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Structured interactions drive abrupt transitions in the spatial organization of microbial communities
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Bacteria possess diverse mechanisms to regulate their motility in response to environmental and physiological
signals, enabling them to navigate complex habitats and adapt their behavior. Some of these mechanisms are
species specific and enable cells to modulate their movement based on the ecological identity of neighboring
species. Here, we introduce a model in which bacteria interact via local signals that either enhance or suppress the
motility of neighboring cells depending on species type. Through large-scale simulations and a coarse-grained
stochastic model, we demonstrate the emergence of a sharp transition driven by nucleation processes: increasing
the density of motility-suppressing interactions drives the system from a fully mixed, motile phase to a state
characterized by large, stationary bacterial clusters. Remarkably, in systems with a large number of interacting
species, this transition can be triggered solely by altering the structure of the motility-regulation interaction
matrix while maintaining species and interaction densities constant. In particular, we find that heterogeneous
and modular interactions promote the transition more readily than homogeneous random ones. These findings
add a dimension to the theory of motility-induced phase separation and contribute to the ongoing effort to
understand microbial interactions, suggesting that structured, nonrandom ones may be key to reproducing
commonly observed spatial patterns in microbial communities.
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I. INTRODUCTION

Microbial communities in natural environments frequently
exhibit regular spatial organization, including the formation
of dense surface-attached patches, multicellular aggregates,
or flocks [1]. Spatial segregation among different microbial
species is a pervasive phenomenon observed across diverse
ecological contexts [2–5], yet the underlying factors and
mechanisms responsible for generating such spatial hetero-
geneity are multifaceted and remain incompletely understood.
Although it is well established that spatial patchiness can
emerge spontaneously from growth and demographic fluctu-
ations [6,7], comparatively less attention has been devoted to
the role of active motility mechanisms in driving such spatial
structuring. Indeed, a key aspect of bacterial adaptability is
their capacity to regulate motility in response to a variety of
external and internal signals. Mechanisms such as chemotaxis
[8], sensing of physical and chemical cues, and regulatory
networks, including intercellular communication systems like
quorum sensing (QS) [9], allow bacteria to modulate gene
expression and adjust their movement strategies accordingly.
In many species, signals from QS or other pathways can lead
to motility suppression, either through downregulation of flag-
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ellar genes or by promoting adhesive phenotypes that reduce
mobility [10,11]. Yet signaling can also enhance motility, for
instance, QS-dependent production of biosurfactants such as
surfactin in Bacillus subtilis [12] putisolvins in Pseudomonas
putida [13], and AHLs in Rhizobium etli [14] promotes
swarming, surface spreading, or dispersal from microcolonies.

This connection between motility regulation and collective
spatial organization has long been recognized in the field
of active matter physics since the seminal work by Tailleur
and Cates [15]. Here, they first demonstrated that run-and-
tumble particles with density-dependent velocities, motivated
exactly by quorum-sensing- or chemotaxislike regulation, can
spontaneously segregate into dense and dilute phases, thereby
introducing the concept of motility-induced phase separation
(MIPS) [16]. Although MIPS was also shown to emerge
from steric repulsion alone [17,18], more recently, Curatolo
et al. [19] provided the first explicit incorporation of quorum
sensing, showing both experimentally and theoretically that
QS-regulated motility in engineered E. coli populations drives
the formation of striking spatial patterns. Ridgway et al. [20]
also explicitly included QS and demonstrated that intracellular
feedback in QS-controlled motility can generate oscillatory
instabilities. Extensions to multispecies systems have further
enriched the picture: Dinelli et al. [21] showed that nonrecip-
rocal motility-regulating interactions control the emergence
of behaviors in two- and three-species systems, ranging from
equilibriumlike coexistence to nonequilibrium dynamical pat-
terns. Moreover, also Duan et al. [22] focused on two-species
models, providing a detailed linear stability analysis and
mapping out the conditions under which reciprocal and non-
reciprocal couplings lead to distinct spatial instabilities.
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While most theoretical studies have focused on simpli-
fied settings involving just few species, natural microbial
communities typically consist of hundreds or even thousands
of coexisting species that interact in complex and heteroge-
neous ways. Recently, Dinelli et al. [23] extended motility
models to ecosystems with many interacting species, show-
ing that both the strength and randomness of interspecies
interactions drive the fragmentation of large communities into
multiple coexisting clusters.

