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Optimal Control of Information Diffusion in Robot Swarms via a
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Abstract— Efficient information diffusion is critical for coor-
dination in large-scale robot swarms operating under dynamic
communication topologies and limited energy resources. This
paper studies diffusion control by modeling information propa-
gation as a node-level susceptible-infected-recovered (SIR) pro-
cess and formulating a finite-horizon optimal control problem
that jointly regulates transmission intensity and robot mobility
policies. We first derive a spectral diffusion condition with a
time window that characterizes when information spreading
is sustained in time-varying networks, and establish input-to-
state stability (ISS) bounds that reveal a fundamental trade-
off between diffusion speed and robustness. These theoreti-
cal insights motivate a theory-guided multi-robot reinforce-
ment learning framework termed SIR-informed multi-agent
proximal policy optimization (SIR-MAPPO). The framework
adopts centralized training with decentralized execution and
embeds feasibility projections, Lyapunov-informed critics, and
hybrid model-based/model-free gradients to enforce stability
and bandwidth constraints during learning. Convergence and
stability of the learning dynamics are established analytically.
Simulations of large-scale robot swarms demonstrate that the
proposed approach achieves faster information diffusion and
lower communication energy than representative baselines.

Index Terms— Robot swarms, information diffusion, epi-
demic dynamics, optimal control, reinforcement learning.

I. INTRODUCTION

Robot swarms (RSs) consist of large groups of decen-
tralized mobile robots that collaboratively accomplish tasks
beyond the capability of any single robot [1]. They are
widely applied in disaster response [2] and large-scale explo-
ration [3], where timely and reliable information sharing is
critical. Effective coordination relies on information dissemi-
nation, referred to here as diffusion, since its speed and cov-
erage directly influence collective awareness and decision-
making [4]-[6]. An effective diffusion strategy must achieve
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wide coverage with limited energy consumption, minimize

redundant transmissions, and remain robust under mobility-

induced topology changes and strict bandwidth constraints.

Classical diffusion protocols such as broadcasting [7],
gossiping, and flooding [8] attempt to balance coverage
and energy efficiency, yet they often suffer from excessive
redundancy and vulnerability to network disruptions in large-
scale mobile swarms. Epidemic models, particularly the
Susceptible-Infected—Recovered (SIR) framework, provide
a structured perspective for analyzing diffusion dynamics.
By regulating transmission intensity over time, the SIR
model enables a principled trade-off between coverage speed
and energy expenditure and supports systematic interven-
tion mechanisms. However, most existing epidemic-based
approaches rely on mean-field approximations or centralized
coordination, which are difficult to apply to decentralized
robotic networks with time-varying communication graphs.
Although the co-design problem can be formulated as an
optimal control task [9], classical approaches such as dy-
namic programming and model predictive control become
computationally prohibitive for large swarms with nonlinear
epidemic dynamics and evolving communication topolo-
gies [10]. Moreover, gradient-based distributed optimization
methods typically rely on linearization and fail to capture
the strongly nonlinear and stochastic nature of node-level
diffusion processes [11]. These limitations motivate the inte-
gration of control-theoretic analysis with scalable learning-
based coordination mechanisms.

To address these challenges, we integrate control theory
with reinforcement learning to optimize information diffu-
sion in robot swarms. Unlike existing mean-field adapta-
tions [12], we model the diffusion process at the node level.
By formulating it as a discrete-time optimal control problem,
we jointly regulate transmission intensity and robot mobil-
ity to balance coverage, energy, redundancy, and mobility
costs. Building upon these analytical insights, we design a
constrained, decentralized learning approach that effectively
embeds system stability into policy optimization. The main
contributions of this paper are summarized as follows:

o We establish a control-theoretic characterization of infor-
mation diffusion in robot swarms by deriving a windowed
spectral diffusion condition and ISS bounds for node-level
SIR dynamics over time-varying communication graphs.

e We propose a theory-guided multi-robot reinforcement
learning framework (SIR-MAPPO) that integrates feasi-
bility projection, Lyapunov-informed critics, and hybrid
model-based/model-free gradients to enable stable and
scalable decentralized diffusion control.
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« We provide convergence analysis and stability perfor-
mance guarantees for the closed-loop system, showing
the proposed framework achieves efficient diffusion while
maintaining bounded stability.

