
AGENTIC LARGE LANGUAGE MODELS FOR DECEN-
TRALIZED MULTI-AGENT GAMES

Dom Huh
University of California, Davis
dhuh@ucdavis.edu

Prasant Mohapatra
University of South Florida
pmohapatra@usf.edu

ABSTRACT

Language is a ubiquitous tool that is foundational to reasoning and collabora-
tion, ranging from everyday interactions to sophisticated problem-solving tasks.
Establishing a common language in multi-agent systems is an important founda-
tion for facilitating desired coordination and strategies. In this work, we extend
the capabilities of large language models (LLMs) by integrating them as power-
ful reasoning devices within multi-agent decision-making processes. We propose
a systematic framework focused on key integration practices involving dynamic
prompting techniques, multi-modal information processing, agentic roles and tool
usage, and alignment methods specialized towards multi-agent objectives. We
evaluate these design choices through extensive experimentation on classic game
settings with key underlying social dilemmas and game-theoretic considerations.
Our findings affirm the importance of the non-trivial design choices made by our
proposed framework, which target alignment with specific solution concepts.

1 INTRODUCTION

Recent advances in large language models (LLMs) have renewed interest in language-driven coor-
dination among autonomous agents. In multi-agent systems, language plays a role similar to that
in human societies. It allows agents to communicate intentions, align objectives, and coordinate
actions (Li et al., 2023; Guo et al., 2024; Tran et al.). Despite progress, the robustness of these capa-
bilities is still uncertain (Shojaee*† et al., 2025). LLMs often underperform when they lack context
or mechanisms to interpret and translate context into relevant reasoning and action (D’Amour et al.,
2022; Zhang et al., 2022; Wu et al., 2024; Fedorenko et al., 2024).

In this work, we investigate limitations of LLMs in decentralized multi-agent decision-making sys-
tems. We specifically study how integrating LLMs leverages a grounded framework to facilitate
coordination and to understand the context of multi-agent tasks. We propose a novel LLM-based
framework that employs dynamic multi-stage prompt chaining to guide in-context learning (ICL),
multi-modal information processing to handle non-textual data (observations, actions, rewards),
agentic roles, tool usage, and introduces alignment methods to enrich learning signals from unique
aspects of multi-agent decision-making. We evaluate our framework on classic games, such as the
Prisoner’s Dilemma, Chicken, and Stag Hunt, under decentralized, incomplete, and dynamic set-
tings. Our results show that our framework enables stronger coordination, as indicated by higher
social welfare in incentive-incompatible settings, greater convergence to target solutions, and im-
proved robustness in incomplete information environments and ad hoc team play, affirming a greater
degree of grounded natural language use in multi-agent game dynamics.

2 BACKGROUND

2.1 MULTI-AGENT DECISION-MAKING AND GAME-THEORETIC FOUNDATIONS

Multi-agent decision-making studies how multiple autonomous agents interact within a shared en-
vironment, where outcomes depend not only on an individual agent’s actions but also on the joint
behavior of all agents (Shoham and Leyton-Brown, 2008). Classical formulations are grounded in
game theory, which provides formal solution concepts such as Nash equilibrium, Pareto efficiency,
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correlated equilibrium, and regret minimization to characterize expected, rational, and stable behav-
iors under strategic interactions (Roughgarden, 2010). A formal representation that captures such
settings is the stochastic game (Shapley, 1953; Bowling and Veloso, 2001), serving as the basis for
a wide range of multi-agent applications (Busoniu et al., 2010; Huh and Mohapatra, 2024). In our
work, we consider n-player stochastic game is a 4-tuple G = (S,A, r, T ) where these elements are
defined as:

• S is the set of (global) states.

• A = A0 ×A1 × · · · ×An is the joint action space, where Ai is the action space of agent i.

• r = r0 × r1 × · · · × rn is the joint reward function.

• T : S × A × S 7→ P (S) is the state transition operator which maps a state-action pair to
the probability of next states.