Here, we investigate how the phenomenology changes
when motility-regulating interactions are not random but
follow specific structures. With large-scale microscopic sim-
ulations, we find abrupt transitions from a well-mixed motile
phase to a regime dominated by large stationary clusters as
the density of motility-suppressing interactions increases, in
line with the MIPS literature. To gain intuition, we develop an
effective stochastic model in a simplified scenario involving
just two species that identifies nucleation, namely the for-
mation of stable clusters driven by fluctuations, as the key
mechanism underlying this transition. Remarkably, we show
that the same transition can arise solely from changes in the
topology of the motility-regulation matrix, even when species
abundances and the overall density of pairwise interactions
are held constant. In particular, modular and heterogeneous
matrices strongly promote spatial heterogeneity compared to
random or homogeneous ones.

II. RESULTS

A. Microscopic model

We developed a microscopic simulation in which bacteria
move according to run-and-tumble dynamics, consisting of
ballistic motion at constant speed interrupted by random reori-
entations in two dimensions (see details in Sec. IV). Inspired
by recent works [23,24], the velocity of each bacterium is
modeled through a sigmoidal response function that modu-
lates the local signals it receives from neighboring cells. The
sigmoid provides a biologically plausible, saturating, mono-
tone, and analytically tractable mapping from aggregated
local signals to velocity magnitude. Specifically, the velocity
of a particle i belonging to species S is given by

vi = v0

1 + exp
(− 1

k

∑N
S′=1 ASS′ φS′ (i)

) , i ∈ S, (1)

where v0 is a fixed maximum velocity and the interaction
matrix ASS′ specifies how species S′ influences the motility of
species S, with positive values promoting and negative values
suppressing movement. The local density φS′ (i) denotes the
concentration of species S′ around particle i, and is computed
by counting the number of particles of species S′ within a fixed
interaction radius R:

φS′ (i) = 1

πR2

∑
j∈S′

Mi j,

where Mi j = 1 if the Euclidean distance between particles
i and j is less than R, and Mi j = 0 otherwise. The param-
eter k sets the density range over which cells are sensitive
to motility regulation and it determines the steepness of the
motility response. We will usually consider the limit k → 0, in

which the sigmoidal response becomes sharp and effectively
switches between two states. In this regime, a global negative
signal from the surrounding environment almost completely
suppresses bacterial motility, while a slight global positive
signal will automatically accelerate the bacterium’s velocity
to v0. Larger values of k are considered in the Supplemental
Material [25].

B. Two species setting

To gain intuition about the outcomes of the motility model
above, we begin by analyzing a simplified case with only two
species, a and b. A particularly illustrative scenario arises
when bacteria of species a suppress each other’s motility
but experience enhanced motility in the presence of species
b. In the sharp sigmoidal limit (k → 0), this implies that a
bacterium of species a will cease its motion whenever the
local density of species a exceeds that of species b, and
will resume movement once this condition is no longer met.
This corresponds to setting the interaction matrix elements as
Aaa = −1 and Aab = +1. Moreover, we assume that bacteria
of species b always move at a fixed velocity v0; this can be
achieved setting Abb = Aba = +1, which results in a always
positive signal in a densely populated environment.

We are first interested in exploring how the number of
nonmotile a-type bacteria at the steady state of the dynam-
ics, hereafter denoted by nS

a (t∗), depends on the composition
of the system. These nonmotile bacteria are those that,
when the stopping criterion of our simulations is reached
(Sec. IV), exhibit small and negligible velocities. For the
simulations, we chose a scenario with n = 16 000 bacte-
ria in a 1 mm × 1 mm quasi2D field. This corresponds to
∼0.016 cells/µm2 (mean spacing ∼8 µm), i.e., a semidilute
areal density consistent with many microfluidic assays. The
interaction radius is set to R = 25 µm to represent an effective
chemotactic/hydrodynamic neighborhood, and the maximum
speed to v0 = 50 µm/s, typical for planktonic Bacillus subtilis
swimmers and a commonly cited reference value [26,27].
Figure 1(a) shows that, as the population of species a in-
creases relative to species b, the system exhibits an abrupt
transition at a critical ratio: It shifts from a well-mixed state,
where all a-type bacteria remain motile, to a phase in which
large, stationary clusters of species a emerge. Note that the
intermediate points in the critical region (in red) do not re-
flect partial stopping within individual simulations, but rather
indicate that the transition occurs only in a subset of simu-
lations, as shown in the inset of Fig. 1(a) for na/n = 0.23.
The discontinuity of this transition is also confirmed by the
presence of a pronounced hysteresis curve, which is detailed
in the Supplemental Material [25].