The remainder of this paper is organized as follows.
Section II details the system model and formally defines the
problem. Section III presents the control-theoretic analysis,
the design of the SIR-MAPPO framework, and the associated
theoretical guarantees. Section IV presents the simulation
results, and Section V concludes the paper.

II. PRELIMINARIES AND PROBLEM FORMULATION
A. Robot Swarm Communication Network

Consider N robots in R? with discrete-time dynamics:
where z;(k) € R? denotes the position of robot i at time
k, and u;(k) € R? is the control input satisfying ||u; (k)| <
Umax-

At each time step k, the robots form a time-varying
directed graph G(k) = (V,E(k)), which represents the
underlying communication network. Here V' = {1,..., N}
denotes the set of robots and E'(k) represents the set of links.
A directed edge (i,j) € E(k) indicates that robot ¢ can
successfully transmit information to robot j, which occurs
if 7 is within ¢’s communication range. The connectivity
of the graph is described by the adjacency matrix A(k) =
[a;; ()], where a;;(k) € [0,1] quantifies the reliability of
the link from robot ¢ to robot j. To facilitate the analysis
of information diffusion over the time-varying network, the
following assumptions are introduced.

Assumption 1: There exists an integer 7' > 0 such that
for every k > 0 the union graph Uf;”kT G(t) is connected.

Assumption 2: There exists a fixed positive constant
L4 > 0 such that for all time steps k& > 0, the time-varying
adjacency matrix A(k) satisfies the 2-norm bound:

[A(K)|]2 < La. 2)
B. Node-Level SIR Dynamics

To model the evolution of information states over the
network, we associate each robot with a node-level discrete-
time SIR diffusion process. At time step k, robot ¢ has three
normalized state probabilities S;(k), I;(k), R;(k) € [0,1],
corresponding to the susceptible (uninformed), infected (in-
formed and actively transmitting), and recovered (informed
but inactive) states, respectively, and satisfying:

Silk) + (k) + R(k) = 1. 3)

The discrete-time state transition dynamics are given by:
Si(k +1) = Si(k)pi(k), “)
Li(k+1) = (1 = p) (k) + Si(k)(1 — pi(k)), (5
Ri(k+1) = Ri(k) + pli(k), (6)

where p; (k) = [T, (18, (k)azi (k) I; (k). u € (0,1) is the
recovery probablllty, Bj(k) € [0, Bmax] is the transmission
rate assigned to robot j at time k, and Bpax > 0 is the
maximum per-robot transmission intensity.

C. Problem Statement

The objective of the robot network is to disseminate infor-
mation efficiently while avoiding excessive communication
overhead. To quantify this objective, we introduce a cost
function composed of four terms: coverage deficiency (7),
communication energy (8), redundancy (9), and mobility
penalty (10).

N
= Z k) + Ri(k), ()
ZI
ZZBJ Jaji(k

_]111

Zam”uz H2

In the above, a1 and ay weight the linear and quadratic
communication power terms, capturing circuit and transmis-
sion power consumption, respectively, while a.,, reflects the
mobility—energy conversion coefficient. The overall cost is:
Uk) = w.C(k) + weEn (k) + wpRa(k) + wim Mo (k), (11)
where w,, we, w,,w,, > 0 are design weights balancing
coverage, energy, redundancy, and mobility. Based on the
above diffusion dynamics and cost formulation, the control
objective of this paper is to design control policies for the
robots that minimize the cumulative cost over the network.
Problem 1 (Optimal diffusion control): Given the robot
motion dynamics and the SIR diffusion model, design trans-
mission intensity policies {3;(k)} and mobility control in-
puts {u;(k)} that minimize the expected finite-horizon cost:

T
min J=E Fok) |,
{85 (k) } {ui (k)} LZ_OW ( )]

S.t. Hm(k)“ < Umax, vZ7 k

0 S /Bj(k) S ﬂmam VJ, k
where 7 € (0,1) is the discount factor.

) + azf;(k)?), (8)
Ii(k)(Li(k) + Ri(K)), (9)

(10)

12)

III. THEORY-GUIDED SIR-MAPPO FRAMEWORK

This section presents the proposed control and learning
framework for multi-robot information diffusion. We first
analyze the control-theoretic properties of the node-level
SIR dynamics and derive conditions that characterize sta-
ble diffusion behaviors over the communication network.
Based on these insights, we develop a centralized-training
decentralized-execution (CTDE) reinforcement learning ar-
chitecture that enables distributed policy learning for in-
dividual robots. Finally, learning-theoretic guarantees are
established to justify the stability and convergence properties
of the proposed framework.