2.2 LLMS FOR REASONING IN DECISION-MAKING AGENTS

LLMs have demonstrated remarkable capabilities in natural language understanding, reasoning, and
instruction following (Brown et al., 2020; Wei et al., 2023). Beyond passive text generation, re-
cent work has explored LLMs as active decision-making agents capable of planning, tool use, and
environment interaction (Yao et al., 2023; Schick et al., 2023). These developments suggest that
language itself can function as a substrate for reasoning, memory, active perception, and action
selection. Despite these advances, LLM reasoning remains highly sensitive to prompt structure,
context completeness, and task grounding (D’Amour et al., 2022; Wu et al., 2024). In decision-
making settings, insufficient or ambiguous context can lead to hallucinations, miscalibrated strate-
gies, or incorrect assumptions about the environment. These limitations are particularly pronounced
in multi-agent settings, where agents must reason not only about the task but also about others’
beliefs, incentives, and potential actions.

2.3 LLMS IN MULTI-AGENT SYSTEMS

Recent work has explored the emergence of languages among agents (Lazaridou et al., 2018), but
these concepts are typically opaque and difficult to align with human-interpretable reasoning. This
limitation motivates exploring natural language as a communication medium, which offers expres-
siveness, compositionality, and interpretability. However, grounding language in action and ensuring
its consistent use for coordination remain central challenges (Luketina et al., 2019). The integration
of LLMs into multi-agent systems is emerging as a way to enable flexible coordination, theory of
mind, and social reasoning (Li et al., 2023; Guo et al., 2024; Tran et al.), demostrating emergent
cooperative behaviors with the right prompts and feedback (Park et al., 2023; Webb et al., 2023).

Many approaches treat LLMs as monolithic agents, relying on prompt engineering and emergent
linguistic behaviors without explicitly grounding language in game dynamics, agent-specific state,
or formal solution concepts. In contrast, multi-agentic LLM systems decompose behaviors by as-
signing fixed roles, typically with distinct parameters or context windows, to emulate specialized
agents, yet they still lack principled guarantees (Guo et al., 2024). A central open problem remains:
aligning LLM-driven agents with multi-agent objectives, such as equilibrium computation, incentive
compatibility, or learning dynamics toward no-regret or best-response—especially in decentralized
settings with incomplete information and repeated interaction.

3 MULTI-AGENT PROMPTING DESIGN

We propose a structured approach to prompting LLMs for effective multi-agent decision-making,
following an iterative, multi-stage prompt chaining framework inspired by ReACT(Yao et al., 2023)
as the player progresses through different phases of the decision-making process. To mitigate context
degradation over time(Hong et al., 2025), we practiced minimalism by enforcing a hard per-stage
token limit and prefacing an explicit call for response brevity while maintaining sufficient expres-
siveness to complete desired tasks when token limits were frequently enforced. We view this process
as applying multi-agent-specific inductive bias to the model’s ICL.
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3.0.1 SYSTEM PROMPT

The system prompt establishes foundational context and behavioral guidelines for the LLM. It
sets the stage for role-based reasoning by embedding ethical, operational, and performance-related
guidelines that shape the model’s behavior. In multi-agent settings, the system prompt consists of
four core components:

1. Role Definition: This section defines the LLM’s role within the game. Our main use case
is for the LLM to function as a player. Other roles include a centralized observer who
evaluates players’ behavior or a mechanism designer who can modify the game dynamics.
We define any role-specific tokens and available tools in this section.

2. Task Context: This section outlines essential information about the game, such as its rules,
the roles of players, the observation and action spaces, the payoff structures, and the game
dynamics. Importantly, the granularity and scope of the task context may vary depending
on the LLM’s role and the nature of the task. This enables us to flexibly explore different
game variants and their implications. The task context should be consistent with the role
definition; for instance, a player’s task context may be limited due to its local view of its
environment.

3. Multi-Agent Context: This section defines the target solution concepts or objectives (e.g.,
Nash equilibrium, Pareto efficiency, social welfare maximization, regret minimization).
These objectives guide the LLM’s reasoning and incentivize different behaviors. Addition-
ally, this context may include guidance on incorporating game-theoretic reasoning strate-
gies, such as theory of mind or induction, through statements to encourage such concepts.

3.0.2 MULTI-STAGE PROMPT CHAINING

We model an LLM-driven agent as a stochastic decision-making policy augmented with an in-
ternal, language-mediated latent belief state. Consider a multi-agent stochastic game G =
(S, {Ai}Ni=1, T, {ri}Ni=1). Each agent i is represented by a policy

πi(a
i
t | oit,mi

t; θi), (1)

where oit ∈ Oi denotes the agent’s local observation at time t, mi
t ∈ M is a latent belief state en-

coded in natural language, ait ∈ Ai is the selected action, and θi are the parameters of the underlying
language model and associated modules. We view this as modeling each player’s decision-making
process as a structured, multi-stage prompt-chaining pipeline that decomposes complex multi-agent
reasoning into modular, interpretable components. Unlike classical belief states, mi

t is not an ex-
plicit probability distribution but a compressed linguistic representation that encodes inferred beliefs
about the environment dynamics, other agents’ objectives, and relevant interaction history, i.e., the
context window.