Fig. 1(b) displays the time evolution of the fraction of
motile bacteria in a representative simulation performed in
the critical region, showing how, after a transient phase, a
nucleus spontaneously forms and attracts the accumulation of
all bacteria. This phenomenology is observed across various
combinations of radii and velocities (see the Supplemental
Material [25]). These empirical observations of the temporal
dynamics for the number of nonmotile bacteria suggest that
the transition is driven by a stochastic nucleation process, a
mechanism widely recognized as the trigger for first-order
phase transitions in condensed matter and even in biological
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FIG. 1. (a) Mean fraction of a-type nonmotile bacteria at the end of the simulations (〈nS
a (t∗)/na〉) as a function of the fraction of

bacteria belonging to species “a” (na/n). Blue squares indicate the mean values from 100 runs of the microscopic simulation, with error
bars representing standard deviations. The orange line shows results obtained from the mean of 100 realizations of the theoretical stochastic
model simulated using the Gillespie algorithm. The “critical” region, where the transition may stochastically occur or not, is highlighted in
slight red. The inset shows the distribution of the results for each of the 100 simulations for na/n = 0.23. All the simulations here are performed
with a total number of bacteria n = 16 000, an interaction radius of R = 25 µm and a maximum velocity v0 = 50 µm/s. (b) Top: temporal
dynamics of the fraction of motile bacteria nS

a (t ) from a representative run of the microscopic simulation at na/n = 0.25. Bottom: graphical
representations of the system at three different time steps, highlighting the nucleation process. Bacteria of species “a” and “b” are depicted in
red and black, respectively.

systems as well [28]. Specifically, in the vicinity of the critical
region, the system exhibits a finite probability of sponta-
neously forming a stable, immobile cluster of species a. In
this context, “stable” indicates that the cluster has reached a
sufficiently high density such that the probability of bacteria
within it regaining the conditions necessary to resume motility
becomes very low. This localized cluster acts as a nucleation
seed, triggering the irreversible arrest of motility in nearby
particles and eventually propagating throughout the system.
The emergence of such nuclei is a rare event in the well-mixed
phase, but once formed, they grow by recruiting neighboring
particles, leading to the abrupt macroscopic transition.

To support this interpretation, we developed a coarse-
grained stochastic description that explicitly accounts for the
size and number of stationary clusters, along with their prob-
abilities to form, grow, or shrink. This type of effective,
mesoscopic description is commonly used in the study of
nucleation phenomena [29,30]. We consider the following
stochastic events: (i) motility loss, m → s: when a bacterium
transitions from the freely moving planktonic state to a non-
motile state; (ii) motility gain, s → m: when a stationary
bacterium fulfills the conditions to resume motion; (iii) clus-
ter growth, Ci + m → Ci+1: when a motile bacterium joins
a stationary cluster of size i, increasing its size to i + 1;
(iv) cluster fission, Ci → Ci−1 + m: when a stationary cluster
loses one of its bacteria, which then becomes motile again.
In these processes, Ci denotes a stationary cluster of size i
of bacteria of species a (for simplicity, we omit the species
index in the equations), and the notations m and s refer to
single motile or not motile bacteria, respectively, not currently
part of any cluster. The reaction rates associated with these
transitions, along with the corresponding master equation, are

derived in detail in Sec. IV. The orange curve in Fig. 1(a)
shows the results averaged over multiple stochastic realiza-
tions of the model generated using the Gillespie algorithm
[31]. These results closely reproduce the behavior observed
in the microscopic simulations, thus proving that the stochas-
tic mesoscopic description of the dynamics of clusters can
sucessfully capture the emergent phenomena from the micro-
scopic interactions.

C. Large communities

We now generalize our formalism to ecosystems with N >

2 distinct species considering that each element ASS′ of the
N × N interaction matrix encodes how species S′ influences
the motility of species S. This formalism permits the inclusion
of specific structural properties, depending on which model
is chosen to generate the matrix. To set a baseline scenario,
we start by assuming that motility-suppressing interactions
are randomly distributed, so that each species experiences, on
average, the same number of such interactions. This graph-
construction method, known as the Erdős-Rényi (ER) model
[32], produces an interaction matrix lacking inherent struc-
tural correlations (see Sec. IV for details). Specifically, for
a fixed number of motility-suppression interactions L−, we
choose randomly pairs of species S and S′ and set ASS′ = −1,
assuming that both species suppress each other’s motility.
Then, to simplify the framework, we defined its dual as repre-
senting motility enhancement, setting the remaining entries to
+1. This ensures that all interactions are exclusively suppres-
sive or enhancing.