A. Control-Theoretic Analysis

1) Diffusion Threshold and Speed Characterization: For
small infection probabilities I;(k), expand (5) to first order.
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Let I(k) = [I1(k), ..., In(k)]T, and let ZVV denote the N x
N identity matrix. Using S;(k) ~ 1 since I;(k), R;(k) < 1
in the initial infection stage, we obtain:

I(k+1)~ (1 —wIk)+ Ak BE)I(E)  (13)
where B(k) = diag(B1(k),...,Bn(k)). Let M (k) = (1 —
wWIN + A(k) " B(k), under the small-infection approxima-
tion, the dynamics can be written as the switched linear
system I(k + 1) = M (k)I(k).

To analyze the evolution of information propagation over
multiple time steps in the time-varying network, we introduce
the multi-step transition matrix. Let the T-step transition
matrix be:

Sk+T,k)=ME+T—-1)---M(k). (14)
The matrix ®(k + T, k) characterizes the cumulative effect
of the time-varying diffusion dynamics over the interval
[k, k + T). To establish conditions under which information
diffusion can be effectively sustained or suppressed, we
introduce the following assumptions on the communication
network and diffusion parameters.

Assumption 3: Since a;;(k) > 0 and 5;(k) > 0, it follows
that M (k) and ®(k + T, k) are nonnegative, with diagonal
entries 1 — o > 0.

Theorem 1: Suppose Assumptions 1-3 hold. If spectral
radius p(®(k + T,k)) > 1, then any sufficiently small
nonzero I(k) > 0 is amplified over the horizon T and spreads
through the swarm due to joint connectivity. Moreover, the
controllable diffusion speed over horizon 7' can be charac-
terized as:

v(k) = %logp(@(k—l—T,k)). (15)

Proof: Nonnegativity of M (k) implies that ®(k+T, k)

is a nonnegative matrix. Since M (k) has positive diagonal

entries, joint connectivity of the communication graph over

the interval [k, k+T') ensures that the product matrix ®(k+
T, k) is irreducible.

By the Perron-Frobenius theorem for nonnegative irre-
ducible matrices, ®(k + T, k) has a simple dominant eigen-
value p(®(k+1T, k)) > 0 with an associated strictly positive
eigenvector v > 0. Using the Perron decomposition, the
powers of the matrix satisfy:

O(k+T, k)" ~ p(®(k+T,k))vb", (16)
where b is the corresponding left eigenvector. Thus:
I(k +¢T) ~ p(®(k + T, k) (0, 1(k))v.  (17)

If p(®(k+T,k)) > 1, the dominant mode grows exponen-
tially, and since v > 0, the infection spreads to all nodes.
The speed characterization follows directly from (15). [ ]

Theorem 1 provides a windowed spectral condition
for guaranteed spreading: diffusion is sustained whenever
p(®(k + T,k)) > 1 over some horizon T. Practically,
this condition can be promoted by (i) increasing selected
transmission intensities 5;(k) during favorable connectivity
periods, and (ii) exploiting mobility patterns enhancing tem-
poral connectivity. Since p(®(k+ T, k)) increases monoton-
ically with each (k) for nonnegative M (k), the spreading
condition is equivalent to the existence of a critical threshold

Bmin such that diffusion occurs whenever 3;(k) > Bmin.

2) Lyapunov Stability and ISS Robustness: To analyze the
stability of the diffusion dynamics under nonlinear infection
effects and topology perturbations, we consider the quadratic
Lyapunov function:

V(I(k)) = I(k)" PI(k), (18)
where P = 0. And let Apin(P) and Apax(P) denote the
minimum and maximum eigenvalues of P, respectively.