The belief state evolves according to a language-based update operator:

mi
t+1 = U(mi

t, o
i
t, c

i
t), (2)

where cit denotes incoming communication from other agents and U is implemented via structured
prompting of the LLM over a set of defined stages. We decompose the agent’s decision-making
process into modular transformations, i.e., stages, over the belief state:

1. Thinking (Belief Update).
m̃i

t = T (mi
t, o

i
t), (3)

where T refines the belief state by integrating new observations and internally simulating
plausible opponent strategies or outcomes under bounded rationality. Here, the players are
prompted to engage in structured reasoning before taking any action. Similar to general
reasoning and analogical prompting (AP) (Yasunaga et al., 2023), the player is encouraged
to simulate possible and similar scenarios, analyze strategic factors, and reflect on its in-
dividual objectives as well as its role within the broader multi-agent environment. This
introspective process aims to foster a more interpretable and thought-out decision-making
process.
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2. Communication (Belief Exchange).

m̃i
t = C

(
m̃i

t, {c
j→i
t }j ̸=i

)
, (4)

where messages from other agents modify the belief state, enabling coordination through
belief alignment rather than explicit policy coupling over a predetermined number of
rounds, either simultaneously or sequentially, depending on the game’s protocol.

3. Reflection (Belief Evaluation).
m̄i

t = F(m̃i
t, r

i
t−1), (5)

where F evaluates past actions and outcomes (e.g., realized rewards or deviations from ex-
pected behavior), allowing the agent to revise incorrect assumptions, detect inconsistencies,
or update expectations about other agents. This stage encourages deep assessment using
multi-agent reasoning with counterfactual analysis to understand the strategic dynamics
and to assess not only the consequences of its actions but also understand how alternative
choices can yield different results in a counter-factual manner.

4. Recall (Belief Compression and Retrieval).
m̂i

t = R(m̄i
t), (6)

where R retrieves and compresses relevant past interactions from long-term memory into a
compact belief representation suitable for the current context. Reflection operates on short-
horizon outcome feedback, while recall serves as a long-horizon compression mechanism
for repeated interaction. This distilled representation is then stored in the players’ memory,
forming a compressed yet informative memory that can be recalled in future rounds to
inform and drive desired behavior.

5. Action Selection (Policy Extraction).
ait ∼ πi(· | oit, m̂i

t; θi), (7)

where the agent samples an action conditioned on the current observation and belief state.
Optional refinement mechanisms, such as joint-action calibration, may be applied to im-
prove robustness. We incorporate zero-shot CoT and a novel variant of self-calibration
(Kadavath et al., 2022) and USC (Chen et al., 2023), called joint-action calibration (JAC),
to encourage the players to explicitly reason through their choices, using agent modeling
and theory of mind, and to formulate confident answers. JAC consists of three steps:

• Sampling: The player generates multiple potential joint strategies, with an emphasis
on realism and its target objective. These responses are generated in parallel at high
temperature, and, for certain use cases we will discuss later, we use these sampled
responses to construct the player’s underlying mixed strategy.

• Ranking: The player is asked to rank the generated joint strategy from most to least
consistent.

• Self-Evaluation: The player is then asked to self-evaluate the ranked strategy in a
simple true-false prompt. If the player determines the strategy to be unrealistic or not
aligned with the target objective, we work down the ranking. If no strategy is selected,
we revert to the highest-ranked strategy using a heuristic.

During sampling, we retain only the selected response in our context window. Importantly,
to avoid formatting issues, we provide an explicit list of admissible choices and dynamic
exemplars, along with clear formatting instructions, to ensure structured extraction.

3.0.3 TOOLS USAGE

We extend the use of commands and tooling (Schick et al., 2023), which enable players to dynam-
ically call upon active functions (i.e., think, communicate, and recall) to explore and understand
their environment to gather the specific context needed to achieve their goals. These tools are di-
rectly called upon by the LLM at any stage and enable a dynamic enrichment of the players’ context
windows. Descriptions of these active functions’ usage are provided in the system prompt.