Figure 2 shows that, under this configuration, simula-
tions with N = 100 different species display phenomenology

043210-3



MATTEI, PAÑOS, HALAPPANAVAR, AND ARENAS PHYSICAL REVIEW RESEARCH 7, 043210 (2025)

FIG. 2. Steady-state spatial configurations of n = 100 000 bacte-
ria partitioned into N = 100 different species, shown for two distinct
values of the number of motility suppression links. When the num-
ber of suppression links is insufficient, the system remains in a
fully motile, well-mixed phase. Upon reaching a critical value, the
system may undergo a transition to a stationary clustered state in
which all bacteria cease motion. Simulations are performed with
R = 10 µm and v0 = 50 µm/s within a two-dimensional box of size
[0, 1] mm × [0, 1] mm.

analogous to that observed in the two-species scenario,
characterized by a sharp transition between a well-mixed
motile phase and a stationary clustered phase, wherein bac-
teria of all species lose motility. Here, the control parameter
shifts from species abundances to the density of motility
suppression interactions, 2L−/(N (N + 1)), see Fig. 3. There-
fore, increasing the proportion of suppression links in
multispecies communities drives the system toward configu-
rations where nucleation events are more likely, consequently
promoting the emergence of the transition toward the non-
motile phase.

We then examined whether particular structures in the
interactions matrix could modulate the previously observed
behavior. In particular, we considered more heterogeneous
matrices, where a few species engage in many interactions
while the majority interact with only a few, as well as modular
matrices, where species are organized into distinct groups
with dense interactions within each group and sparse in-
teractions between groups. These structured patterns in the
interaction matrix are relevant because microbial systems fre-
quently exhibit either heterogeneity or modularity in their
interspecies interactions. In Fig. 3, we present a comparison
between homogeneous matrices generated by the ER model
and more heterogeneous ones produced using the Barabási-
Albert (BA) model [33]. The BA model generates graphs with
power-law degree distributions by iteratively adding nodes
according to a preferential attachment mechanism, whereby
nodes are more likely to connect to existing nodes with higher
degrees (see more details in Sec. IV). Figure 3 shows how,
in the case of heterogeneous interactions, the critical point
of the transition falls much earlier respect to the case of
homogeneous ones, highlighting a region (shadowed region
in Fig. 3) in which changing the structure of the interaction
matrix can lead to distinct asymptotic states (the motile, well-
mixed phase or the stationary clustered one), even under the
same global number of interactions. This earlier onset of the

FIG. 3. Mean fraction of nonmotile bacteria at equilibrium nS/n
as a function of the density of species-specific motility suppression
interactions 2L−/(N (N + 1)). The orange and the violet curves cor-
respond to a homogeneous interaction matrix generated by the ER
model and a heterogeneous one provided by the Barabási-Albert
(BA) model. Dots indicate averages over 100 independent micro-
scopic simulations, with error bars representing standard deviations.
Therefore, each data point corresponds to 100 different graph re-
alizations, all sharing the same mean number of interactions and
the same structural type under consideration (random or heteroge-
neous). The yellow region highlights the domain where the system’s
phase depends solely on the structure of the interactions matrix.
All simulations are performed within a two-dimensional box of
size [0, 1] mm × [0, 1] mm and with n = 100 000 bacteria, N = 100
species, R = 10 µm, and v0 = 50 µm/s.

transition can be attributed to hub species, those with many
motility-suppression interactions, which are more probable to
act as nucleation seeds and thereby trigger the transition (see
Sec. 2 of the Supplemental Material [25]).

To investigate the impact of modular structure in the in-
teraction matrix, we employed a simplified version of the
stochastic block model (SBM) [34]. Specifically, we as-
sume that species are partitioned into g distinct communities
or groups, with a probability pin of establishing motility-
suppressing interactions between species within the same
group, and a probability pout of connecting to species in other
groups. Configurations where pin 	 pout correspond to highly
modular interaction matrices, whereas the limit pin ≈ pout re-
covers a homogeneous one (more details in Sec. IV). In Fig. 4,
we set g = 4 and examine the fraction of bacteria that become
nonmotile at equilibrium in a range of pin and pout values
for the motility suppression matrix. Interestingly, our results
indicate that interactions matrix with pronounced modularity
facilitate the transition with substantially fewer suppression
interactions: increasing the density of intragroup interactions
while keeping the overall density of interaction constant al-
lows transition between the motile and the stationary cluster
phases. This likely reflects that partitioning species into well-
defined communities in the interaction matrix promotes the
compartmentalization and clustering of bacteria in space (see
Sec. 2 of the Supplemental Material [25]).

Taken together, both results show how the latter transition
is given not only by the overall density of motility-suppressing
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FIG. 4. Heatmap showing the average number of nonmotile
bacteria at equilibrium for modular motility suppression matrices
generated using an SBM. The x axis represents pin, the probability
of forming interactions within groups, while the y axis corresponds
to pout, the probability of establishing interactions between dif-
ferent groups. We set the number of species’ groups to g = 4.
White dashed lines denote curves of constant interactions density,
indicating configurations with identical numbers of interactions but
different combinations of pin and pout. The red dotted line represents
the scenario of fully homogeneous interactions, where pin = pout.
A step size of 0.02 was used for both pin and pout, and each grid
cell displays the mean value computed from 100 independent mi-
croscopic simulations.. All simulations were conducted within a
two-dimensional domain of size [0, 1] mm × [0, 1] mm, with n =
100 000 bacteria, N = 100 species, R = 10 µm, and v0 = 50 µm/s.

interactions but also depends on the underlying structure of
the interaction matrix.

