
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053

Under review as a conference paper at ICLR 2026

SPECTRAL-AWARE SPARSE COMMUNICATION AND
ENTROPY-BALANCED TASKING IN MULTI-AGENT
SYSTEMS

Anonymous authors
Paper under double-blind review

ABSTRACT

Multi-agent systems (MAS) face scalability constraints stemming from dense
messaging—raising bandwidth and energy—and from imbalanced tasking that
produces bottlenecks, especially under non-stationary, LLM-driven workloads.
We introduce a unified framework that prunes redundant links using an
information-theoretic priority and enforces connectivity via a spectral λ2 guard,
and balances workload with an entropy-regularized assignment under capacity
constraints; an MDP allocator adapts thresholds and repairs to system drift. We
prove that the λ2-guarded repair preserves connectivity and, under standard spec-
tral envelope assumptions, the sparsified graph approximates dense-graph dynam-
ics; we analyze discrete-time stability via Jury/Nyquist bounds. Across GSM8K,
MMLU, and SMACv2, the method improves over a dense complete-graph base-
line by +6.12%/+5.59%/+4.76%, reduces active links by 28%, and shows the
strongest robustness under 30% edge drops – all while keeping per-iteration com-
munication proportional to the number of active edges. These results indicate
a practical route to communication-efficient, entropy-balanced coordination for
LLM-augmented MAS and cooperative control.

1 INTRODUCTION

Multi-agent systems (MAS) (van der Hoek & Wooldridge, 2008; Dorri et al., 2018; McArthur et al.,
2007a;b) have become a critical paradigm for solving complex, distributed tasks across various
domains, including robotics, sensor networks, and autonomous vehicles (Groenewald et al., 2024;
Harshbarger et al., 2024). With the rise of large language models (LLMs) (Guo et al., 2024; Dong,
2024), MAS capabilities have expanded, enabling agents to generate objectives, adapt to dynamic
environments, and make autonomous decisions. Recent advancements, such as Auto-GPT (Toran-
tulino, 2023) and BabyAGI (Nakajima, 2023), have demonstrated the potential of LLM-powered
MAS for collaborative task solving, where specialized agents coordinate towards shared goals (Chen
et al., 2024; Händler, 2023).

However, as MAS scales, several challenges emerge, including high communication overhead, in-
efficient task allocation, and suboptimal resource distribution (Lee et al., 1998; Turner & Jennings,
2000). Specifically, large-scale MAS often face issues with redundant communication (Hu et al.,
2023; Sun et al., 2024b), leading to network congestion and resource inefficiencies. Moreover, task
misalignment due to agent heterogeneity further exacerbates these challenges (Wilson, 2022; Mal-
lampati & Ravichandar, 2023), resulting in inefficiencies in workload distribution.

These challenges are further compounded in LLM-powered MAS. Unlike traditional MAS, where
tasks are predefined and agent roles remain static, LLM-driven agents dynamically generate tasks
and adapt their reasoning in real time (Yang et al., 2024). This increased task uncertainty intro-
duces greater complexity in dependency management and computational load balancing. Standard
heuristic or gradient-based optimization techniques struggle to efficiently distribute tasks in such
high-dimensional environments (Parker, 2013; Shi & Yu, 2023), necessitating more sophisticated
coordination mechanisms.

To address these challenges, we propose a novel framework that integrates three key innovations:
(1) sparsity-aware communication optimization; (2) entropy-guided task decomposition; and (3)
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MDP-based adaptive task allocation. Our framework specifically targets three critical issues that
commonly arise in large-scale MAS. First, to curb the quadratic cost of fully connected messag-
ing (Charalambous et al., 2025; Krishnan, 2025), the communication module suppresses redundant
exchanges while maintaining connectivity and convergence properties. Second, to mitigate work-
load skew in heterogeneous agents (Alirezazadeh & Alexandre, 2024), the task module maximizes
assignment entropy under capacity constraints, yielding balanced utilization. Third, to handle non-
stationary, LLM-driven tasks (Choudhury et al., 2022; KyeG, 2024), the allocation module casts
coordination as a sequential decision problem, adapting decisions to the evolving system state. To-
gether, these components enhance scalability, balance, and adaptability in modern MAS.

To evaluate the framework, we conduct extensive experiments on GSM8K (Cobbe et al., 2021),
MMLU (Hendrycks et al., 2021) and SMACv2 (Ellis et al., 2023) against dense-graph, pruning-
based, MARL, and GNN baselines. The method attains 95.86% accuracy on GSM8K, 91.35%
on MMLU and 40.30% on SMACv2, exceeding the Complete-Graph (West, 2001) baseline by
+6.12%, +5.59% and 4.76% respectively, while cutting redundant pairwise exchanges by 28%
without degrading connectivity or accuracy.

Our main contributions can be summarized as follows:

1. We propose a sparsity-aware communication strategy that optimizes network topology using
Laplacian eigenvalue analysis, reducing communication overhead while maintaining system con-
vergence.

2. We introduce an entropy-based task decomposition mechanism that dynamically balances task
distribution by maximizing Shannon entropy, ensuring a more efficient allocation of resources
across heterogeneous agents.

3. We develop an MDP-driven adaptive task allocation framework, which models task allocation
under uncertainty and adapts dynamically to evolving task dependencies.

4. On GSM8K, MMLU and SMACv2 the framework achieves 95.86%, 91.35% and 40.30% ac-
curacy and win-rate, respectively; improves over a Complete-Graph baseline by +6.12%/ +
5.59%/+ 4.76%; reduces redundant communication by 28%;

This paper is structured as follows: In Section 2, we provide the necessary preliminaries and defini-
tions, grounding our work in existing literature. In Section 3, we present the detailed methodology,
explaining our communication strategy, entropy-based task decomposition, and MDP-based task al-
location. Section 4 outlines our experimental setup, performance evaluation, and comparison with
state-of-the-art methods. Finally, Section 5 concludes with a discussion of results and future work.

2 PRELIMINARIES AND DEFINITIONS

We model a multi-agent system (MAS) as a connected, weighted, undirected graph G = (V,E,W )
with Laplacian L = D − A. Throughout the main text we work with the canonical first-order
consensus abstraction

ẋ(t) = −Lx(t), (1)
which cleanly links communication topology to convergence; second-order models standard in
robotics are deferred to Appendix A, where we state analogous stability conditions (Dibaji & Ishii,
2017; Cheng et al., 2019); complementary sampled-data stability bounds are given in Appendix B.

2.1 SPECTRAL QUANTITIES AND CONVERGENCE

Let 0 = λ1(L) < λ2(L) ≤ · · · ≤ λn(L) be the eigenvalues of L. For connected graphs, equation 1
reaches consensus with a rate governed by the algebraic connectivity λ2(L); larger λ2(L) implies
faster mixing and improved robustness to perturbations (Lin et al., 2014; Franceschelli et al., 2013).
We will use λ2(L) as a spectral guard when sparsifying communication.

2.2 SPECTRAL SPARSIFICATION

To reduce messaging while preserving convergence behavior, we replace L by a sparser Laplacian
LS that approximates L in quadratic form:

(1− ε)L ⪯ LS ⪯ (1 + ε)L, (2)
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with a target connectivity constraint λ2(LS) ≥ λtarget. Condition equation 2 controls distortion of
energies x⊤Lx and thereby maintains the qualitative dynamics of equation 1 while reducing the
number of active links (Chen et al., 2023; Sadhanala et al., 2016). The resulting communication
budget is quantified by Sd (defined in Section 3).