Importantly, we note that this framework is not attributable to prompting alone: communication, be-
lief calibration, and recall/memory operate as structured belief transformations rather than surface-
level instruction tuning.
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4 LLM SELECTION AND DESIGN FOR A DECISION-MAKING CONTEXT

For our experiments, we adopt the open-source LLM GEMMA 3 (Team et al., 2025a), which bal-
ances performance and computational efficiency during both training and inference. Specifically,
the GEMMA model we selected was instruction-tuned and demonstrates strong generalization across
reasoning and dialogue tasks.

4.1 MULTI-MODAL LLMS WITHIN DECISION-MAKING ENVIRONMENTS

In many scenarios, conveying task-relevant information solely through textual input is either imprac-
tical or insufficient. Certain modalities, such as continuous-valued data (e.g., floating-point observa-
tions) and unstructured inputs (e.g., images, audio), are not easily tokenized directly nor interpreted
by LLMs out of the box. To address this limitation, we explore modality-specific modules that pro-
cess such inputs and naturally interface with the LLM’s reasoning pipeline. Inspired by prior work
in vision-language and vision-language-action modeling (Liu et al., 2023; Team et al., 2025b;a), we
use soft token projection. In this method, the latent representations are projected to produce soft
tokens, which are then combined with the text token sequence. The LLM processes this combined
token sequence, enabling joint multimodal reasoning without major architectural changes. To sup-
port this integration, we define special query tokens <{OBS,ACT,REW} {INPUT,OUTPUT}> in the
system prompt, which the LLM can invoke to specify the modality type and the multi-modal mod-
ule’s inputs and outputs. The decoder takes in the LLM’s hidden state at the special query token to
generate the specified modality output used within assistant responses. Each modality is processed
separately and is not combined in any fashion, although the modalities share intermediary layers that
connect to the LLM. These tokens are not role-specific and are described explicitly in the system
prompt to ensure correct usage and interpretability. As these projection weights must be trained
for feature alignment, we curate a dataset spanning all evaluation tasks and perform supervised
fine-tuning, embedding multi-modal observations, actions, and rewards into the prompt via special
tokens. The projections continue to train during later fine-tuning stages to maintain alignment with
the evolving policy behavior.

4.2 AGENTIC ROLES FOR MULTI-AGENT TASKS

Instead of representing each player with a single LLM, we can allocate sub-roles delineating sub-
processes a player should complete in each step of the decision-making process to separate LLMs.
A central trade-off to consider is the utility of these sub-processes’ specialization relative to the
computational burden of maintaining and training multiple specialized LLMs. To achieve this vari-
ant of our proposed framework, we define a set of parameters specific to each stage the LLM is
responsible for, along with a curated system prompt for each stage. In practice, we found applying
a seeded drop-out, i.e., parameter masking, on trainable weights between stages sufficiently mim-
icked this notion. Along with the unique role definition in the system prompt, we include context
regarding the preceding and following stages. Outside the scope of our work, we suggest exploring
greater compartmentalization within each stage, resulting in more hierarchy and sub-roles within
each sub-process, to reduce complexity. Although many of the proposed stages are sequential, to
further improve inference efficiency, some stages, such as reflection and recall, are not necessarily
critical to one another and could therefore be run in parallel.

4.3 LLM-DRIVEN MECHANISM DESIGN

Beyond selecting actions supported by LLM reasoning, we explore the potential of LLMs for mech-
anism design. We assign the role of mechanism designer (MD) to a separate LLM, which can
construct and adapt task rules that shape players’ incentives to induce desired outcomes under strict
constraints. MD-LLM can propose modifications such as:

• Impose global rules/statements that are appended to the player’s context windows, specifi-
cally in their system prompt. These added messages can be interpreted as soft rules.

• Adjust the communication protocol, including the number of communication rounds and,
potentially, the communication graph itself.
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Figure 1: An example of MD-LLM on the game of Chicken, generating new mechanisms to guide
players towards desired solution concept.

We emphasize minimal intervention and ensure that only feasible changes are permitted. The system
prompt for the mechanism designer is structurally similar to that of a player LLM but includes a
different role definition. It also receives parsed context windows from all players, allowing it to
assess the current situation before suggesting adjustments. The MD-LLM is fine-tuned using the
same methodology as player LLMs.

