays on the same cell.

2. if an amoeba is in the state emi, if it is standing on a neutral cell, it turns
this cell to the excited state. It then remains in state emi with probability
pR, the probability of reemission.

The motivation for introducing the probability of agitation pA is twofold:
on the one hand, we add a randomness which ensures that the amoebae are not
too static, on the other hand, this allows us to model the intrinsic noise that
would exist in the movement of biological organisms or robots. The use of the
probability of reemission pR is not mandatory. It is simply here to allow several
reaction-di�usion waves to be triggered when a hit occurs. As we will see below,
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these waves have an attractive force that groups the amoebae; this attractive
force balances the dispersive force that is created by the random movements.

To write down this rule with our notations, we have:

• for sti = rec, st+1
i =

{
emi if H(pt, i) = 1 and sti = rec

rec otherwise ,

• for sti = emi, st+1
i =

{
emi with proba. pR

rec with proba. 1− pR.
The positions evolve according to:

pt+1
i =

{
B
[
pti,U(D)

]
with proba. pA

U
(
Se(x

t, pti)
)

with proba. 1− pA,

where

• U(X) is a random variable that selects an element uniformly in a set X,

• B[c, d] is a function that equals c+ d if c+ d is in L and c otherwise,

• Se is the set of excited cells neighbours to a given cell (see above).

The task is completed when an amoeba moves to the emitting source σ. The
search time is the smallest t which satis�es: ∃i, pti = σ.

3 First experiments

Recall that our purpose is simply to test the relevance of doing a collective
form of infotaxis with (almost) memoryless agents is feasible. For the sake of
simplicity, we arbitrarily �x the number of amoebae to N = 20 and the value of
the constant in Eq. 1 to K = 0.5. Similarly, we �x the reemission probability to
pR = 0.9 in order to allow for multiple waves to be emitted when a 'hit' occurs.
A �rst visual experiment will be presented for L = 20 and then statistics will
be given for L = 80.

3.1 Qualitative observations

In our experiments, the amoebae are placed uniformly at random on the grid.
The emitting source is placed at coordinates (L/4, L/4) in order to make the
problem more di�cult. Indeed, if it were placed at the centre, the amoebae
could more easily �nd it since they do not need to displace the centre of gravity
of the group.

First, let us observe visually how a system with only 5 amoebae behaves for
a small grid of size L = 20 and a small probability of agitation pA = 0.1.

Figure 1 shows one particular random evolution of such a system. We see
that various reaction-di�usion waves are emitted at di�erent times when the
hits occur. In this evolution two hits occur in a short time around t = 20,
which allows us to observe how the reaction-di�usion annihilate when they meet
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t = 0 t = 10 t = 15 t = 20

t = 30 t = 35 t = 100 t = 150

Figure 1: Evolution of the system for N = 5 amoebae on a grid of size L = 20
with K = 0.5, pA = 0.1, and pR = 0.9; the emitting source is in black (diamond
shape); amoebae are shown as circles in grey (rec state) or in yellow (emi
state). The colors of the grid cells are red, orange or white, which respectively
correspond to the e, r and n states. [color online]

frontally and how they merge when they meet orthogonally. This is the reason
why it is important that the emission of waves do not occur simultaneously:
as the reaction-di�usion waves annihilate when they meet, if all the amoebae
were emitting at the same, none of them could receive the information. In
other words, some amoebae need to remain in the rec state in order to be able
to �feel� the waves emitted by the other amoebae. In this evolution, after a
hundred steps the amoebae are already regrouped around the emitting source
and at time t = 150, we are very close to the source detection event.

3.2 Quantitative experiments

We now make a second step by considering the statistical variations of the
search time as a function of the agitation probability pA. Indeed, pA is the
most important parameter in our study since it controls the average quantity of
movement of the amoebae.

Taking the same settings as in the previous experiment, we observe the
variation of the average detection time for a grid size of L = 80. The agitation
probability pA varies from 0.1 to 1.0 with a step of 0.1 and the average search
time is obtained with 1000 samples.

The results are shown on Fig. 2 and, interestingly, present a rather surprising
behaviour of the system. It can be noted that a local minimum on the detection
time is obtained for pA ∼ 0.2. (An additional sampling point is added at

7



0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
pA

0

500

1000

1500

2000

2500
av

r. 
de

te
ct

io
n 

tim
e

L=80  N=20  K=0.5

pure random walk
with RD waves

Figure 2: Search time for N = 20 amoebae as a function of the agitation
probability pA for L = 80 (in blue) with K = 0.5, pA = 0.1, and pR = 0.9.
The curve in purple shows the detection time when the amoebae follow a pure
random walk (reaction-di�usion waves are suppressed).

pA = 0.15 to have a better observation of this zone.)
We believe that the existence of this minimum corresponds to a balance

between dispersive e�ect of the agitation and the grouping e�ect the reaction-
di�usion waves. Indeed, if pA is too small, the amoebae have a tendency to all
aggregate on the same point � not the source ! � and to all remain almost static
close to this point. As the random movements are rare, if we imagine an amoeba
that progressively gets far from the aggregation point, several emissions of waves
emitted by the amoebae will call it back to this point. On the contrary, when
pA is too high, the disorder introduced by the agitation is no longer bene�cial
because the information gained by �listening� to the other amoebae is �diluted�
by the random movements.

For values of pA which are even larger, that is, greater than 0.75, we observe
that the detection time decreases again. This second e�ect is simply explained
by considering the average number of movements per step: since the order of
the system is already very weak (as pA is high), it becomes more e�cient to
�mechanically� increase the average speed of the amoebae by moving more often.

In order to estimate what part of the behaviour is due to the reaction-
di�usion waves and what part is due to the random movements, we estimated the
average search time when there are no waves (we setK = 0). The corresponding
curve on Fig. 2 shows no surprise: it is decreasing with pA and, more precisely,
the average detection time varies as 1/pA. This is expected since the amoebae
follow a pure Brownian motion and do not interact. We can observe that for
small values of pA, the gain is important and for a similar average speed of
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movements, the search time with the amoebae-infotaxis search strategy may be
divided a factor 5 with respect to the random walk strategy.

4 Discussion

This note presented a discrete model for performing a collective infotaxis task
in an environment where only an intermittent information is available. The �rst
experiments show that the use of reaction-di�usion waves is a simple means to
perform a collective search of a hidden source. The mechanism we described
relies on the probabilistic and asynchronous nature of the detections: since these
events are rare, the agents of the system (the amoebae) can alternatively act
as emitters or receivers and thus coordinate their movements to get closer and
closer to the emitting source.

A continuation of the experimental work is needed to get more insights on
how to use virtual amoebae to solve the decentralised infotaxis problem. Indeed,
it is not clear yet in which situations it is more e�cient to use this mechanism
rather than a simple random walk. It is also important to get a more precise
view on the scaling laws of the system: how does the search time depend on the
number of amoebae and on the size of the grid? There are also questions which
regard the possible improvement of the model. Here we presented a solution that
uses only three states for the cellular automaton dynamics of the environment
and only two states for the agents. The possibilities for further extending the
behaviour of the agents are numerous, as for instance, making their emission
auto-adjusting in order to have the correct balance between �listening� and
�speaking�.

In the context of applying these elements of research in the context of dis-
tributed robotics [3, 5], it would also be interesting to test the robustness of
our scheme against several perturbations such as the introduction of obstacles
in the grid or a non-regular distribution of the detection probabilities.
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