2.3 ENTROPY-BASED TASK DECOMPOSITION

We encode assignments in P ∈ [0, 1]m×n (agents× tasks), with capacity constraints
∑

j Pij≤ci and
per-task normalization

∑
i Pij=1. To mitigate workload skew in heterogeneous MAS, we promote

diversity/balance via entropy:

max
P

m∑
i=1

H(Pi:) + λ

n∑
j=1

H(P:j) s.t.
∑
j

Pij≤ci,
∑
i

Pij=1, (3)

where H(q) = −
∑

k qk log qk. This objective yields capacity-aware, balanced allocations used by
our scheduler in Section 3.

2.4 ADAPTIVE ALLOCATION AS A SEQUENTIAL DECISION PROBLEM

Non-stationary, LLM-driven tasks require adaptation. We cast coordination as an MDP (S,A, P,R),
where states summarize load and graph statistics, actions adjust communication masks and task
weights, and rewards trade task performance against messaging cost (BELLMAN, 1957). Learning
details and algorithmic variants are given in Appendix D.

3 METHODOLOGY

While second-order dynamics effectively model agent interactions and ensure consensus, their re-
liance on dense communication networks and unstructured task allocations introduces inefficien-
cies in scalability, energy consumption, and convergence time. Specifically, dense communication
leads to quadratic growth in message complexity, while imbalanced task decomposition results in
redundant computations and agent overload (Gao et al., 2023). These challenges have been well-
documented in the literature, particularly with respect to large-scale coordination in multi-agent
environments (Lee et al., 1998; Sun et al., 2024a).

To overcome these challenges, we propose a unified framework that integrates sparsity-aware com-
munication optimization and entropy-driven task decomposition. The design goal is to minimize
active links subject to a connectivity guard and to rebalance tasks online. By selectively pruning
redundant communication links and dynamically balancing workload allocations, our framework
reduces computational and communication overhead while preserving network connectivity, sys-
tem scalability, and robust convergence guarantees. Our approach builds upon foundational work
in multi-agent coordination and communication sparsification (Spielman & Teng, 2011; Ahn et al.,
2013), introducing novel entropy-guided task allocation techniques for dynamic task environments.

3.1 OPTIMIZED COMMUNICATION THROUGH SPARSITY

3.1.1 COMMUNICATION GRAPH AND SPARSITY

In a multi-agent system, agents interact via a communication graph G = (V,E,A), where:
V = {1, 2, . . . ,m} represents the set of m agents (nodes); E ⊆ V × V is the set of undirected
communication links (edges), where (i, j) ∈ E implies agent j can receive information from agent
i; A = [aij ] is the adjacency matrix, where aij > 0 if (i, j) ∈ E, and aij = 0 otherwise.

The Laplacian matrix L = D − A is a fundamental mathematical tool for describing the structure
of G, where D is the degree matrix and A is the adjacency matrix. Specifically:

Lii =
∑
j∈Ni

aij , Lij = −aij (i ̸= j). (4)

Dense communication graphs, where a large number of links are active, exacerbate the computa-
tional and communication costs. Specifically, in a fully connected graph, the number of edges scales
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as |E| = m(m − 1)/2, which grows quadratically with the number of agents m. The presence of
many redundant links increases the overhead for maintaining and synchronizing information.

To address these challenges, sparsity is introduced by selectively retaining only essential communi-
cation links, effectively reducing the number of active edges |E|. Let Efull denote the edge set of the
fully connected graph such that |Efull| = m(m− 1)/2. The sparsity ratio Sd quantifies the fraction
of retained links:

Sd =
|E|
|Efull|

. (5)

In what follows we measure pre-iteration communication by the number of edge messages
Θ(|Eactive|) and treat latency separately via graph metrics such as D(G).

By enforcing connectivity via a λ2-guarded repair step, even with fewer edges, sparsity minimizes
overhead while preserving the key properties necessary for convergence and robustness. This ap-
proach draws from prior work in communication graph sparsification, where the focus is on reducing
complexity while ensuring system stability.

3.1.2 COMMUNICATION PRIORITY MATRIX

To prioritize critical communication links and dynamically identify the most informative communi-
cation links, we define the communication priority matrix:

Cij =
1

1 + I(Xi;Xj)
, (6)

where I(Xi;Xj) denotes the mutual information between agents i and j. The matrix quantifies the
relevance of communication between pairs of agents, with lower mutual information resulting in
higher priority values. Links are retained if Cij > τ , where τ > 0 is a sparsity threshold. This
ensures that communication links are preserved only when they significantly contribute to system
coordination and information exchange.

The sparsity threshold is adaptively updated based on the real-time network state:

τt+1 = τt + κ ·
(
λ2(LS)− λtarget

λtarget

)
, (7)

where λtarget is the desired network connectivity level, and κ is an adaptation rate.

The communication priority matrix directly addresses the challenge of redundant communication
by dynamically identifying and prioritizing links that provide the most informative updates. By
focusing on critical links, this approach reduces the overall communication overhead, conserves
bandwidth, and ensures that agents exchange only the most relevant information, thereby acceler-
ating convergence. This method extends the work on adaptive communication strategies by (Sun
et al., 2024a), who highlighted the role of information-theoretic methods in optimizing network
performance.

3.1.3 SPARSITY-ADJUSTED DYNAMICS

Given the pruned and repaired graph GS , we analyze the closed-loop dynamics under its Laplacian
LS and state the resulting stability and convergence guarantees. For sampled-data updates with pe-
riod T , we adopt the Nyquist-style sufficient bound of Appendix B. The sparsity-adjusted Laplacian
LS governs the system’s dynamics:

dx(t)

dt
= −LSx(t), (8)

where LS is derived from the original Laplacian matrix L after applying the communication prior-
ity matrix to retain only the most relevant links. The convergence behavior of the system is then
determined by the adjusted algebraic connectivity λ2(LS):

∥x(t)− x∗∥ ≤ ∥x(0)− x∗∥e−λ2(LS)t. (9)

A well-connected sparse graph ensures that λ2(LS) remains sufficiently large to guarantee efficient
consensus across the agents (Li et al., 2018).
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Adjusting the dynamics with sparsity ensures that the system retains its ability to converge while
significantly reducing computational and communication requirements. By pruning less critical
links, the sparsity-adjusted dynamics maintain the essential properties of the original system without
incurring the high costs of dense communication graphs.

The communication priority matrix directly informs the construction of LS , as the retained links are
determined based on their priority values. This establishes a clear pipeline where communication
prioritization translates into optimized dynamics, ensuring that sparsity enhances the system without
compromising its performance.

3.1.4 COMPLEXITY REDUCTION

Introducing sparsity reduces the pre-iteration message count to Ccomm = Θ(|Eactive|), where
|Eactive| = |ES |. For a dense baseline |E| ≈ m(m−1)

2 , this yields Ccomm = Θ(Sd · m2), under
a degree cap k, Ccomm = Θ(km). Pre-round dissemination latency scales separately with the graph
diameter D(G). See Appendix D.6 for a full accounting.

Reducing communication complexity not only lowers the bandwidth and energy requirements but
also enables the system to scale to a larger number of agents. This improvement is particularly
significant in resource-constrained environments where minimizing energy consumption is critical.

The complexity reduction arises naturally from the integration of the communication priority ma-
trix and sparsity-adjusted dynamics. The priority matrix selects the most relevant links, while the
sparsity-adjusted Laplacian ensures these selected links maintain system connectivity. Together,
these components achieve an optimal balance between performance and efficiency, making the over-
all framework scalable and robust.