III. DISCUSSION

In this study, we have shown that a minimal model in-
corporating local, species-specific modulation of motility can
robustly reproduce the patchy spatial structures commonly
observed in microbial communities. A key insight from our
analysis is the identification of nucleation as the fundamental
mechanism seeding the formation of such patterns, suggesting
its potential relevance in contexts such as biofilm development
[35–37]. Beyond this mechanistic aspect, we found that the
structure of the interaction matrix plays a decisive role: mod-
ular and heterogeneous topologies facilitate the emergence of
spatial organization far more effectively than random, unstruc-
tured ones. Several studies have underscored the importance
of chemotaxis and other directed movement behaviors in
reproducing specific microbial spatial patterns [38,39]. How-
ever, to our knowledge, only recent studies [23,40] have
directly investigated how species-specific interactions in mul-
tispecies systems can modulate bacterial motility, although
without addressing the specific structure of the underlying
interaction matrix. More similar in spirit to this work is the
study by Diego et al. [41], which specifically addresses the
role of network topology in the formation of spatial patterns,

although in the context of reaction-diffusion systems and Tur-
ing patterns rather than MIPS-like dynamics.

Our findings are especially meaningful because motility-
regulating interactions can serve as proxies for broader
ecological interactions. Indeed, it is reasonable to expect that
species favor spatial proximity when mutualistic or otherwise
cooperative interactions provide reciprocal benefits, and, con-
versely, competitors tend to segregate in space. A common
theoretical approach has been to model such general eco-
logical interactions with random matrices [42,43]. However,
a growing body of empirical and experimental work indi-
cates substantial structure: Co-occurrence analyses frequently
reveal heavy-tailed degree distributions and modular organi-
zation [44–46], and laboratory studies of resource competition
and metabolic crossfeeding likewise support modular inter-
action architectures in microbial communities [47,48]. These
observations are consistent with the findings of this work, as
we showed that structured interactions favor the emergence of
widespread spatial patterns.

We are aware of the multiple limitations of our theoretical
framework. Building coarse-grained descriptions for the vast
and complex world of the microbiome inevitably means leav-
ing many aspects behind. First, we described mechanisms that
regulate motility in bacteria through the production, diffusion,
and detection of small molecules, but we did not explicitly
include these detailed processes in the model. In our frame-
work, the neighbor count within radius R should be interpreted
as a proxy for the effective concentration of molecules per-
ceived by a cell after diffusion, decay, and uptake. This is,
of course, a strong abstraction, but considering that bacterial
interactions are often short ranged [49–51], combined with the
high densities used in our simulations (up to 100 000 cells in
the multispecies case), the additional “noise” from spatial dif-
fusion and signal detection is likely negligible for the purposes
of this study. We therefore believe that explicitly modeling the
biochemical processes would not change the qualitative nature
of our findings for the questions addressed here.

Another strong approximation is to represent the effect of
one species on the motility of another as a fixed entry in a
stationary interaction matrix. We are aware that, in reality,
these interactions are highly variable and context dependent.
However, our goal was not to provide a universal description
of all possible interaction modes, but rather to investigate what
happens once a particular set of interactions is established,
always considering the same scenario across simulations. In
addition, since we focus deliberately on shorter timescales, we
believe that the variability of interactions can be reasonably
relaxed and captured by fixed quantities.

Moreover, our model employs a two-dimensional approxi-
mation to systems that are intrinsically three dimensional [52].
While this simplification is appropriate for the early stages
of surface colonization, when cells remain confined to a thin
monolayer [53], future extensions to fully three-dimensional
geometries will be valuable for testing our predictions in more
realistic biofilm environments.

Finally, in the Supplemental Material [25] we showed that
the phenomenology we observe is not exclusive to the limit
k → 0, but remains robust also for larger values of k. In
this sense, we want to stress that considering a small k does
not unrealistically boost the efficiency of bacteria to uptake
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signaling molecules; instead, it simply reflects the assumption
that even a single emitting source cell can potentially generate
enough signal to induce a motility change up to the edge of
the sensing radius. From this perspective, a small k is not
necessarily coupled with a small R, since k only governs the
intracellular sharpness of the response.

In conclusion, the abrupt transition we have observed
represents a distinctive example of motility-induced phase
separation (MIPS). Unlike conventional MIPS, typically
driven by changes in global density or motility parameters, our
results demonstrate that similar phase transitions can emerge
solely through alterations in the structure of the interspecies
interactions matrix. These insights highlight the potential for
matrix topology itself to act as a critical determinant of large-
scale spatial organization in microbial ecosystems.