If the system evolved according to the nominal linear
model, the Lyapunov function would satisfy V(I(k + 1)) =
I(k)T M (k)T PM(k)I(k). However, the true dynamics devi-
ate from this ideal evolution due to nonlinear infection effects
and perturbations in the interaction matrix. To quantify these
deviations, we define the residual terms:

An(k) =V (I(k+1)) —I(k) " M(k)" PM(k)I(k), (19)
A (k)=1(k) (M (k) "PM (k)Mo (k) 'PMo(K))L(k), (20)
with My (k) being the unperturbed version of M (k). There-
fore, the one-step drift of the full nonlinear dynamics can be
decomposed as:
AV (k) =1(k) (M (k)" PM(k) — P)I(k)
+ Aui(k) + Aa(k).
To establish stability guarantees, we impose boundedness
conditions on the residual terms introduced above.
Assumption 4: Assume there exist constants Ly, Lo, 6 > 0
such that |Ay (k)| < Lyi||[I(k)||? and |A4 (k)] < Lad.
Theorem 2: Suppose Assumptions 2—4 hold. If there exist
P > 0 and some constant x > 0 such that:

2y

M(k)TPM(k) — P < —\IV, (22)
with x > Ly, then:
IR < heno) + 22— @3
x— I
where h = 71’:"‘;‘((5)) and A = 1log(1 + 7:;?(})))'
Proof: Combining (21) and (22) yields:
AV (k) < =(x = L1)|[L(K)|* + Loo. (24)
Using the eigenvalue bounds:
Amin (P)[T(R)[1? < V(I(K)) < Amax(P)L(K)[1?,  (25)
we obtain:
— L
VAk+1) < (1— X\ V(A(k)) + Les. (26)

Aenee (P)
Applying the discrete Gronwall inequality yields (23). ™

The steady-state term L26d/(x — L1) quantifies robustness
degradation under disturbances. A larger y accelerates con-
vergence but restricts the admissible transmission intensity.
Since x decreases monotonically as (;(k) increases, there
exists a maximum admissible bound [, such that stability
is preserved if 5;(k) < Bmax for all robots.

Theorem 1 and Theorem 2 establish a fundamental design
region: transmission intensities must exceed the diffusion
threshold while remaining within the ISS-stable regime.

B. SIR-MAPPO Framework

1) Constraint-Embedded Actor—Critic Architecture: The
actor operates under a CTDE paradigm. During training,
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global information can be used to update the policy parame-
ters. During execution, however, each robot has access only
to local observations (27).

Ol(k) = [Ii(k>7 Si(k>7 Ri(k>7 ul(k)’ Nl(k>7 ri(k)], (27)

where N;(k) = {j | aji(k) > 0} denotes the neighbor
set of robot ¢ from the communication graph G(k), and
ri(k) = |Ni(k)| ™" > jen: (k) @5i(k)1;(k) denotes the aver-
age received infection rate.

The actor is implemented as a function approximator that
maps o;(k) to an unconstrained base output 5; pase(k) =
fo(oi(k)) € [0,1], where fy(-) denotes the neural policy
parameterized by 6. To enforce diffusion and stability con-
straints, the base output is first rescaled to the admissible
interval [Bmin, Bmax):

Bi,scaled(k) = ﬁmin + (ﬂmax - ﬁn1in)ﬁi,base(k)~ (28)

The transmission rates are then normalized to satisfy the
global bandwidth constraint:

Wmax
i(k) = Bi k)———— o, (29)
/6 ( ) B ,scaled( )maX(W(k),C)
where Wy,.x denotes maximum total bandwidth,

W (k) denotes an estimate of the aggregate bandwidth
Z;\[:l Bjscated(k), and ¢ > 0 avoids division by zero.
This projection ensures that all executed actions remain
physically admissible and consistent with the ISS condition.

Under centralized training, a critic value network V5 (s(k))
parameterized by ¢ that evaluates an augmented global state
s(k) = [o1(k),...,on (k)] constructed by concatenating the
observations of all robots. To improve value estimation, the
critic observes global diffusion metrics, including AC (k) =
C(k—1)—C(k), which reflects the instantaneous reduction
of infection level. These signals are used during training
to compute value estimates and advantages. These global
metrics are not available to the actors, ensuring fully decen-
tralized execution. The critic is initialized using a Lyapunov
function (18). This aligns early value estimates with stability
requirements and accelerates convergence.