3.2 ENTROPY-BASED TASK DECOMPOSITION

Entropy provides a natural measure of uncertainty, enabling dynamic and balanced task allocation.
The entropy of a task allocation X is: H(X) = −

∑n
i=1 pi log(pi), where pi represents the proba-

bility of assigning task i. Maximizing H(X) ensures even workload distribution across agents.

By pruning edges using a Shannon-entropy criterion – retaining links whose incremental information
exceeds an adaptive threshold – we preserve the giant component and maintain algebraic connectiv-
ity: the sparsified Laplacian LS satisfies (1 − ϵ)L ⪯ LS ⪯ (1 + ϵ)L and λ2(LS) ≥ λtarget > 0.
Additionally, consensus over LS converges linearly with rate 1−αλ2(LS) for α ∈ (0, 2/λmax(LS)),
and the degradation in rate/stability relative to the dense graph is O(ϵ).

To formally justify entropy-based sparsification, we prove in Appendix C that pruning edges based
on Shannon entropy preserves the largest connected component of the communication graph while
reducing the number of edges to O(m logm). Additionally, we establish a direct connection
between entropy-guided sparsity and mutual information minimization, ensuring that only non-
redundant communication channels are retained. Finally, we show that our method satisfies spectral
sparsification bounds, guaranteeing that essential multi-agent coordination properties are preserved.

3.3 MDP-BASED TASK ALLOCATION

To enhance the effectiveness of task allocation in multi-agent systems, we model the process as a
Markov Decision Process (MDP) (BELLMAN, 1957). This framework works in conjunction with
the previously introduced communication prioritization and sparsity mechanisms. By integrating
sparsity-adjusted dynamics and entropy-based task decomposition into the MDP framework, we
create a system that dynamically adapts task allocation to optimize performance under uncertainty.

The system initializes the communication graph based on the communication priority matrix, retain-
ing only the most critical links to form the sparsity-adjusted Laplacian matrix LS . Using entropy-
based task decomposition, initial task allocations are made to balance workloads across agents. The
MDP framework refines these allocations over time, dynamically adapting to changing conditions
such as incomplete tasks, agent availability, and communication updates.

The task allocation process is optimized using reinforcement learning methods (Gu et al., 2024),
such as Q-learning (Watkins & Dayan, 1992). The following algorithm 1 outlines the process.
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Algorithm 1 Adaptive Sparse Communication & Entropy-Balanced Tasking
1: Inputs: target connectivity λtarget > 0; threshold adapt-rate κ > 0; initial threshold τ0; MI

refresh period KMI ∈ N; repair budget kr ∈ N; assignment step size ηP > 0; feasible set C for
P (row/col/capacity constraints).

2: Definitions: redundancy score rij := Cij =
1

1+I(Xi;Xj)
(symmetrized); active undirected edge

set Eact ⊆ {{i, j} : i < j}; Laplacian LS of GS = (V,Eact).
3: Output: assignment matrix P ∈ C; active links Eact; final threshold τ⋆.
4: Init: estimate I(Xi;Xj); set rij ← Cij (symmetrize); Eact←{{i, j} : rij > τ0}; form LS,0;

λ̂2←PowerIter(LS,0); initialize P0 ∈ C (e.g., uniform); set τ ← τ0, t← 0.
5: while t < Tmax do
6: (MI refresh) if t mod KMI = 0 then re-estimate I(Xi;Xj); update rij ← Cij ; end if

7: (Threshold update) τ ← τ + κ ·
λ̂2 − λtarget

λtarget
// Eq. (7)

8: (Prune) Ecand ← {{i, j} : rij > τ}; Eact ← Ecand; update LS

9: (Repair for λ2)
10: while PowerIter(LS) < λtarget and #added < kr do
11: choose e⋆ ∈ E \ Eact by Fiedler-vector or effective-resistance heuristic
12: Eact ← Eact ∪ {e⋆}; update LS ; increment #added
13: end while
14: update λ̂2 ← PowerIter(LS)
15: (Entropy-balanced assignment)
16: P ← ProjC

(
P + ηP ∇PH(P )

)
, where H(P ) = −

∑
i,j Pij logPij

17: // (optionally weight row/col entropies; see App. D for exact gradients and C)
18: (Stopping) if |∆τ | ≤ ετ and ∥P − Pprev∥∞ ≤ εP for Thold steps then break
19: Pprev ← P ; t← t+ 1
20: end while
21: Return: P , Eact, τ⋆ ← τ

Implementation details (pseudocode, threshold update κ, MI refresh cadence KMI, repair to enforce
λ2(LS) ≥ λtarget, and per-step complexity) are provided in Appendix D.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

To validate our framework, we evaluate across six datasets: GSM8K: 8.5k grade-school word prob-
lems for multi-step arithmetic reasoning (Cobbe et al., 2021); MMLU: 57 academic/professional
subjects that test broad knowledge and reasoning (Hendrycks et al., 2021); SVAMP: a robustness-
focused arithmetic benchmark created by perturbing math word problems to probe spurious short-
cuts (Patel et al., 2021); HumanEval: functional code generation from docstrings, reported with
pass@1 accuracy (Chen et al., 2021); SMACv2: a procedurally generated, partially observable
multi-agent control suite reported as mean test win-rate (Ellis et al., 2023); RWARE: a cooperative
multi-robot warehouse environment reported by episodic return (Papoudakis et al., 2020).

The performance is measured using three metrics: (i) Accuracy (LLM tasks: accuracy/pass@1;
SMACv2: win-rate; RWARE: return); (ii) Efficiency via the edge ratio Sd = |Eact|/|E| on an
undirected graph, and (iii) robustness as relative decline under edge-drop p = 0.3; we choose
the smallest Sd that satisfies the spectral guard λ2(LS) ≥ λtarget, yielding the conservative bound
Smin
d ≥ λtarget/λ2(L).

We compare our method with the following baselines: MAPPO (Yu et al., 2022): A multi-agent
reinforcement learning approach that uses centralized training and decentralized execution (CTDE)
to optimize coordination. GCN (Kipf & Welling, 2017): A Graph Convolutional Network (GCN)
that learns structured representations for agent communication, improving coordination. Chain
of Thought (CoT) (Wei et al., 2023): Sequential reasoning using structured prompts. Com-
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plete Graph (West, 2001): Fully connected communication among agents. LLM-Blender (Jiang
et al., 2023): Coordination across agents via blending strategies. AgentPrune-C, AgentPrune-L,
AgentPrune-R: Pruning strategies based on centrality, layer-level analysis, and random selection
(Zhang et al., 2024). Our Method: Dynamic adaptive sparsity with entropy-based task decomposi-
tion, and MDP-driven task allocation.

4.2 RESULTS AND ANALYSIS

The results in Table 1 and Table 2 confirm that our method surpasses all baselines in accuracy, com-
munication efficiency, and robustness, demonstrating its effectiveness in both arithmetic/language,
complex reasoning tasks and multi-agent control. The inclusion of MARL-based, GNN-based, and
classical optimization methods ensures a rigorous comparative assessment.