IV. METHODS

A. Coarse-grained stochastic model

We consider the simplified scenario described as the “two-
species setting” in the main text, consisting of two species, a
and b. Recall that bacteria belonging to species a can suppress
each other’s motility, potentially leading to the formation
of stationary clusters, whereas bacteria of species b remain
motile at a constant speed v0.

We describe mesoscopically the system of bacteria of
species a by the state vector

n(t ) = (n0(t ), n1(t ), n2(t ), . . . , nna (t )),

where n0 denotes the number of free motile bacteria and ni

(for 1 � i � nna ) denotes the number of clusters composed of
i nonmotile bacteria. Let P(n, t ) denote the probability that
the system occupies state n at time t . To define the stochastic
dynamics, we identify the possible transitions between differ-
ent states of the vector and their associated rates.

Motility loss (0 → 1). Consider a motile a-type bacterium
i. In the limit k → 0 of the sigmoid function defining the
velocity [Eq. (1)], bacteria of species a can suppress their
motility when the number of nearby bacteria of species a
exceeds that of the motility-enhancing bacteria of species b
within a neighborhood of radius R. In a well-mixed system,
the numbers of species a and b bacteria inside a circle of
radius R centered at the position of the bacterium i, denoted
by nR

a (i) and nR
b (i), respectively, are Poisson distributed with

means λa = πR2na and λb = πR2nb. For the sake of clarity,
from then on, we will omit the notation (i).

For the bacterium i to transition from a motile to a non-
motile state during a time step �t , it must experience a
change from nR

a (t ) � nR
b (t ) to nR

a (t + �t ) > nR
b (t + �t ). Such

a transition can occur either through the entry of additional
species a bacteria into the neighborhood or through the exit
of species b bacteria from the same region. If we consider
sufficiently small time steps, it is sufficient to account only
for events involving the entry of a single bacterium of species
a into the neighborhood or the exit of a single bacterium
of species b. Under these conditions, the relevant transition
corresponds to a change from nR

a (t ) = nR
b (t ) to nR

a (t + �t ) =
nR

b (t + �t ) + 1.
The probability that a bacterium of species a enters the

neighborhood of the bacterium i during the time interval �t

can be expressed as the product of two factors. First, the prob-
ability that another motile bacterium of species a is located
within the annular shell [R, R + v0�t] at time t , and second,
the probability that it moves inward across the boundary into
the region of radius R around i. The probability of finding a
motile bacterium of species a within the shell is given by the
product of the density n0/A and the shell’s area, which is

π (R + v0�t )2 − πR2 ≈ 2πRv0�t + o(�t2).

Given the smallness of v0�t , the probability that the bac-
terium moves inward across the area can be taken as 1/2, as
the annular shell is restricted to the circle perimeter. There-
fore, the overall probability for the entry of a single motile
species a bacterium into the neighborhood during �t is

Pa
entry ≈ n0πRv0�t,

where we recalled that A = 1. For a bacterium of species b,
the probability of either entering or exiting the neighborhood
during a time interval �t is also given by

Pb
entry = Pb

exit ≈ nbπRv0�t,

since these bacteria move continuously at a constant speed v0

in random directions, so that the in- and out-fluxes are the
same.

The combined probability of either a species a bacterium
entering the neighborhood or a species b bacterium exiting it
must be multiplied by the probability that, at time t , the local
populations satisfy nR

a (t ) = nR
b (t ). This probability is given by

P
(
nR

a = nR
b , t

) =
na∑

nR
a (t )=1

P
(
nR

a (t )
) P

(
nR

b (t ) = nR
a (t )

)
P
(
nR

b (t ) � nR
a (t )

) ,

where P(nR
a (t )) and P(nR

b (t )) are the Poisson’s distributions
for the local populations of a-type and b-type bacteria. The
division by P(nR

b (t ) � nR
a (t )) arises because nR

b (t ) must be at
least equal to nR

a (t ), otherwise, bacterium i would already have
transitioned to a nonmotile state. Substituting the Poisson’s
distributions, we obtain

P
(
nR

a = nR
b , t

) =
na∑

nR
a (t )=1

∑
nR

b �nR
a

e−λa λ
nR

a
a λ

nR
a −nR

b
b nR

b !(
nR

a !
)2 ,

where, for clarity, the time argument has been omitted in the
right term of the equation. Finally, the total rate W0→1 for unit
of time at which free bacteria of species a lose motility is just
given by

W0→1 = n0

�t

(
P
(
nR

a = nR
b

) (
Pa

entry + Pb
exit

))
= n0πRv0

(
P
(
nR

a = nR
b

) (
n0 + nb

))
. (2)