4.4 ALIGNING LLMS FOR MULTI-AGENT DECISION-MAKING

Although LLMs possess strong general-purpose reasoning capabilities out of the box, fine-tuning
is often essential to align their outputs with the specific demands of multi-agent decision-making
(Subramaniam et al., 2025). In this section, we detail our fine-tuning methodology, designed to pro-
mote understanding, strategic reasoning, and effective coordination in multi-agent decision-making
tasks.

Learning on Correctness To encourage desirable behaviors, we align the LLM using known
ground-truth answers:

• Q/A Fine-tuning The players are prompted with curated questions relevant to understand-
ing the underlying multi-agent evaluation tasks. Assuming the LLM is prompted with
Player A’s context window in a two-player game, we utilize pre-formatted questions with
ground-truth answers, such as:

– If Player B chose action 0 and I chose action 1, what payoff will Player B receive?
– If Player B received a reward of 1 and I chose action 1, what action did Player B

choose?

Correct responses are rewarded, enabling models to learn to infer from the game’s im-
portant context. We provide the player with varying portions of their context window,
specifically between its system prompt and action selection, prior to the Q/A. We ensure no
information leakage, meaning the true answer is not directly stated in the player’s context.
However, the answer may be indirectly stated or inferred within the context window, such
as in the task context.

• Action Supervision: In several of the evaluation tasks, ground-truth actions are defined
under a target solution concept. Since our distributed LLM players operate under limited
and incomplete information, it is beneficial to use these correction signals to guide players’
decision-making toward these known solutions. We use a player’s context window before
the action selection stage to align the selected action with the expected action in the solution
concept. In many games, the target action depends on the other player’s actions. So, given
that the LLM is prompted with Player A’s context window in a two-player game, we inject
additional context, such as ”Assume Player B chose action 0,” rather than asking the player
to select an action. In cases where the target strategy is mixed, we directly compare the
extracted mixed strategy using a greater number of samples.

For the correctness reward functions, a positive reward of wc, where w ∈ [0, 1] is a hyperparameter,
is given if the LLM provides the correct answer, whereas a negative reward of −wc is provided
otherwise.

Learning with LLM Feedback Beyond direct supervision, we leverage LLMs as critics to pro-
vide training feedback through two approaches:
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Coop. Def.
Coop. c, c a, d
Def. d, a b, b

Table 1a: Prisoner’s Dilemma.

Swerve Stay
Swerve c, c b, d
Stay d, b a, a

Table 1b: Chicken.

Stag Hare
Stag d, d a, b
Hare b, a c, c

Table 1c: Stag Hunt.

Table 1: Generalized Payoff Matrices for Classic Games where 0 ≤ a < b < c < d.

• Centralized Evaluation: A centralized LLM is granted access to players’ context window
to assess players’ strategies. These evaluations serve as auxiliary correction signals to guide
agent behavior toward globally coherent strategies. During this process, the centralized
evaluator is a frozen, pretrained LLM. Given all of the players’ context windows, the LLM
will be prompted to evaluate each player’s behaviors and how aligned their overall thought
process was towards their goals.

• Team Feedback: We enable inter-agent feedback, where players assess one another from
a teammate perspective. Given a player’s local context, each player is prompted to evaluate
another player’s behaviors, as proposed in the centralized evaluation, with respect to their
own goals. We aggregate each player’s scoring.

In both feedback learning approaches, we standardize the reward to [−wf , wf ] per batch, where wf

is a hyperparameter.

Parameter-Efficient Fine-Tuning To fine-tune LLMs feasibly, we employ PEFT techniques, VB-
LoRA (Li et al., 2024), selecting a subset of layers within the embedding function and LLM to be
trainable. We primarily target a limited set of linear and attention modules. Therefore, the trainable
parameters are reduced to these adapters in the LLM, the RAG embedding function, and the multi-
modal modules. For the reward-based fine-tuning approaches in this stage, we employ GRPO (Shao
et al., 2024), where gradient computation is calculated and applied simultaneously in a semi-online
fashion.1 For our training, while the context window is generated sequentially through prompt
chaining, we can pass final complete context windows for parallelized batched training. We avoid
gradient updates based on non-generated tokens by zeroing out their gradients. Lastly, we study the
effects of trainable parameter sharing between players to varying degrees in our evaluation.