4.2.1 PERFORMANCE COMPARISON

Our method achieves 91.35% accuracy on MMLU and 95.86% on GSM8K, surpassing the Com-
plete Graph baseline by 5.59% and 6.12%, respectively. These gains stem from entropy-guided
task decomposition, which diversifies competent contributors and reduces error correlation, and
redundancy-aware sparsity, which filters low-information exchanges while preserving global con-
nectivity. Among reference architectures, MAPPO(89.20%/94.15%) benefits from CTDE but
lacks adaptive sparsity, and GCN(87.94%/92.85%) offers static mixing without task-aware allo-
cation; both trail our approach on LLM reasoning. LLM-Blender(92.45%,87.42%) is competitive
yet unconstrained, and Complete Graph incurs dense, non-selective messaging; pruning variants,
AgentPrune-C/L improve over dense messaging but remain static, limiting their adaptability. On
SMACv2, our method reaches 40.30% win-rate, improving over the strongest communication base-
line and complete graph by 3.5% and 4.76%. On RWARE, we achieve a return of 35.40, exceeding
LLM-Blender(+5.04) and Complete Graph(+5.44). These improvements align with our design:
entropy-balanced assignment mitigates contention while adaptive sparsity with a λ2 guard retains
coordination under partial observability and task variability – yielding higher task scores without
relying on dense, indiscriminate communication.

4.2.2 COMMUNICATION EFFICIENCY AND ROBUSTNESS

On GSM8K, our method uses the fewest links (Sd = 0.62), and on the harder SMACv2
it remains the most efficient at Sd = 0.68. Competing settings require denser messag-
ing, e.g., MAPPO(0.68), GCN(0.72), LLM-Blender(0.75/0.83). The slight increase in Sd

on SMACv2 reflects its stronger partial observability; our adaptive threshold with the λ2 re-
pair adds just enough edges to preserve connectivity while staying sparser than all base-
lines. Under edge-drop p = 0.3, our robustness decline is the lowest on both domains:
GSM8K(7.87%) and SMACv2(9.84%), compares with LLM-Blender(9.62%/12.02%), Com-
plete Graph(10.51%/13.14%), and CoT(11.23%/14.04%). These outcomes are consistent with
the intended effect of entropy-balanced tasking and redundancy-aware sparsification.

4.2.3 SCALABILITY AND COMPLEXITY ANALYSIS

We validate that our sparsification method maintains essential communication links while reducing
complexity to O(m logm). Theoretical results in C confirm that entropy-guided sparsity aligns with
mutual information minimization and spectral sparsification, ensuring robust multi-agent coordina-
tion with minimal redundancy.

Although methods like LLM-Blender achieve high accuracy, they incur significant communication
costs. In contrast, our method achieves sublinear communication complexity: O(Sd · m logm)
compared to the baseline Complete Graph’s quadratic complexity O(m2).

While our framework demonstrates state-of-the-art performance in multi-agent coordination tasks,
its scalability to large-scale, real-world MAS remains a critical consideration. First, our reliance on
Laplacian eigenvalue analysis for optimizing communication introduces computational overhead,
which may limit real-time feasibility in highly dynamic systems. Potential approximate spectral
sparsification techniques could alleviate this issue. Additionally, the framework assumes homoge-
neous agents, whereas real-world MAS often consist of heterogeneous agents with varying compu-
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Table 1: Performance comparison across multiple datasets. Best results are highlighted in bold.

METHOD
MATH & LANGUAGE COMPLEX REASONING MULTI-AGENT CONTROL

MMLU GSM8K SVAMP HUMANEVAL SMACV2 RWARE

MAPPO 89.20% 94.15% 94.02% 94.50% – –
GCN 87.94% 92.85% 92.42% 93.56% – –

COT 84.32% 87.17% 89.62% 91.24% 34.92% 29.02
COMPLETE GRAPH 85.76% 89.74% 91.85% 92.85% 35.54% 29.96
LLM-BLENDER 87.42% 92.45% 93.41% 94.23% 36.80% 30.36
AGENTPRUNE-C 87.12% 91.62% 92.13% 93.05% 36.24% 29.79
AGENTPRUNE-L 85.89% 90.14% 91.02% 91.89% 36.06% 29.34
AGENTPRUNE-R 85.43% 89.72% 90.32% 91.25% 35.88% 29.06
OUR METHOD 91.35% 95.86% 94.94% 95.25% 40.30% 35.40

Notes. Math & Language, Complex Reasoning report accuracy (%). SMACv2 reports mean test win-rate
(%). RWARE reports episodic return (higher is better).

Table 2: Comparison of accuracy, communication efficiency (Sd) and robustness (% Decline) on
GSM8K and SMACv2. Best results are highlighted in bold.

METHOD
ACCURACY (%) EFFICIENCY (Sd) ROBUSTNESS (% DECLINE)

GSM8K SMACV2 GSM8K SMACV2 GSM8K SMACV2

MAPPO 94.15 – 0.68 – 8.21 –
GCN 92.85 – 0.72 – 8.94 –

COT 87.17 34.92 0.85 0.90 11.23 14.04
COMPLETE GRAPH 89.74 35.54 0.90 1.00 10.51 13.14
LLM-BLENDER 92.45 36.80 0.75 0.83 9.62 12.02
AGENTPRUNE-C 91.62 36.24 0.72 0.80 8.71 10.89
AGENTPRUNE-L 90.14 36.06 0.80 0.88 9.02 11.27
AGENTPRUNE-R 89.72 35.88 0.81 0.89 9.86 12.32
OUR METHOD 95.86 40.30 0.62 0.68 7.87 9.84

Table 3: Ablation study results showing the impact of each component on GSM8K,MMLU and
SMACv2 datasets. Best results are highlighted in bold.

CONFIGURATION GSM8K ACCURACY MMLU ACCURACY SMACV2

FULL FRAMEWORK (OUR METHOD) 95.86% 91.35% 40.30%
W/O ENTROPY DECOMPOSITION 93.21% 89.04% 38.66%
W/O DYNAMIC SPARSITY 92.45% 87.62% 36.34%
BASELINE (COMPLETE GRAPH) 89.74% 85.76% 35.54%

tational, bandwidth, and energy constraints. Furthermore, real-world MAS exhibit highly dynamic
network structures, where agents can drop out, experience network failures, or move unpredictably.
An incremental update mechanism for the sparsity-aware communication structure could enhance
robustness. Lastly, evaluating our approach on practical large-scale MAS benchmarks (e.g., swarm
robotics, warehouse automation, traffic coordination) would provide a stronger validation of its ap-
plicability beyond synthetic settings.

4.3 ABLATION STUDY

To analyze the contribution of each component in our framework, we perform an ablation study
by incrementally removing components such as entropy-based task decomposition and dynamic
sparsity. Table 3 presents the results.
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The removal of entropy-based task decomposition results in a notable decline in accuracy, with a
2.65% drop on GSM8K, a 2.31% drop on MMLU and a 1.64% drop on SMACv2. This high-
lights its critical role in achieving balanced task distribution across agents, which directly impacts
overall system performance by reducing computational bottlenecks; Excluding dynamic sparsity
leads to both decreased communication efficiency and a reduction in accuracy. This demonstrates
that dynamic sparsity is essential for maintaining effective communication between agents by pri-
oritizing critical links while eliminating redundant ones, thereby optimizing the trade-off between
communication costs and task execution quality. These results validate the complementary contri-
butions of all components to the overall performance of the framework.

4.4 DISCUSSION

The results highlight the efficacy of integrating entropy-based task decomposition, dynamic sparsity,
and MDP-driven task allocation into a unified framework. The proposed approach consistently out-
performs state-of-the-art baselines across multiple metrics, including accuracy and communication
efficiency, while demonstrating resilience in dynamic and perturbed environments. The entropy-
based task decomposition ensures balanced workload distribution among agents, while dynamic
sparsity reduces redundant communication, significantly enhancing scalability and resource utiliza-
tion. The integration of MDP-driven task allocation further optimizes adaptability, enabling the
framework to maintain high performance under varying system conditions.

