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Abstract

Large Language Models (LLMs) have enabled
Multi-Agent Systems (MASs) where agents in-
teract through natural language to solve com-
plex tasks or simulate multi-party dialogues.
Recent work on LLM-based MASs has mainly
focused on architecture design, such as role
assignment and workflow orchestration. In
contrast, this paper targets the interaction pro-
cess itself, aiming to improve agents’ com-
munication efficiency by helping them con-
vey their intended meaning more effectively
through language. To this end, we propose
LinguaGame, a linguistically-grounded game-
theoretic paradigm for multi-agent dialogue
generation. Our approach models dialogue as
a signalling game over communicative intents
and strategies, solved with a training-free equi-
librium approximation algorithm for inference-
time decision adjustment. Unlike prior game-
theoretic MASs, whose game designs are of-
ten tightly coupled with task-specific objec-
tives, our framework relies on linguistically in-
formed reasoning with minimal task-specific
coupling. Specifically, it treats dialogue as
intentional and strategic communication, re-
quiring agents to infer what others aim to
achieve (intents) and how they pursue those
goals (strategies). We evaluate our framework
in simulated courtroom proceedings and de-
bates, with human expert assessments showing
significant gains in communication efficiency.

Code & data: https://github.com/thunlp/LinguaGame

1 Introduction

A Multi-Agent System (MAS) consists of au-
tonomous, interacting agents that learn from their
environment and peers to make decisions and col-
laboratively solve tasks (Dorri et al., 2018). With
the recent advancement of Large Language Mod-
els (LLMs), MASs can now be constructed by
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assigning each agent (instantiated as an LLM) a
role and enabling them to communicate with one
another in natural language (Park et al., 2023;
Guo et al., 2024; Han et al., 2024). LLM-based
MASSs have recently been applied to collabora-
tive problem-solving (e.g. software development
and collective reasoning) and to multi-party di-
alogue simulation (e.g. courtroom proceedings)
(Cui et al., 2023; Chen et al., 2024a,b; Qian et al.,
2024b).

Most existing approaches focus on tailoring
MAS architectures to downstream tasks (Li et al.,
2024; Dang et al., 2025; Yue et al., 2025), with
improvements driven largely by role-assignment
prompts and workflow orchestration. However,
such architecture-centric methods often overlook
the underlying dynamics of agent interaction. To
address this limitation, we propose LinguaGame, a
game-theoretic paradigm that models multi-agent
dialogue as a signalling game over communicative
intents and strategies.

Game theory provides a principled framework
for modelling strategic interaction among agents
(Barron, 2024). Existing game-theoretic MASs
typically design games tightly coupled with spe-
cific tasks, or even directly instantiated as the tasks
themselves, which limits their generalisability (Pe-
ters et al., 2024; He et al., 2025). In contrast, Lin-
guaGame grounds game design in linguistic rea-
soning: agents infer each other’s communicative
intents and strategies. That is, they reason about
what others aim to achieve through their utterances
and how language is strategically formulated to
serve those goals. This linguistically grounded for-
mulation enables flexible game design with mini-
mal task-specific adaptation.

Our approach is also computationally efficient
at inference time for multi-agent dialogue gen-
eration. Whereas conventional MASs improve
through model retraining or repeated experience
accumulation (Cheng et al., 2024; Chen et al.,

20544

Findings of the Association for Computational Linguistics: ACL 2026, pages 20544-20558
July 2-7, 2026 ©2026 Association for Computational Linguistics


https://github.com/thunlp/LinguaGame

2024a; Qian et al., 2024a), LinguaGame enables
inference-time decision adjustment via a training-
free equilibrium approximation algorithm. This
plug-and-play mechanism reduces computational
cost and deployment overhead, making it practical
for diverse MAS settings.

