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Introduction

Large Language Models show remarkable reasoning
skills, but their performance is often variable. On multi-

Question

Learning Collaborative Reasoning

step or high-stakes problems, individual models can
produce inconsistent or incorrect answers due to
iInherent biases or domain-specific knowledge gaps.

Input

e Variability: The same model can give different
answers to the same problem.
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e Brittleness: Performance can degrade significantly

[Strategy Effectiveness Tracker } )%

onslightly different problem phrasings.

e Limited Dependability: This makes it difficult to
trust LLMs for fully autonomous problem-solving.

We present a Multi-Agent Reinforcement Learning
(MARL) framework for collaborative reasoning, where a
network of agents learns to trust, weight, and integrate
each other's contributions to reach more robust
consensus thanasingle LLM.

N

Key Contributions

e We apply a trust-aware multi-agent reinforcement

learning framework that enables collaborative
reasoning among multiple LLM agents, using a Graph
Attention Network (GAT) to model trust and prioritize
reliable contributions.

2. Stevens Institute of Technology, USA
3. Institut de F'isica d’Altes Energies, Spain

[ Softmax ]

Strategies

0.1 T T TT

lTraining Inferencel """"" (O
' 0.1 T T T T

Stochastic Deterministic | f-------- »
Sampling Sampling ! 0.2 BT
. 0.6 — )

%[Inference

AUTHORS

Projan Shakya* {1}, Kristina Ghimire* {1}, Kashish Bataju* {1}, Ashwini
Mandal {1}, Sadikshya Gyawali {1}, Manish Awale {1}, Manish Dahal {1},
Shital Adhikari {1, 2}, Sanjay Rijal {1, 3}, You Young {4}, Vaghawan Ojha {1}
Correspondence to: vpo4@msstate.edu, vaghawan.ojha@ekbana.net

* Equal Contribution

Agent Policy  Updates during Training )
Policy 1 Update

(REINFORCE)

Strategy Effectiveness | )
Tracker Updates Reward Policy 2 Update
Calculation (REINFORCE)
A A A A

4 )

Policy N Update
(REINFORCE)

o0 0

Trust Matrix Update ]

Evolution

—~ . Y

Graph Structure ]

LLM

Consensus ]

v

Final Answer J

3
|

e We introduce adaptive strategy selection and reward
mechanisms that balance individual performance,
consensus alignment, and reasoning diversity to
improve decision-making and exploration.

e Our approach strengthens collaboration, yielding
consistent improvements In consensus accuracy
across model sizes and benchmarks, independent of
the underlying architecture.
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Collaborative Reasoning Delivers Substantial Gains, Especially
for Smaller Models

Experiments

Performance on GSMlk Mathematical Reasoning Benchmark

“ Individual Agent Accuracy
B Consensus Accuracy
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+17.96%

Relative Gain
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The Framework Also Improves Stability in Scientific and
Commonsense Reasoning

Performance on ARC-Challenge Scientific Reasoning Benchmark

“ Individual Agent Accuracy
B Consensus Accuracy
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Benchmark Comparison

GSMIK ARC-Challenge

Model Accuracy /Model Accuracy\
Ours MARL-GAT (GPT-4.1-mini) 94.00% Ours MARL-GAT (GPT-4.1-mini) 97.00%
GPT-4.1-minit 93.33% Llama-3.1:405B3 96.90%
GPT-401 92.90% GPT-42 96.40%
Ours MARL-GAT (GPT-4.1-nano) 92.67% GPT-4.1-miniT 94.33%
GPT-41 92.350% Ours MARL-GAT (GPT-4.1-nano) 92.00%
GPT-4.1-nanot 90.00% GPT-4.1-nanot 91.67%
Ours MARL-GAT (LIama-3.18B) 83.30% Ours MARL-GAT (LIama-3.18B) 86.00%
Llama-3.1:8B 1 /7.33% Llama-3.1:8BT 84.67%
Llama-3.1:8B! 69.0% Llama-3.1:8B3 83.40%

1- Zhang et al. 2024 2 - HyperAl 2025 3 - Grattafioriet al. 2024 T - Our zero-shot experiments

Ablation Studies Confirm Our Core Design Choices
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Reinforcement Learning
Outperforms -
Supervised Learning Finding
Finding

Reward-driven
adaptation enhances
coordinationand leads
to higher consensus
accuracy.

rewards.

GSMIK),
Rmodiﬁed — Rindividual + AR)

Reinforcement Lea rning (+6, if consensus is incorrect

and agent is correct,
Consensus: 92.67% i

_ _ —0, if consensus is incorrect

SuperVIsed Learnlng AR = ! and agent is incorrect,
Consensus: 92.00% +6™mor - if consensus is correct

and agent is in the correct minority,

L0, otherwise.

Simple Individual Rewards Are More Effective

A direct correctness signal (+1.0 /-0.5) provides a more
stable learning objective than complex consensus-aware

Base Reward consistently achieved higher consensus
accuracy(e.q.,94.00%vs 93.6/% for GPT-4.1-minion

A Moderate Bias Towards Proven Strategiesis
Optimal

Finding

A smallbias (7Y=0.1) balances exploiting known
effective strategies with exploring new ones,
maximizing consensus, while a higher bias (7 =
0.7) limits exploration and no bias (Y= 0.0) yields
the lowest accuracy.

92.67%
90.33%

89.67%

Accuracy

0.0 0.1 0.7
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References Conclusion

Effective but costlier
Improves robustness across tasks, but increases compute use and
inherits biases from base models.

Multi-agent collaboration boosts reasoning
Coordinated agents outperform single models through shared
decision-making.

Adaptive trust networks
Agentslearn who to trust, strengthening links with reliable
collaborators over time.

Larger performance gains for smaller models
Collectivereasoning provides large performance gains for weaker
models while stabilizing stronger ones.

GAT Policy Network
7= (W - GATy(GAT;(X,E),E))

Xis the node feature matrix, Eis the edge index tensor,Wis the
output weight matrix, and7is the logits obtained from policy
network, also referred to as GAToutput .

Strategy Effectiveness

A global tracker adaptively biases agents toward historically
successful strategies by retrieving similar past outcomes and
updating effectiveness via an exponential moving average.

SI = (1—a)sl) ¥

5, T Q- Csg
(t) . .
Ss,q denotes the effectiveness score for strategy s on question
embeddingq attimet. cgﬂq IS the binary correctness indicator (1

if correct, Oifincorrect). &« is EMA smoothing factor.

Strategy Selection

Agents use GAT outputs plus effectiveness bias to sample
diverse reasoning strategies tailored to the question and graph
context.

t

P(strategy) = softmax (GAToutput + v X Ss( g)l)

Y is a tunable parameter controlling the influence of

effectiveness bias s .

Consensus

A trust-weighted consensus aggregates agent answers, giving
higher influence to reliable agents while preserving diverse
INnputs.

For each candidate answer, the total score is computed as the
sum of weights of agents selecting that answer

1
DR S
agentEP answer Z‘ ]E./\/;

Ni={jlT; >0, j+#i} denotes the set of agents trusted by agent .
The final consensus is determined by applying a softmax
function over these scores to produce a probability

distribution:

S answer

€Xp ( S answer; )

Z eXp ( S answer )
J

P(answer;)

Punswer denotes the set of agents selecting that answer. The
answer with the highest probability is selected as the
CcONsensus answer.

Rewards
+1.0,

0.5,

if correct,

Rindividual — {

if incorrect.

Methodology

Overall Pipeline

Questions are embedded, agents choose strategies via a GAT-
based policy, generate answers with LLMs, and a trust-
weighted consensus selects the final output.
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