These findings underscore the potential of our method to address the challenges of large-scale multi-
agent systems, particularly in scenarios with constrained communication resources or dynamically
changing tasks. Future work will aim to expand the evaluation to additional datasets spanning di-
verse domains, enabling broader validation of the framework’s generalizability. Furthermore, ex-
ploring advanced mechanisms for dynamic sparsity and task prioritization, such as real-time adjust-
ments based on agent feedback, could further enhance the efficiency and robustness of the system.

5 CONCLUSION

We present a scalable and efficient framework for multi-agent systems that integrates entropy-based
task decomposition, dynamic sparsity, and an MDP-driven allocator to systematically address com-
putational, communication, and dependency complexities – balancing workload, reducing messag-
ing, and enabling adaptive reassignment in dynamic environments. By leveraging entropy to guide
task allocation, sparsity-aware communication to optimize inter-agent interactions, and reinforce-
ment learning for decision-making, the method attains efficiency and scalability while maintaining
robustness. On GSM8K, MMLU, and SMACv2, it achieves state-of-the-art accuracy – +5.59%
on MMLU, +6.12% on GSM8K and +4.76% on SMACv2 – while reducing communication com-
plexity by 28%, outperforming pruning-based baselines in error resilience. These results validate
entropy-guided sparsity: redundant links can be pruned without sacrificing performance, reducing
bandwidth and compute, and the method’s sublinear communication complexity underscores suit-
ability for large-scale, high-agent-count MAS.

While the proposed framework demonstrates strong theoretical and empirical performance, its real-
world applicability is subject to certain limitations. The assumption of agent homogeneity may not
hold in practical settings where computational and communication capabilities vary. Additionally,
real-world multi-agent systems often face unpredictable network dynamics, task interdependencies,
and large-scale scalability constraints that may impact performance. The reliance on Laplacian
eigenvalue analysis introduces computational overhead, which could hinder real-time adaptation in
large-scale deployments. Future work will focus on extending the framework to heterogeneous agent
settings, incorporating adaptive sparsification mechanisms responsive to real-time conditions, and
validating its scalability in practical applications such as autonomous robotics, decentralized AI, and
smart infrastructure.

By addressing scalability, efficiency, and adaptability, our method advances the deployment of MAS
in robotics, IoT, and distributed AI, paving the way for more robust, large-scale multi-agent co-
ordination in complex and resource-constrained environments. We believe this work lays a strong
foundation for future research in self-optimizing, decentralized multi-agent frameworks, bridging
the gap between theoretical efficiency and real-world scalability.
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6 ETHICS STATEMENT

Human subjects & sensitive data. This work does not involve human subjects, personal data, or
user-generated private content. All benchmarks are publicly available and widely used in the com-
munity: GSM8K, MMLU, SVAMP, HumanEval, SMACv2, and RWARE. We follow the licenses
and usage terms for each dataset and software dependency.

7 REPRODUCIBILITY STATEMENT

Hyperparameters & training protocol. Appendix D lists defaults and per-domain overrides (op-
timizer, batch sizes, rollout lengths/epochs, gradient clipping, MI estimator & minibatch, spectral
refresh/power-iteration steps, λ2 target, repair budget kr, assignment step size and constraints). We
also specify refresh cadences KMI,Kλ and stopping tolerances.

Exact algorithms. Section 3 defines the MI-based communication priority Cij = 1
1+I(Xi;Xj)

,
adaptive threshold update equation 7, λ2-guarded repair, entropy-balanced assignment, and the MDP
allocator; Algorithm 1 gives the full loop.

REFERENCES

Kook Jin Ahn, Sudipto Guha, and Andrew McGregor. Spectral sparsification in dynamic graph
streams. In International Workshop on Approximation Algorithms for Combinatorial Optimiza-
tion, pp. 1–10. Springer, 2013.

Saeid Alirezazadeh and Luı́s A Alexandre. A survey on task allocation and scheduling in robotic
network systems. IEEE Internet of Things Journal, 2024.

RICHARD BELLMAN. A markovian decision process. Journal of Mathematics and Mechanics, 6
(5):679–684, 1957. ISSN 00959057, 19435274. URL http://www.jstor.org/stable/
24900506.

Themistoklis Charalambous, Nikolaos Pappas, Nikolaos Nomikos, and Risto Wichman. To-
ward goal-oriented communication in multi-agent systems: An overview. arXiv preprint
arXiv:2508.07720, 2025.

Guangyao Chen, Siwei Dong, Yu Shu, Ge Zhang, Jaward Sesay, Börje F. Karlsson, Jie Fu, and
Yemin Shi. Autoagents: A framework for automatic agent generation, 2024. URL https:
//arxiv.org/abs/2309.17288.

Mark Chen, Jerry Tworek, Heewoo Jun, Qiming Yuan, Henrique Ponde De Oliveira Pinto, Jared
Kaplan, Harri Edwards, Yuri Burda, Nicholas Joseph, Greg Brockman, et al. Evaluating large
language models trained on code. arXiv preprint arXiv:2107.03374, 2021.

Yuhan Chen, Haojie Ye, Sanketh Vedula, Alex Bronstein, Ronald Dreslinski, Trevor Mudge, and
Nishil Talati. Demystifying graph sparsification algorithms in graph properties preservation.
arXiv preprint arXiv:2311.12314, 2023.

Shan Cheng, Han Dong, Li Yu, Dongmei Zhang, and Jinchen Ji. Consensus of second-order multi-
agent systems with directed networks using relative position measurements only. International
Journal of Control, Automation and Systems, 17(1):85–93, 2019.

Shushman Choudhury, Jayesh K. Gupta, Mykel J. Kochenderfer, Dorsa Sadigh, and Jeannette Bohg.
Dynamic multi-robot task allocation under uncertainty and temporal constraints. Autonomous
Robots, 46(1):231–247, 2022. doi: 10.1007/s10514-021-10022-9. URL https://doi.org/
10.1007/s10514-021-10022-9.

Karl Cobbe, Vineet Kosaraju, Mohammad Bavarian, Mark Chen, Heewoo Jun, Lukasz Kaiser,
Matthias Plappert, Jerry Tworek, Jacob Hilton, Reiichiro Nakano, Christopher Hesse, and John
Schulman. Training verifiers to solve math word problems. arXiv preprint arXiv:2110.14168,
2021.

10

http://www.jstor.org/stable/24900506
http://www.jstor.org/stable/24900506
https://arxiv.org/abs/2309.17288
https://arxiv.org/abs/2309.17288
https://doi.org/10.1007/s10514-021-10022-9
https://doi.org/10.1007/s10514-021-10022-9


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

C. Desoer and Yung-Terng Wang. On the generalized nyquist stability criterion. IEEE Transactions
on Automatic Control, 25(2):187–196, 1980. doi: 10.1109/TAC.1980.1102280.

Seyed Mehran Dibaji and Hideaki Ishii. Resilient consensus of second-order agent networks: Asyn-
chronous update rules with delays. Automatica, 81:123–132, 2017. ISSN 0005-1098. doi:
https://doi.org/10.1016/j.automatica.2017.03.008. URL https://www.sciencedirect.
com/science/article/pii/S0005109817301310.

Kaiwen Dong. Large language model applied in multi-agent systema survey. Applied and Compu-
tational Engineering, 109:9–16, 11 2024. doi: 10.54254/2755-2721/109/20241330.