Motility gain (1 → 0). The derivation of the motility gain
rate follows a similar procedure as in the previous section.
Here, the relevant transition during a sufficiently small time
step is the change from nR

a (t ) = nR
b (t ) + 1 to nR

a (t + �t ) =
nR

b (t + �t ). This transition can occur either through the entry
of a bacterium of species b into the circle of radius R surround-
ing the considered nonmotile bacterium i or through the exit
of a free bacterium of species a from that region. Therefore,
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we consider the probability

P
(
nR

a = nR
b + 1, t

) =
na∑

nR
a (t )=1

P
(
nR

a (t )
)P

(
nR

b (t ) = nR
a (t ) − 1

)
P
(
nR

b (t ) < nR
a (t )

) ,

where the denominator serves as a normalization factor be-
cause, at time t , it must hold that nR

b (t ) < nR
a (t ) for bacterium

i to remain in a nonmotile state. The total transition rate W1→0,
representing the probability per unit time that nonmotile bac-
teria of species a regain motility, is then given by

W1→0 = n1

�t

(
P
(
nR

a = nR
b + 1

) (
Pb

entry + Pa
exit

))
= n1πRv0

(
P
(
nR

a = nR
b + 1

) (
n0 + nb

))
. (3)

Cluster growth (Ci → Ci+1). We assume that each bac-
terium occupies a circular area with diameter d , representing
its physical size and that clusters are perfect circles with
radius RC . Thus, the total area occupied by i bacteria is given
by A(i) = iπd2/4. If i nonmotile bacteria of species a are
arranged in an optimal hexagonal close packing, the cluster
can be approximated by a single circular region with effective
area ACi = A(i)/η, where η = π/(2

√
3) denotes the packing

efficiency of hexagonal close packing. The corresponding

cluster radius is therefore RCi = d
√

i
√

3/2π . For a cluster
to grow, a motile bacterium of species a must collide with
the interaction zone surrounding the cluster. This interaction
area has a radius R + RCi , yielding a total cross-sectional area
of π (R + RCi )

2. As before, we consider small time steps �t
and assume only one collision event per interval. The relevant
shell region is defined by [R + RCi , R + RCi + v0�t], whose
area is approximately 2πv0�t (R + RCi ) + o(�t2). Assuming
that the probability for a bacterium in this shell to move
inward is again 1/2, the probability that a motile bacterium of
species a enters the interaction region during �t is given by
Pa

entry = n0πv0(R + RCi )�t . The corresponding total cluster
growth rate per unit time, WCi→Ci+1 , for clusters of size i is
therefore

WCi→Ci+1 = ni n0 πv0
(
R + RCi

)

= ni n0 πv0

(
R + d

√
i
√

3

2π

)
. (4)

Cluster fission (Ci → Ci−1). Clusters can subsequently
lose bacteria due to collisions with b-type bacteria. Consider a
bacterium situated at the perimeter of a cluster with radius
RCi . If RCi � R/2, this bacterium interacts with the entire
cluster, otherwise, it interacts only with a fraction α of it. To
compute α, we calculate the area of intersection between the
circular interaction zone of radius R centered on the edge bac-
terium and the cluster area ACi . This intersection area is given
by [54]

A∩ = R2
Ci

cos−1

(
1 − R2

2RCi

)
+ R2 cos−1

(
R

2RCi

)

− 1

2
R
√

4R2
Ci

− R2,

so that we approximate α = A∩/ACi , when RCi > R/2, oth-
erwise α = 1. Thus, a bacterium at the cluster boundary
experiences a local number of suppression interactions nR

a =

αi + nR,o
a , where nR,o

a represents interactions with other motile
a-type bacteria located outside the cluster. Consider the case
where, at time t , the condition nR

B(t ) = nR
a (t ) − 1 = αi +

nR,o
a − 1 holds. If a b-type bacterium collides with the area

of radius RCi + R, or if a free a-type bacterium exits the
shell defined by [RCi , RCi + R], the bacterium at the boundary
can regain motility. Using a reasoning analogous to previous
derivations, the total rate at which clusters of size i lose bac-
teria is given by

Wi→i−1 = niπv0
(
RCi + R

) ∑
nR,o

a

P
(
nR,o

a

)

× P
(
nR

B = nR,o
a + αi − 1

)
P
(
nR

B < nR,o
a + αi

) (n0 + nB), (5)

where nR,o
a is assumed to be Poisson-distributed, exactly as nR

a .
Master equation. The time evolution of P(n, t ) can be

described by

d

dt
P(n, t ) =

∑
r

[Wr (n − �nr ) P(n − �nr, t )

− Wr (n) P(n, t )], (6)

where r ∈ {0 → 1, 1 → 0, Ci → Ci±1}, with corresponding
updates to n. This stochastic dynamics is solved via the
Gillespie algorithm, yielding trajectories that match the mi-
croscopic simulations (Fig. 1 and the Supplemental Material
[25]).