5 RESULTS AND DISCUSSION

We evaluate the proposed framework in decentralized multi-agent decision-making settings using
a suite of classic matrix games with well-understood strategic structures and solution concepts,
see in Table 1. Our goal is not merely to demonstrate improved performance over naive LLM
baselines, but to isolate which design choices are necessary to effectively guide ICL reasoning in
multi-agent game dynamics and how these choices affect convergence, equilibrium behavior, and
social outcomes under incomplete information. We intentionally focus on matrix games to isolate
coordination, equilibrium selection, and belief alignment effects without confounding exploration
or function approximation errors. We evaluate performance on Prisoner’s Dilemma, Chicken, and
Stag Hunt, reporting three complementary metrics: convergence rate (i.e., the percentage of runs
converging to a target N.E.), equilibrium divergence (i.e., mean KL divergence between sampled and
target N.E. strategy), and average social welfare (i.e., average cumulative payoff over population).
To represent mixed strategies in computing equilibrium accuracy, we aggregate selection statistics
across n trials of the action-selection stage, using a sufficiently high temperature to achieve diverse
sampling. On other stages, the temperature is set to zero. In our experiments, we use a classic
baseline prompting approach: a monolithic LLM with a system prompt that provides minimal task
context (i.e., a short description of the payoff matrix) and a prompt for action selection. In these
experiments, the task context will be restricted (i.e., no information regarding other players’ strategy)
and avoiding information that can allude to the known game directly, masking the players’ name to
(A,B), actions to (0, 1), obfuscating opponents’ payoffs, as such information would render these
experiments trivial, as these LLMs were likely pre-trained on relevant data.

1A warm-start pre-fills a queue-like dataset using a behavioral base LLM. Then, samples are collected
following the target LLM for sequential training steps.
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Table 2: Detailed performance on classic matrix games using decentralized, pre-trained players.
Rows correspond to progressively enriched prompting and coordination components, compounding
toward the full system. Each cell reports results from playing against a baseline agent, itself (self-
play), and the full system. Metrics include convergence rate, equilibrium divergence, and social
welfare.

Method Prisoner’s Dilemma Chicken Stag Hunt
Conv. Div. Welfare Conv. Div. Welfare Conv. Div. Welfare

Baseline Prompt 0.17/0.17/0.53 0.42/0.43/0.30 -11.1/-11.0/-9.9 0.33/0.33/0.70 0.32/0.32/0.24 -10.1/-10.1/-8.7 0.40/0.40/0.63 0.29/0.29/0.18 3.2/3.2/3.6
+ System Prompt

+ Role Definition 0.13/0.23/0.53 0.44/0.40/0.28 -11.1/-10.7/-9.9 0.33/0.33/0.70 0.32/0.31/0.24 -10.1/-9.9/-8.7 0.40/0.47/0.67 0.21/0.15/0.09 3.2/3.2/3.6
+ Task Context 0.13/0.37/0.57 0.42/0.35/0.23 -10.9/-9.6/-8.7 0.47/0.50/0.73 0.30/0.28/0.19 -9.9/-9.7/-8.7 0.47/0.57/0.70 0.21/0.15/0.09 3.3/3.3/3.6
+ Multi-agent Context 0.20/0.43/0.63 0.40/0.24/0.12 -10.8/-9.5/-8.7 0.40/0.63/0.83 0.31/0.24/0.15 -9.9/-9.6/-8.7 0.53/0.67/0.77 0.21/0.15/0.09 3.3/3.4/3.6

+ Thinking 0.27/0.43/0.63 0.41/0.19/0.12 -10.8/-9.3/-8.3 0.43/0.67/0.83 0.32/0.23/0.15 -9.8/-9.5/-8.7 0.53/0.70/0.77 0.21/0.15/0.09 3.3/3.5/3.6
+ Multi-agent Comm. 1

+ 1 round 0.43/0.67/0.73 0.38/0.13/0.07 -10.5/-8.3/-7.8 0.53/0.73/0.87 0.29/0.18/0.12 -9.3/-9.3/-8.7 0.57/0.87/0.90 0.21/0.15/0.09 3.5/3.7/3.7
+ 3 rounds 0.43/0.73/0.77 0.38/0.12/0.04 -10.3/-7.5/-7.5 0.63/0.87/0.90 0.25/0.13/0.09 -9.3/-9.0/-8.4 0.57/0.87/0.90 0.20/0.12/0.09 3.5/3.7/3.7