Ali Dorri, Salil S. Kanhere, and Raja Jurdak. Multi-agent systems: A survey. IEEE Access, 6:
28573–28593, 2018. doi: 10.1109/ACCESS.2018.2831228.

Benjamin Ellis, Jonathan Cook, Skander Moalla, Mikayel Samvelyan, Mingfei Sun, Anuj Mahajan,
Jakob Foerster, and Shimon Whiteson. Smacv2: An improved benchmark for cooperative multi-
agent reinforcement learning. Advances in Neural Information Processing Systems, 36:37567–
37593, 2023.

Mauro Franceschelli, Andrea Gasparri, Alessandro Giua, and Carla Seatzu. Decentralized estima-
tion of laplacian eigenvalues in multi-agent systems. Automatica, 49(4):1031–1036, 2013.

Yanping Gao, Long Wang, Guangming Xie, and Bin Wu. Consensus of multi-agent systems based
on sampled-data control. International Journal of Control, 82(12):2193–2205, 2009.

Zhen Gao, Lei Yang, and Yu Dai. Large-scale cooperative task offloading and resource allocation
in heterogeneous mec systems via multi-agent reinforcement learning. IEEE Internet of Things
Journal, PP:1–1, 01 2023. doi: 10.1109/JIOT.2023.3292387.

Coenrad Adolph Groenewald, Gonesh Saha, Garima Mann, Bharat Bhushan, Eric Howard, and Elma
Groenewald. Multi-agent systems in robotics: Coordination and communication using machine
learning. 28:882–897, 03 2024.

Shangding Gu, Long Yang, Yali Du, Guang Chen, Florian Walter, Jun Wang, and Alois Knoll. A
review of safe reinforcement learning: Methods, theory and applications, 2024. URL https:
//arxiv.org/abs/2205.10330.

Taicheng Guo, Xiuying Chen, Yaqi Wang, Ruidi Chang, Shichao Pei, Nitesh V. Chawla, Olaf Wiest,
and Xiangliang Zhang. Large language model based multi-agents: A survey of progress and
challenges. In Kate Larson (ed.), Proceedings of the Thirty-Third International Joint Conference
on Artificial Intelligence, IJCAI-24, pp. 8048–8057. International Joint Conferences on Artificial
Intelligence Organization, 8 2024. doi: 10.24963/ijcai.2024/890. URL https://doi.org/
10.24963/ijcai.2024/890. Survey Track.

Stuart Harshbarger, Rosa Heckle, and Michael Collins. Transforming the testing and evaluation of
autonomous multi-agent systems: Introducing in-situ testing via distributed ledger technology.
The ITEA Journal of Test and Evaluation, 45, 03 2024. doi: 10.61278/itea.45.1.1003.

Dan Hendrycks, Collin Burns, Steven Basart, Andy Zou, Mantas Mazeika, Dawn Song, and Jacob
Steinhardt. Measuring massive multitask language understanding. Proceedings of the Interna-
tional Conference on Learning Representations (ICLR), 2021.

Guangzheng Hu, Yuanheng Zhu, Dongbin Zhao, Mengchen Zhao, and Jianye Hao. Event-triggered
communication network with limited-bandwidth constraint for multi-agent reinforcement learn-
ing. IEEE Transactions on Neural Networks and Learning Systems, 34(8):3966–3978, 2023. doi:
10.1109/TNNLS.2021.3121546.
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A SECOND-ORDER DYNAMICS AND STABILITY

A.1 MODEL AND LAPLACIAN MODAL DECOMPOSITION

Consider a connected, undirected, weighted graph G = (V,E,W ) with Laplacian L = D − A.
The second-order consensus dynamics for positions x(t) ∈ Rm and velocities v(t) ∈ Rm (stacked
agent-wise) are

ẋ(t) = v(t), (10)
v̇(t) = −αLx(t) − β Lv(t), (11)

with gains α > 0, β > 0. Let 0 = λ1 < λ2 ≤ · · · ≤ λm be the eigenvalues of L, and
U⊤LU = diag(λi) an orthonormal basis. In modal coordinates (z, w) = (U⊤x, U⊤v), the dy-
namics decouple across Laplacian modes, and for each λ > 0 we obtain

z̈λ(t) + β λ żλ(t) + αλ zλ(t) = 0. (12)
The consensus subspace (λ1 = 0) evolves as ż0 = w0, ẇ0 = 0, so positions converge to a common
trajectory governed by the average initial velocity.

A.2 CONTINUOUS-TIME STABILITY AND RATE

For each λ > 0, the characteristic polynomial of equation 12 is s2 + βλs+ αλ, whose roots satisfy
Re(s) < 0 whenever α > 0 and β > 0. Hence:
Proposition A.1 (Exponential consensus for equation 11). If G is connected and α, β > 0, then for
any initial (x(0), v(0)), the disagreement component (I− 11⊤

m )x(t) converges to zero exponentially.
A mode-wise decay rate lower bound is

ρct ≥ min
λ∈{λ2,...,λm}

1

2

(
βλ−

√
(βλ)2 − 4αλ

)
,

with the understanding that in the underdamped regime ((βλ)2 < 4αλ) the real part equals βλ/2.

A.3 SAMPLED IMPLEMENTATION AND DISCRETE-TIME STABILITY

With sampling period T > 0 and forward Euler discretization of equation 11:
xk+1 = xk + T vk, (13)
vk+1 = vk − T αLxk − T βLvk. (14)

For each λ > 0, the mode update is[
zk+1

wk+1

]
= Aλ

[
zk
wk

]
, Aλ =

[
1 T

−αλT 1− βλT

]
.

Stability requires the eigenvalues of Aλ lie strictly inside the unit disc for all λ ∈ {λ2, . . . , λm}.
Applying Jury’s test to the characteristic polynomial r2−(trAλ)r+detAλ = 0 yields the following
sufficient, mode-uniform conditions.
Proposition A.2 (Discrete-time stability: a simple sufficient condition). Let λmax = λm(L). If
α > 0, β > 0 satisfy

β2 <
4α

λmax
, (15)

and the sampling period obeys

0 < T <
β

α
, (16)

then all disagreement modes of equation 14 are Schur-stable, i.e., ρ(Aλ) < 1 for every λ ∈
[λ2, λmax], and the system reaches discrete-time consensus.

Proof. For Aλ we have trAλ = 2 − βλT and detAλ = 1 − βλT + αλT 2. Jury conditions
for a second-order polynomial reduce to (i) 1 − detAλ > 0, (ii) 1 + trAλ + detAλ > 0, (iii)
1− trAλ + detAλ > 0. Condition (iii) simplifies to αλT 2 > 0 (always true for T > 0). Condition
(i) yields λT (β − αT ) > 0 ⇒ T < β/α. For (ii) we obtain 4 − 2βλT + αλT 2 > 0, whose
minimum over T on (0, β/α) is attained at T ⋆ = β/α with value 4− (β2λ)/α. Enforcing positivity
at λ = λmax gives equation 15. Combining (i)–(iii) gives the claim.
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A.4 INTERACTION WITH SPECTRAL SPARSIFICATION

If a sparsified Laplacian LS satisfies the standard spectral envelope (1 − ε)L ⪯ LS ⪯ (1 + ε)L,
then

(1− ε)λ2(L) ≤ λ2(LS) ≤ λmax(LS) ≤ (1 + ε)λmax(L).