2) Training Loss Functions: The critic minimizes a
temporal-difference (TD) loss augmented with a Lyapunov-
based penalty:

Ly = Ep|(Vi(s(k)) — (k) +Vs(s(k +1))))*
+ Av max(0, Vi (s(k)) — I(k) " PI(k))]  (30)
where D is the replay buffer, v denotes the discount factor,
and Ay weights the stability penalty.

The actor is trained with a clipped PPO objective com-
bined with a bandwidth violation penalty:

Ly = Ep[min(rirans(0)A”, clip(rirans(6), 1 — €, 1+ €).A™)
N
— Aw max(0,> " B;(k) — Winax)] 31)
j=1
where T4ans(f) is the policy ratio, A™ is the advantage
estimate under the current policy 7, clip(-) denotes the
standard clipping operator used in PPO, e the PPO clipping
parameter, and Ay weights the bandwidth penalty.
To reduce the variance of model-free (MF) gradients, we

fuse MF and model-based (MB) gradients derived from the
SIR dynamics:

Vo, Jnyoria = (1 = 1)V, Imr + 1V, Jus, (32)
where 6; denotes the policy parameters associated with robot
1, Jnybria 1s the hybrid objective optimized during training,
Jmr denotes the model-free reinforcement learning objective,
Jup represents the model-based objective derived from the
diffusion dynamics, and 7 € [0, 1] balances the contributions
of the two terms. This hybrid estimator reduces variance
relative to pure MF updates while preserving unbiasedness,
thereby improving training stability.

3) Dynamic Weight Adaptation for Speed—Stability Trade-
off: To incorporate the stability—speed tradeoff, the stage-
cost weights in (11) are adapted based on the instantaneous
diffusion rate AC(k). The weights are adjusted according
to the diffusion phase, with a high w,. in the early stage
to accelerate infection reduction, balanced weighting in the
middle stage, and a reduced w, in the late stage to emphasize
energy efficiency and stability. The overall training procedure
is summarized in Algorithm 1.

Algorithm 1 SIR-MAPPO

1: Initialize: Actor 6, Critic ¢ (with Riccati/Lyapunov matrix P > 0),
Buffer D.
2: for episode = 1 to MaxEpisodes do

3 Reset environment; initialize epidemic states S(0), 1(0), R(0).

4: for step k =0to T — 1 do

5: [Decentralized Execution]

6 Each robot computes 3; pase (k) via 6, projects to [Bmin, Bmax],
and scales to satisfy Wmax.

7: Execute {3;(k), ui(k)}; observe £(k), C(k), and next state.

8: Compute AC(k) = C(k — 1) — C(k); adapt weights
(Wey, We, Wr, W) via AC(k).

9: Store transition in D.

10: end for

11: [Centralized Training]

12: Compute advantages A™ using Critic V.

13: Update Critic ¢ by minimizing TD loss + Lyapunov penalty L.

14:  Estimate hybrid gradient VJyypria = (1 — 7)VJImr + 7V JuB-

15:  Update Actor 6 using PPO objective Ly with the hybrid gradient
estimate.

16: end for

C. Learning-Theoretic Guarantees for Closed-Loop Control

1) Convergence of MAPPO for Diffusion Control: We
analyze convergence under standard two-timescale stochastic
approximation. Let {oy} and {c7,} denote the actor and critic
learning rates. To ensure convergence of the coupled updates,
we impose the following assumptions.

Assumption 5: The learning rates satisfy:

e} [es] Jt
t t\2 ¢
Oy = 00 0p)° <00, — —0
Z 2 ’ Z( 0) ) Ug )
t=0 t=0
ensuring faster critic convergence and sufficient exploration.
Assumption 6: For each time step k, for any two feasible

transmission-rate vectors 3, (k), B35(k) € [0, Bmax)Y, the
infection state I(k + 1) satisfies:

[L(k+1:8: (k) A(k+1:85 (k)| < L[| B, (k)-8 (K)[], (34)
Here I(k 4 1;83(k)) denotes the infection state generated

by the diffusion dynamics under the transmission-rate vector
B(k), where B(k) = [B1(k),...,Bn(k)]T. Lg > 0 denotes

(33)
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the Lipschitz constant with respect to 3 = [8(0), ..., 8(T —
1)]T, which depends on (. and the bounded adjacency
matrix A(k).