B. Network models

To explore how different interactions matrix structures
affect the phenomenology of the motility model, we gener-
ated interaction matrices using three standard models from
network theory: ER, BA, and SBM. Each model introduces
distinct structural properties, allowing us to disentangle the
role of randomness, heterogeneity, and modularity in shaping
community-level outcomes.

Erdős-Rényi (ER). The ER model [32] is the simplest
random graph construction. In its classical version, given N
nodes, each of the N (N+1)

2 possible edges, including pairs of
nodes and self-loops, is independently included with proba-
bility p. This leads to an expected number of links given by
〈L−〉 = p N (N + 1)/2. In our case, we consider a prescribed
connectivity of 2L−/(N (N + 1)) motility-suppressing inter-
actions, we randomly sample pairs of species S and S′ and
set the corresponding entry to 1. We repeat this process until
L− links are established.

Barabási-Albert (BA). The BA model [33] introduces
heterogeneity by generating scale-free networks through pref-
erential attachment. We initialize from a seed graph G0 with
N0 nodes and L0 edges (in our case, the largest connected
component of an ER graph with 30 nodes and connection
probability p = 0.2). Nodes are then added sequentially until
reaching the target size N . Each added node introduces exactly
m edges, which connect to existing nodes with probability
proportional to their degree. Specifically, the probability that
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an edge attaches to node i is given by

�(i) = ki∑
j k j

,

where ki is the degree of node i at the time of attachment.
The expected total number of edges at the end of the

construction is

〈L−〉 = 1
2 p N0(N0 − 1) + m (N − N0).

After fixing this target, we adjusted the parameter m to gener-
ate networks with the desired connectivity. This construction
produces heterogeneous interaction matrices, where a few hub
species acquire very high degree, while most species remain
sparsely connected. In the standard BA model, the resulting
degree distribution follows a power law

P(k) ∼ k−γ , γ 
 3.

As the last step, we add each of the N possible self-loops with
a probability pself = 2〈L−〉/[N (N − 1)].

Stochastic Block Model (SBM). The SBM [34] provides a
flexible framework to encode modular structure. We partition
the N species into g groups of equal size ng = N/g. In our
simulations, we have considered g = 4 groups with ng = 25
species. In its most general form, the model is defined by a full
g × g matrix of edge probabilities specifying the likelihood of
interactions between each pair of groups. Here, we consid-
ered a simplified but widely used version in which only two
probabilities are introduced: pin for within-group interactions
and pout for between-group interactions. The expected total
number of edges is then

L− = 1
2

[
pin ng(ng − 1)g + pout g(g − 1)n2

g

]
, (7)

so that we can obtain networks with different link densities
varying only pin and pout. When pin ∼ pout, the algorithm
generates graphs equivalent to the Erdős-Rényi case, while for
pin 	 pout it produces strongly modular structures.

All three algorithms produce adjacency matrices with en-
tries equal to either 0 or 1. To connect this representation to
our motility framework, we mapped the values as follows:
Entries equal to 1 were replaced by −1 to denote motility-
suppressing links, while entries equal to 0 were replaced by
+1 to represent motility-enhancing interactions.

C. Simulation details

All simulations, both the microscopic and the Gillespie-
based ones, incorporate a stopping criterion: the coefficient
of variation of the number of nonmotile bacteria must fall
below 0.001 over the last 500 time steps. If this condition
is not satisfied, the simulation is terminated after a total of
5000 time steps. When we refer to the number of bacteria
that stop their motion, we are actually counting bacteria with
velocity dropped below 10−5 µm/s, as the sigmoid function
never really touches exactly zero.

The microscopic simulation scripts are implemented in
C++. To efficiently compute the number of interacting

bacteria, the algorithm constructs a data structure known
as a random geometric graph [55], which is updated in
parallel at each time step. The parallelization leverages spa-
tial discretization, dividing the domain into squares of side
length R. To identify potential neighbors, each bacterium only
checks distances to others located within its own cell and the
surrounding eight neighboring cells. To avoid introducing cor-
relations in bacterial trajectories, tumbling times t—the times
at which bacteria change their movement direction—are sam-
pled from an exponential distribution given by p(t ) = e−t/τ0

with τ0 = 1. At each simulation time step, the number of
neighbors for each bacterium is first computed, which deter-
mines its instantaneous velocity vi. A fully random movement
direction is then selected. If the next tumbling event is pre-
dicted to occur within the current time interval [t, t + �t], the
bacterium moves up to that tumbling time, after which another
direction is sampled. This process repeats until the full time
step �t is completed.
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