Thus any gain/sampling choices (α, β, T ) that satisfy equation 15 and equation 16 with λmax re-
placed by (1 + ε)λmax(L) remain sufficient for discrete-time stability under sparsification; alterna-
tively, the sampled-data Nyquist condition T < 1

2
√
αλmax

(equation 27 in Appendix B) also suffices.
In this paper we use the Jury bounds equation 15 and equation 16 by default, and the continuous-time
rate in A.1 degrades by at most a factor depending on (1− ε)λ2(L).

B STABILITY ANALYSIS OF SAMPLED-DATA CONTROL

B.1 SYSTEM MODEL AND STABILITY CONDITION

Multi-agent systems operating under communication constraints rely on sampled-data control (Gao
et al., 2009), where information is exchanged at discrete time instants {tk}∞k=0 with a fixed sampling
period T = tk+1 − tk. The system dynamics under sampled-data control are described as follows:

ẋi(t) = vi(t), (17)

v̇i(t) = α
∑
j∈Ni

aij
(
xj(tk)− xi(tk)

)
+ β

∑
j∈Ni

aij
(
vj(tk)− vi(tk)

)
, t ∈ [tk, tk+1). (18)

This discretization introduces a trade-off: smaller T improves synchronization but increases com-
munication overhead, whereas larger T reduces communication cost but may cause instability due
to delayed state updates. We now establish a sufficient bound on T for stability.

The bound below is alternative to the Jury-based sufficient conditions in Appendix A.3; both are
valid, with different constants and assumptions.

Assumption B.1. The communication graph is undirected and connected with weighted adjacency
matrix A = [aij ], and the Laplacian matrix L has eigenvalues λ1 = 0 < λ2 ≤ · · · ≤ λmax.

Definition B.2. The Nyquist sampling criterion states that for a continuous-time system with maxi-
mum eigenfrequency

√
αλmax, the sampling period T must satisfy:

T <
1

2
√
αλmax

(19)

to prevent aliasing and ensure stability (Desoer & Wang, 1980).

Lemma B.3. For the continuous-time model dynamics, the characteristic polynomial is:

s2 + βλis+ αλi = 0, i = 1, 2, . . . , N. (20)

The roots of this equation determine the stability of the system.

Proof. By defining the state vector z(t) = [x(t)⊤, v(t)⊤]⊤, the system can be rewritten as:

ż(t) = Az(t), (21)

where the system matrix is:

A =

[
0 I
−αL −βL

]
. (22)

The eigenvalues of A govern the system’s stability. Solving det(sI − A) = 0, we obtain the
characteristic equation given in B.3.

Theorem B.4. An alternative sufficient stability condition is obtained if the sampling period satis-
fies:

T <
1

2
√
αλmax

. (23)

15
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Proof. Using the zero-order hold (ZOH) discretization, the discrete-time state transition is:

z(tk+1) = eAT z(tk). (24)

For stability, all eigenvalues of eAT must lie within the unit disk (from the model analysis in Ap-
pendix A.3). The dominant eigenfrequency of the system is

√
αλmax, and by Nyquist’s sampling

criterion (Desoer & Wang, 1980), the Nyquist frequency is:

ωN =
π

T
. (25)

To prevent aliasing and instability, the system’s maximum eigenfrequency must be below Nyquist’s
limit: √

αλmax <
π

T
. (26)

Rearranging the inequality yields the sampling constraint:

T <
1

2
√
αλmax

. (27)

Corollary B.5. A smaller T enhances synchronization and stability but increases communication
overhead. Conversely, a larger T reduces communication costs but increases the risk of instability.
The bound in B.4 provides a sufficient stability-communication trade-off.

The derived constraint ensures synchronization updates remain within stability limits, balancing
communication efficiency and robustness in multi-agent systems. This result is particularly relevant
for real-world systems constrained by bandwidth (Yu et al., 2024) and computational limitations
(Tripathi et al., 2021).

C THEORETICAL JUSTIFICATION OF ENTROPY-GUIDED SPARSITY

C.1 ENTROPY-GUIDED SPARSITY PRESERVES KEY COMMUNICATION LINKS

Theorem C.1. (Connectivity via Spectral-Aware Repair after Entropy Thresholding)
Let G = (V,E,W ) be the original multi-agent communication graph, where W is the weighted
communication matrix. Define the entropy-based pruning threshold Hthresh, and retain only edges
(i, j) ∈ E satisfying:

H(eij) ≥ Hthresh, (28)

where H(eij) is the Shannon entropy of the information exchanged between agents i and j. Then,
the sparsified graph GS = (V,ES) satisfies:

1. (Connectivity via Repair) Let Ethresh be the edge set after entropy-thresholding. Apply the
spectral-aware repair step from Appendix D.5 that adds up to kr edges using a Fiedler/effective-
resistance heuristic until λ2(LS) ≥ λtarget > 0. If the target is reached, the resulting graph
GS = (V,ES) with ES = Ethresh ∪ Erepair is connected, equivalently, λ2(LS) ≥ λtarget.

2. (Edge count) Let kadd ≤ kr be the number of edges added by repair. Then

|ES | = |Ethresh|+ kadd, kadd ≤ kr. (29)

If each node keeps at most k neighbors in the threshold step, then |Ethresh| ≤ km
2 and hence

|ES | ≤ km
2 + kr. Without a degree cap, |Ethresh| = Sd · |E| with Sd ∈ (0, 1], and the same

additive kr term applied.

Proof. Entropy H(eij) quantifies the uncertainty and informativeness of a communication link.
High-entropy edges introduce novel information, while low-entropy edges indicate redundant com-
munication. Entropy-thresholding yields a candidate subgraph; connectivity is then enforced by the
spectral-aware repair routine from Appendix D.5, which adds edges until λ2(LS) ≥ λtarget. Under
C.3, the resulting GS also satisfies the (1± ε) spectral envelope stated in C.4.
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C.2 RELATIONSHIP TO MUTUAL INFORMATION AND REDUNDANCY REDUCTION

Proposition C.2. (Mutual Information-Based Sparsity Reduction)
Let I(Ai;Aj) denote the mutual information between two agents i and j. If entropy-based sparsifi-
cation removes edges where:

I(Ai;Aj) ≥ Ithresh, (30)
then the expected loss in task performance E[∆J ] satisfies:

E[∆J ] ≤ O

(
|E| − |ES |
|E|

)
. (31)

Under a Lipschitz task-return model, we hold:

E[∆J ] ≤ LJ ·
|E| − |ES |
|E|

, (32)

i.e., degradation scales with the fraction of pruned edges.

Proof. Mutual information I(Ai;Aj) quantifies how much information two agents already share.
High I(Ai;Aj) implies redundancy, meaning that communication between i and j does not con-
tribute significant new knowledge. By pruning edges with high I(Ai;Aj), we minimize redundancy
while preserving task-critical exchanges. A first-order Taylor expansion confirms that expected task
degradation is upper-bounded by the fraction of edges removed.

C.3 SPECTRAL SPARSIFICATION AND TASK PERFORMANCE PRESERVATION

Assumption C.3. (Edge Selection & Degree)
The repair step from Appendix D.5 adds back up to kr edges chosen by an approximate effective-
resistance or Fiedler-leverage heuristic, and the resulting subgraph has bounded maximum degree.
Under these conditions, GS is a (1± ε) spectral sparsifier of G for some ε ∈ (0, 1).