Our evaluation spans simulated courtroom pro-
ceedings and debate scenarios. Unlike tasks such
as code completion or question answering, which
primarily focus on end results, these settings em-
phasise open-ended dialogue, where the conver-
sational process itself is of substantive impor-
tance. This makes them well suited for evaluat-
ing the quality of multi-agent dialogue generation.
Human expert evaluations demonstrate that Lin-
guaGame significantly improves dialogue quality
by enhancing agents’ communication efficiency.
Although our experiments focus on legal and ar-
gumentative settings, the core mechanism “mod-
elling dialogue as the interplay of communicative
intents and strategies” reflects a fundamental as-
pect of natural language use. As such, our ap-
proach has the potential to generalise to diverse
multi-agent dialogue generation scenarios.

Our contributions are as follows:

* We propose LinguaGame, a novel game-
theoretic paradigm for multi-agent dialogue
generation that models communication as a
signalling game grounded in linguistic rea-
soning.

* Our framework decouples game design from
task-specific objectives and relies on prag-
matic aspects of communication, enabling
broad generalisation across tasks with mini-
mal adaptation.

* We introduce a training-free equilibrium ap-
proximation algorithm that guides agent deci-
sions in inference time. It can be integrated
in a plug-and-play manner, without requiring
model retraining or iterative interaction.

* We demonstrate the effectiveness of our
framework through experiments in simulated
courtroom and debate scenarios, showing sig-
nificant improvements in communication ef-
ficiency.

2 Related Work

We position our work at the intersection of three
lines of research: LLM-based MASs in general,
game-theoretic MASs in particular, and behaviour
improvement mechanisms in MASs.

LLM-based MAS As an emerging research di-
rection, most existing work on LLM-based MASs
focuses on designing system structures to enable
these systems to perform specific tasks. This typ-
ically involves refining role assignment and work-
flow orchestration. For instance, ChatDev (Qian
et al., 2024b), a software development MAS, de-
fines five agent roles, namely CEO, CTO, re-
viewer, tester, and programmer, and coordinates
their collaboration via an inception prompting
mechanism (Li et al., 2023). In our work, we do
not pursue performance gains through such struc-
tural refinement. Instead, we take a closer look at
the internal dynamics of MASs, focusing on agent
communication. Our aim is to improve overall
dialogue generation quality by enhancing agents’
communication efficiency.

A closely related application setting is the use
of LLMs in debate, negotiation, and other strate-
gic dialogue tasks, where multi-agent interaction
is used to improve reasoning or decision outcomes.
For example, Wang et al. (2023) evaluate whether
debate-style interaction can elicit more truthful or
better-justified reasoning. Negotiation and bar-
gaining settings have been explored via workflow-
based agent designs or market-style interaction
protocols (Deng et al., 2024; Hua et al., 2024).
While these works are adjacent in that they also
study strategic multi-agent LLM interaction, they
typically target task-level success (e.g. correctness
and win rate) and evaluate improvements accord-
ingly. In contrast, our work focuses on the com-
municative process itselfimproving interaction ef-
ficiency and dialogue quality by selecting utter-
ances that better convey an agent’s intended intent
and strategy, making our approach complementary
and potentially pluggable into debate/negotiation
pipelines as an interaction-level module.

Game-theoretic MAS Although MASs are in-
herently suited for game-like interactions involv-
ing multiple players, research on game-theoretic
MASs remains limited. Existing work in this area
typically incorporates game theory by construct-
ing task-specific games that are closely aligned
with or directly represent the target tasks them-
selves. For example, in the task of robotic mo-
tion planning for autonomous driving, Peters et al.
(2024) formulate a contingency game in which
MAS agents select strategic driving trajectories
based on possible future intents of others. For the
task of mobile networking optimisation, He et al.

20545



(2025) design an MAS where agents play games
which are subtasks of networking optimisation. In
contrast, our game formulation is grounded in gen-
eral linguistic principles derived from Speech Act
Theory (Searle, 1969), which views utterances as
expressions of speaker intent. This abstraction en-
ables our method to generalise more easily across
tasks.