Let J(0) denote the expected discounted cumulative cost
induced by the policy 7y under the closed-loop diffusion
dynamics, as defined in Problem 1.

Theorem 3: Under Assumptions 1, 5, and 6, SIR-MAPPO
ensures that §° — 6* almost surely as ¢ — oo, where 6 is a
stationary point of .J(6). Moreover, under the limiting policy
mg+, the closed-loop diffusion metric satisfies |C?" (k) —
C*| — 0 almost surely as k — oo, where C?" (k) denotes
the diffusion metric at time %k under the policy my+, and C*
denotes its limiting equilibrium value.

Proof: a) Critic convergence: Lyapunov-informed ini-
tialization and bounded TD error ensure Vi:(s) — V7" (s)
almost surely. b) Actor convergence: Actor gradients are un-
biased under the converged critic; Robbins—Monro stochastic
approximation ensures 9 — #* almost surely. c) Diffusion
metric convergence: By Assumption 6, ,Bet(k:) - 8% (k)
implies 1% (k) — 1°" (k). Since C(k) is continuous in I(k),
it follows that C?" (k) — C* almost surely. ]

2) Gradient Variance and ISS Robustness Enlargement:
SIR-MAPPO employs a hybrid gradient (32). To analyze the
stability and robustness of the learning dynamics, we first
characterize the variance of the hybrid gradient and then
study its effect on the closed-loop diffusion system. The
following lemma and theorem formalize these properties.

Lemma 1: If the model-based estimator is unbiased and
has lower variance, then Var(VJuybria) < 7 Var(VJur)
with 7 € (0,1).

To establish the impact of gradient variance on the closed-
loop ISS robustness, we impose the following assumption.

Assumption 7: The transmission policy 8(k) = my(-) is
Lipschitz continuous in 6 with constant L. Moreover, under
stochastic approximation, the asymptotic parameter variance
is proportional to the gradient variance.

Theorem 4: Suppose Assumptions 2-4, 6, and 7 hold, and
let the SIR dynamics satisfy the ISS bound in Theorem 2.
If the variance reduction condition in Lemma 1 holds, then
the steady-state disturbance term in Theorem 2 satisfies:

Lodnybria < JF Ladnr 7 (35)

x — L1 x — L1
where dvp and Opybriq denote the disturbance standard
deviations entering the SIR dynamics under the MF policy
gradient and the hybrid gradient estimator, respectively. Con-
sequently, the admissible initial infection norm preserving
stability enlarges by a factor 1/4/7.

Proof: Let Oyr and Opynria denote the asymptotic
policy parameters obtained using the MF policy gradient
and the proposed hybrid gradient estimator, respectively. The
corresponding transmission policies produce transmission
rates Sy = Toy, (1) and Brybria = Toyp.0q ()-

Under Assumption 7 and standard stochastic approxima-
tion theory, the asymptotic parameter variance scales propor-
tionally with the gradient variance. Hence, Var(fhybria) <
Tp Var(fyr) for some constant 79 o< 7.

Since the policy is Lipschitz continuous in 6, we obtain
Var(Buybria) < L2Var(fnypria). Because the SIR dynam-
ics are Lipschitz with respect to the transmission rate B,
the disturbance magnitude entering the SIR system scales

proportionally with 1/ Var(3). Consequently, the disturbance
standard deviations under the hybrid and MF policies, de-
noted by Jhybrid and OumF, satisfy 5hybrid < \/;51\/11:* |

IV. EXPERIMENTAL RESULTS

We construct a simulation environment with N = 200
robots operating in a 100 x 100m workspace over 300
discrete-time steps with a sampling period of 1s. Each
robot follows the dynamics in (1) with maximum velocity
Umax = 0.5 m/s. Communication links are established within
a radius of 20 m and are subject to stochastic fading modeled
as a multiplicative factor U[0.8, 1.0].