+ Action Selection
+ JAC 2 0.50/0.77/0.83 0.34/0.10/0.04 -9.9/-7.5/-7.2 0.67/0.90/0.93 0.24/0.09/0.08 -8.8/-8.6/-8.4 0.60/0.90/0.90 0.19/0.12/0.09 3.5/3.7/3.8

+ Recall 2,3 0.53/0.87/0.87 0.30/0.04/0.04 -9.9/-7.1/-7.1 0.70/0.93/0.93 0.24/0.07/0.07 -8.7/-8.3/-8.3 0.63/0.90/0.90 0.18/0.09/0.09 3.6/3.8/3.8
1 Baseline agents do not generate or receive communication; the opposing agent assumes no message was sent.
2 For each game iteration, only the final selected strategy is evaluated; intermediate strategies generated during JAC sampling are excluded.
3 Memory-context results are obtained from repeated-game settings with five total iterations. Memory is injected during both the system-prompt and action-selection stages. Reported
statistics use the strategy produced in the final iteration.

Table 3: Performance of baseline and full system agents across proposed LLM design. Results are
averaged over each game setting. Each cell reports results when playing against a baseline agent,
itself (self-play), and the full system without additional LLM design, respectively. Configurations
vary across multi-modal inputs, agentic roles, and alignment methods for the base game, MD game,
and fine-tuned MD game.

Design Base Game MD Game Finetuned MD Game
Conv. Div. Welfare Conv. Div. Welfare Conv. Div. Welfare

Baseline 0.30/0.30/0.62 0.34/0.34/0.24 -6.1/-6.0/-5.1 0.45/0.57/0.65 0.30/0.27/0.21 -4.8/-4.5/-4.5 0.48/0.60/0.65 0.30/0.27/0.18 -4.8/-4.4/-4.5
Baseline + fine-tuning 0.45/0.54/0.60 0.31/0.22/0.26 -6.3/-5.2/-5.4 0.62/0.62/0.65 0.25/0.20/0.24 -4.8/-4.1/-4.6 0.62/0.80/0.68 0.21/0.18/0.16 -4.3/-4.1/-4.6
Baseline + multi-modal + fine-tuning 0.38/0.60/0.60 0.31/0.22/0.26 -6.3/-5.2/-5.4 0.60/0.67/0.72 0.25/0.20/0.24 -4.8/-4.1/-4.6 0.62/0.80/0.72 0.21/0.18/0.16 -4.3/-4.1/-4.6

Full system, no multi-modal, no roles, no fine-tuning 0.62/0.75/0.75 0.24/0.20/0.20 -5.1/-4.0/-4.0 0.65/0.80/0.80 0.21/0.18/0.18 -4.5/-3.5/-3.5 0.65/0.85/0.85 0.18/0.17/0.17 -4.5/-3.2/-3.2
Full system + agentic roles (no dropout) 0.62/0.80/0.78 0.24/0.16/0.18 -4.8/-3.5/-3.8 0.65/0.82/0.82 0.22/0.15/0.16 -4.2/-3.2/-3.5 0.68/0.85/0.82 0.20/0.16/0.15 -4.2/-3.0/-3.0
Full system + agentic roles + fine-tuning, no multi-modal 0.65/0.82/0.80 0.22/0.15/0.18 -4.0/-3.5/-3.2 0.75/0.88/0.85 0.18/0.15/0.12 -3.3/-3.0/-2.8 0.78/0.88/0.88 0.15/0.12/0.10 -3.0/-2.8/-2.5
Full system 0.70/0.85/0.85 0.20/0.15/0.12 -3.8/-3.4/-3.0 0.78/0.90/0.90 0.15/0.12/0.10 -3.0/-2.8/-2.5 0.82/0.90/0.92 0.12/0.10/0.08 -2.7/-2.5/-2.3

5.0.1 EVALUATION ON MULTI-AGENT PROMPTING DESIGN

We conduct a progressive ablation study in which components of the framework are incrementally
introduced, starting from a minimal baseline prompt and compounding toward the full system, i.e.,
including more components of multi-stage prompt chaining available to the agent for use. Table
2 summarizes performance across 30 independent random seeds, evaluating performance against a
random, self, and full system. We note all methods tested in this experiment used only the pre-trained
LLM, without our proposed LLM design.