Remark. Classical results imply the existence of (1± ε) spectral sparsifiers with O
(

m logm
ε2

)
edges

(Spielman & Srivastava, 2008); our threshold with repair routine approximates this behavior heuris-
tically.
Theorem C.4. (Spectral Graph Sparsification under Entropy-Based Pruning)
Let L be the Laplacian matrix of the original graph G and LS the Laplacian of the sparsified graph
GS . Then, for sparsification parameter ϵ > 0, we have:

(1− ϵ)L ⪯ LS ⪯ (1 + ϵ)L. (33)

Proof. From spectral sparsification, under C.3, standard sparsification results imply that for all x ∈
Rm,

(1− ε)x⊤Lx ≤ x⊤LSx ≤ (1 + ε)x⊤Lx, (34)
which is equivalent to (1 − ε)L ⪯ LS ⪯ (1 + ε)L. If edges are removed in a way that pre-
serves the dominant eigenvalues of L, the communication structure remains stable. Entropy-guided
pruning selectively retains edges with high information flow, ensuring the sparsified Laplacian LS

approximates the full graph Laplacian within error bounds of ϵ. This guarantees that multi-agent
coordination properties are maintained.

Corollary C.5. If entropy-guided sparsification satisfies C.4, the total performance degradation
∆J is bounded by:

∆J = O

(
|E| − |ES |
|E|

)
. (35)

Under a Lipschitz task-return model with constant LJ ,

∆J ≤ LJ ·
|E| − |ES |
|E|

(36)

Proof. Directly follows from C.2 and C.4.
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D LEARNING AND IMPLEMENTATION DETAILS

D.1 MDP FORMALIZATION

We cast adaptive coordination as an MDP (S,A, P,R, γ). At step t:

• State st summarizes system load and graph statistics, e.g., (utilization vector ut, queue/latency qt,
λ2(LS,t), λ̂max(LS,t), Sd,t, task mix πt, MI summary Īt).

• Action at adjusts (i) communication sparsity via a threshold τt (or a budget bt) and optional
repair steps to meet λ2(LS,t) ≥ λtarget, and (ii) task weights/assignments via a step on the entropy
objective (Eq. (3) in the main text).

• Reward R(st, at) trades performance against messaging:

Rt = Jt − λmsg ·Msgst − λviol ·
[
λtarget − λ2(LS,t)

]
+
,

where Jt is task return/accuracy, Msgst is per-step message count, and [x]+ = max{0, x} penal-
izes spectral violations.

The transition P is induced by the environment/task generator and the graph update.

D.2 Q-LEARNING VARIANT (VALUE-BASED CONTROL)

We use tabular or function-approximation Q-learning for discrete action grids (e.g., τ ∈
{τ1, . . . , τK}, step-sizes for assignment updates) (Watkins & Dayan, 1992).

Algorithm 2 Adaptive Sparse Communication & Entropy-Balanced Tasking (Q-learning)
1: Input: discount γ, learning rate η, exploration ϵ, target λtarget (threshold adaptation uses κ as in

equation 7 of the main text)
2: Initialize Q(s, a)← 0 for all (s, a) (or NN weights), initial graph LS,0

3: for each episode do
4: Reset environment; observe s0
5: for t = 0, 1, . . . , Tmax − 1 do
6: Select at via ϵ-greedy over Q(st, ·)
7: Apply at: update sparsity threshold τt (and repair to enforce λ2(LS,t)≥ λtarget); take one

projected step on the entropy objective for Pt

8: Execute tasks; observe reward Rt and next state st+1

9: Q(st, at)←Q(st, at) + η
(
Rt + γmaxa′ Q(st+1, a

′)−Q(st, at)
)

10: end for
11: end for

For continuous controls (e.g., real-valued τ ), use tile coding or a small MLP. We refresh MI statistics
every KMI steps and estimate λ2 with a few power iterations (reusing Krylov vectors when possible).

D.3 POLICY-GRADIENT VARIANT (ACTOR–CRITIC / PPO)

For smoother control over continuous actions, an actor πθ(a|s) and critic Vϕ(s) are trained with
clipped PPO. At each step we (i) sample at, (ii) apply sparsity/assignment updates, (iii) compute
Rt, and (iv) update θ, ϕ using standard PPO objectives with advantage estimates Ât (GAE). The
spectral penalty integrates naturally into the reward.

D.4 ASSIGNMENT SOLVER DETAILS

We implement Eq. (3) in the main text with projected mirror descent on the simplex: P ←
ProjC

(
P + ηP (∇Hrow + λ∇Hcol)

)
, where C = {P :

∑
j Pij ≤ ci,

∑
i Pij = 1, P ∈ [0, 1]}.

A few inner iterations (1–3) per environment step suffice; capacity violations are clipped and renor-
malized per column.
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D.5 SPECTRAL-AWARE SPARSITY UPDATE

We set the redundancy score rij := Cij = 1
(1+I(Xi;Xj))

(equation 6 in the main text). We form
a candidate active set by thresholding rij at τt, then apply a lightweight repair: add back up to
k edges selected by an approximate effective-resistance or Fiedler-vector leverage heuristic until
λ2(LS,t) ≥ λtarget (or budget is met). This preserves global connectivity while keeping Sd low.

D.6 COMPUTATION & COMMUNICATION COMPLEXITY (PER ENVIRONMENT STEP)

Let m = |V | (agents), |E| the current edges, and n the tasks. Communication-side costs scale with
|E| (≈ Sd ·m2 in dense graphs or ≈ m · k if each node keeps k neighbors), while assignment-side
costs scale with m · n.

• MI refresh (mini-batch, b samples): Õ(b |E|) for simple moment-based estimators; MINE-style
estimators add a small NN update.

• λ2 estimate (power iteration, k steps): O(k |E|) sparse matvecs.
• Repair (add-back kr edges): O(kr logm) if using priority queues / precomputed scores.
• Assignment update (mirror descent, tP inner steps): O(tP mn).

In practice, MI and spectral estimates are amortized by refreshing every KMI/Kλ steps.

D.7 TRAINING PROTOCOL AND DEFAULT

Randomness & evaluation. We report mean over 5/10 seeds runs (per domain:
GSM8K/MMLU/SVAMP/HumanEval: 5, SMACv2/RWARE: 10). Dataset splits are fixed where
applicable. Checkpoints are selected by best validation score; test is run once per seed.

General RL settings. Discount factor γ = 0.99; optimizer Adam (β1 = 0.9, β2 = 0.999); learning-
rate η ∈ [1e− 4, 1e− 3] unless overridden; gradient-norm clip 0.5.

Q-learning (value-based). ε-greedy annealed 0.2→ 0.02 over 3 · 105 env steps; replay buffer 1e6;
batch size 256; target-net update every 1e4 steps; Q-net MLP [256, 256] ReLU.

PPO (actor-critic). Clip 0.2, GAE λ = 0.95, entropy bonus 1e − 3; rollout length 2048, PPO
epochs 4, minibatch 64, policy/value MLP [256, 256] ReLU; value-loss coeff 0.5.

Communication-cost terms. Messaging penalty λmsg ∈ [0.01, 0.1] (domain-specific); violation
penalty λviol = 1.0.

MI estimation (edge priority). Default estimator: moment-based (Gaussian plug-in); MI mini-
batch b = 512; feature window W = 64; refresh every KMI = 10 steps.

Spectral estimates & repair. Power iteration k = 20 per refresh; refresh every Kλ = 5; repair bud-
get kr ∈ [⌊0.01|E|⌋, ⌊0.05|E|⌋] with effective-resistance/Fiedler heuristic until λ2(LS) ≥ λtarget.

E LLM USAGE DISCLOSURE

Writing assistance. We used ChatGPT-5 for grammar polishing only (no content generation); all
technical content was drafted and verified by the authors.
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