The information diffusion process follows the SIR model
and is initialized with 15 randomly selected informed robots.
The transmission rate satisfies 3(k) € [0, 0.8] under a global
bandwidth budget Wy,,x = 9.0, and the recovery probability
is set to p = 0.1.

The optimization objective uses cost weights
(Wey Wey Wyy W) = (2.0,0.5,0.3,0.2), while the energy
model adopts coefficients (o, ag, ) = (0.1,0.05,0.02).
For training, PPO is configured with clipping parameter
e = 0.2, discount factor v = 0.95, and hybrid gradient
ratio 7 = 0.3. The penalty coefficients are A\yy = 0.1 and
Aw = 0.5, and the learning rates for the actor and critic are
3 x 10~* and 1073, respectively.

Fig. 1 illustrates the initial robot deployment and the evo-
lution of the communication topology. Robots are randomly
distributed in the workspace, and communication links are
formed according to the communication radius. As robots
move during the coverage and information diffusion process,
the interaction graph evolves dynamically while preserving
network connectivity.

(a)k=0 (b k=25 (c) k=50
Fig. 1. Simulation environment comprising 200 mobile robots. At k = 0,

15 robots are initialized in the informed state. Blue represents susceptible
(S), red represents infected (I), and green represents recovered (R).

We benchmark the SIR-MAPPO against five baselines:

o Adaptive Random: Random transmission rates in different
ranges are selected based on the current coverage defects.

e Greedy Broadcasting: Prioritize bandwidth for infected
nodes and allocate the remaining bandwidth to susceptible
nodes.

e Random Broadcasting: each robot randomly selects a
transmission rate from [0, Smax] at every step.

e Periodic Gossiping: robots transmit with a fixed probabil-
ity at regular intervals.
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o Fixed-SIR: each robot maintains a constant transmission
rate throughout the mission.

To evaluate the effectiveness of the proposed framework
in information dissemination, we compare the convergence
behavior of the coverage defect. Fig. 2 shows the proposed
policy achieves the fastest reduction of the coverage defect
and reaches the smallest steady-state value, indicating rapid
and complete information diffusion. In particular, the curve
exhibits a steep initial decrease, demonstrating aggressive
early-stage dissemination, followed by a smooth convergence
phase that avoids excessive oscillations. This behavior is
consistent with the theoretical analysis, where the diffusion
rate is regulated to balance fast initial spreading with long-
term stability of the information propagation process.
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Fig. 2. The comparison of coverage defect demonstrates that our method
achieves the fastest convergence to the minimum level, proving its superior
diffusion efficiency.

Furthermore, to verify the learned decentralized policy ad-
heres to the stability constraints derived from our theoretical
analysis, we examine the mean transmission rate dynamics
across all robots. Fig. 3 shows that SIR-MAPPO starts with
an aggressive rate near 0.3 — 0.5 in the early diffusion stage,
then rapidly decreases to near zero after £ ~ 100 as diffusion
completes, remaining within the theoretical bounds.
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Fig. 3. The mean transmission rate across all robots remains within the
theoretical bounds while adaptively decreasing as diffusion completes.
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Fig. 4. The total energy consumption comparison indicates that SIR-
MAPPO intelligently manages energy, achieving lower overall consumption
while ensuring rapid diffusion.

Finally, Fig. 4 demonstrates the resource efficiency, which
relates to the energy term in the cost function. As shown
in the figure, the energy consumption is concentrated in
the early diffusion stage, where a temporary increase in
transmission activity accelerates information spread. Once
the majority of robots become informed, the energy usage
gradually decreases and stabilizes at a low maintenance level.
This adaptive allocation of communication energy enables
rapid initial dissemination while avoiding unnecessary long-
term consumption.

V. CONCLUSION

In this paper, we developed SIR-MAPPO, a control-
informed MARL framework for optimal information diffu-
sion in swarm robotics. The proposed approach enables rapid
and energy-efficient diffusion while mitigating redundancy
and maintaining decentralized scalability. Relying only on
local observations, the framework naturally scales to large
swarms without communication bottlenecks, demonstrating
strong potential for real-world large-scale robotic coordina-
tion in infrastructure-denied environments such as disaster
response and wide-area monitoring. Future work will extend
the framework to heterogeneous swarms, realistic communi-
cation conditions, and physical robotic experiments.
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