As expected given the precautions taken and design of the experiments, the results report baseline
methods to yield low convergence and high equilibrium divergence across all games, indicating un-
stable and inconsistent strategy selection. Adding a system prompt and role definitions produces
only minor changes, suggesting that shallow task framing alone does not meaningfully constrain
agent behavior. In contrast, incorporating task-specific and multi-agent context leads to a marked
increase in convergence and a reduction in divergence, particularly in self-play. This trend high-
lights the importance of explicitly conditioning the policy on shared game structure and opponent
presence, even in the absence of communication. The thinking stage further stabilizes behavior by
enabling internal simulation of opponent responses, improving convergence without significantly
altering welfare. Explicit multi-agent communication yields the largest performance gains. Even
a single communication round substantially reduces equilibrium divergence and increases conver-
gence across all games, with diminishing returns beyond three rounds. This suggests that com-
munication primarily reduces equilibrium selection uncertainty rather than improving individual
best-response accuracy. Overall, the results demonstrate a clear functional separation: contextual
grounding and reasoning improve individual strategic consistency; communication enables belief
alignment and coordinated equilibrium selection; action calibration enhances robustness; and mem-
ory stabilizes behavior over time. Together, these components compound to produce LLM agents
capable of stable, coordinated decision-making in decentralized multi-agent environments.
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(a) Results from Misaligned Objectives. (b) Interpretation.

Figure 2: Misaligned Objectives on Prisoner’s Dilemma. The purple boxes are the Pareto efficient
strategies, i.e., the objective of Player A, and the blue box is the N.E., i.e., the objective of Player B.

5.1 EVALUATION OF LLM DESIGN

Table 3 reveals several consistent trends, notably the improvements from fine-tuning, along the
design configuration and the MD-LLM on all three metrics. First, convergence rates generally in-
crease as the system incorporates more sophisticated components: the baseline alone improved by
fine-tuning, then even greater using our multi-modal information processing. Similarly, the full sys-
tem improved using agentic roles with no seeded dropout, albeit minimally. Through fine-tuning,
along with agentic roles and multi-modality, the full system reaches the highest convergence. Over-
all, these empirical results indicate that explicit role modeling, alignment-oriented updates, as well
as data modality-specific processing enables agents to coordinate more reliably across these games,
affirming that our design effectively guides agents toward more predictable, stable strategic behav-
ior in both isolated and interactive contexts. Furthermore, we confirm that each component of the
proposed LLM design contributes meaningfully to more stable, equilibrium-aligned, and socially
efficient multi-agent behavior, highlighting the cumulative benefit of combining architectural, con-
textual, and training-based enhancements.

5.2 MISALIGNED SOLUTION CONCEPTS

We consider a scenario with asymmetric objectives, where differing objectives lead to incentive
incompatibilities. We study the classic example of Prisoner’s Dilemma, where one player aims for
N.E. and the other aims for an (Pareto) efficient solution. In theory, the two players’ objectives do not
align, meaning there is no strategy that is compatible with both solution concepts. In this case, when
we look at the players’ communication logs in Figure 2b, both players display a notable level of
distrust, despite there being no actual intent to deceive on either end. Within the players’ reasoning,
this type of communication contributes to more advanced social skills, such as a willingness for
leniency, reciprocity, and retaliation. With fine-tuning alone, the resulting strategy profile leans more
toward the stable state, i.e., N.E. Through fine-tuning and optimized mechanism design, the players
converge to a solution that provides the highest payoff for both players, though not aligned with the
N.E. objective. Interestingly, even without mechanism design, we found similar resulting strategy
profiles when the players’ objectives were public information within their multi-agent context.

6 CONCLUSION

We introduce a systematic LLM framework for decentralized multi-agent decision-making, deriving
a reasoning process using natural language as a medium equivalent to updates to a belief state under
partial observability. By introducing belief transformations as stages corresponding to processes
within multi-agent decision-making, our experiments affirm agents exhibit stable and socially ef-
ficient behavior, suggesting language-mediated beliefs are a promising foundation for multi-agent
control. Our evaluation is restricted to small-scale matrix and simple dynamic games, and results
may not directly generalize to environments with large state or action spaces. The framework cur-
rently relies on structured prompting and curated alignment signals, which introduces design com-
plexity and may incur nontrivial inference costs. Additionally, while language-mediated belief states
offer interpretability, they lack formal guarantees of consistency or optimality and remain sensitive
to model-specific biases. Addressing scalability, robustness, and theoretical guarantees remains an
important direction for future work.
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