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LLMs struggle with social reasoning Avalon as a benchmark
Social reasoning: inferring hidden beliefs & intentions from partial Social-deduction game with hidden roles and partial observability
observations Requires long-horizon reasoning, consistent belief tracking, and
LLMs have strong performance in exchange for slow, expensive test-time coordination across multiple agents
inference, smaller LLMs have poorer reasoning abilities Strong benchmark for evaluating social reasoning, robustness, and
LLMs fail at maintaining structured beliefs handling uncertainty

We propose Graph Reasoning Agent Informed through Language
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Factor Graph: Structured graph of variables (beliefs) and factors Message Passing: We perform belief propagation to update the
(constraints) that update agent beliefs each round using both hard game belief nodes through the factors, producing updated posterior beliefs
rules and soft evidence from observations that combine observations, rules, and language-based priors
Language Priors for Bayesian Inference: We provide the current belief Hybrid Reasoning Framework: Combines LLM language
to LLM and evaluate whether the behavior is consistent with the belief. understanding with structured probabilistic inference, enabling
Based on outcome, adjust the prior probability over role belief nodes belief tracking even when the LLM fails at long-horizon reasoning
GRAIL allows non-reasoning LLMs to outperform LRMs GRAIL outperforms SotA on Agent-Agent game win rates
Llama 8B with GRAIL is comparable with Deepseek 671B R1 GRAIL agents had the highest win rate when playing against other models
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GRAIL increases token efficiency GRAIL reduces the average per-turn wall-clock time
On average 2000% less output tokens compared to the other models Compared to DeepSeek-R1 model, GRAIL produces results faster
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GRAIL decreases hallucinations frequency GRAIL wins 67% of real games against humans
In social reasoning games, GRAIL hallucinates less than the DeepSeek R1 Humans preferred our model over other human players in
model due to the hybrid reasoning framework terms of success contribution and helpful comments
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