Within game-theoretic approaches to language
use, our work is most closely related to the Ra-
tional Speech Act (RSA) framework (Frank and
Goodman, 2012; Goodman and Frank, 2016). It
models pragmatic communication as a process in
which speakers choose utterances to convey in-
tended meanings and listeners infer those mean-
ings. RSA-style models are typically instanti-
ated in tightly constrained reference games or
other toy domains with explicitly defined utter-
ance and meaning spaces. For example, Good-
man and Frank (2016) study reference games and
scalar implicature tasks over small, enumerated
meaning and utterance sets. Monroe et al. (2017)
apply RSA-style reasoning to a colour reference
game with discretised meanings and a restricted
descriptive vocabulary. In contrast, LinguaGame
shifts pragmatic reasoning from utterance-level
inference to intent-strategy abstraction, enabling
RSA-style models to be applied in realistic, LLM-
mediated multi-agent dialogue.

MAS Behaviour Improvement Existing LLM-
based MASs often improve agent behaviour
through learning-based mechanisms, such as
model retraining or iterative experience accumu-
lation. For example, in the word-guessing MAS
of Cheng et al. (2024), agents repeatedly play
the game to collect successful dialogue episodes,
which are then used to fine-tune the LLM via of-
fline reinforcement learning. In the MAS by Chen
etal. (2024a), a lawyer agent records insights from
each simulated courtroom proceeding into an ex-
perience database which it consults in subsequent
rounds, gradually improving argumentative perfor-
mance through accumulated experience. These
approaches require either costly retraining or re-
peated execution of the full system. In contrast,
LinguaGame operates entirely at inference time,
using a training-free equilibrium approximation
to re-rank candidate utterances, without updating
model parameters.

3 Method

We propose LinguaGame, a linguistically-
grounded game-theoretic paradigm for multi-
agent dialogue generation. The framework
operates on top of a standard MAS foundation,
augmenting it with a game-theoretic formulation
of agent interaction and a training-free algorithm
for equilibrium approximation.

3.1 MAS Structure

MAS for Courtroom Proceedings We config-
ure our MAS for simulated courtroom proceedings
in accordance with first-instance proceedings un-
der Chinese civil law. In this configuration, the
procedure comprises five sequential stages that in-
volve interactive or strategic communication: 1)
Evidence Presentation and Cross-Examination, 2)
Court Investigation and Questioning, 3) Court De-
bate, 4) Final Statement, and 5) Judgment An-
nouncement.

This MAS retains three primary roles in court-
room proceedings: judge, plaintiff lawyer, and de-
fendant lawyer. Each simulated courtroom pro-
ceeding is grounded in a real-world written judg-
ment drawn from Chinese court decisions. This
material serves as the shared factual basis and is
made available to all roles throughout the proceed-
ing. Prior to the start, the judge is briefed on
the five-stage procedure. The judge then initiates
the proceeding and manages turn-taking by decid-
ing which role speaks next after each contribution.
Within each stage, the full conversation history is
visible to all roles. At the end of each stage, the en-
tire dialogue from that stage is summarised by an
LLM. This summary is then provided to all roles
as shared context for the subsequent stage.

MAS for Debates We configure our MAS for
simulated debates as open-ended exchanges be-
tween two opposing roles on a given controversial
proposition (e.g. “abortion should be legalised”).
The two roles are defined symmetrically: a propo-
nent, who argues in favour of the proposition, and
an opponent, who argues against it. To encourage
substantive discussion, each arguer is required to
develop arguments from at least two distinct as-
pects.

Unlike courtroom proceedings, debates are not
governed by a fixed procedural structure. Instead,
the arguers alternate turns, presenting claims,
counterarguments, and rebuttals in an open-ended
dialogue. A debate concludes when the dialogue
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converges naturally to closure, as determined by
an LLM-based assessment. Throughout the de-
bate, both arguers have access to the complete con-
versation history.

3.2 Game Formulation

We adopt a game-theoretic perspective to model
agent interaction as strategic communication.
Specifically, we use the signalling game frame-
work (Lewis, 2008; Sobel, 2020).

Signalling Game In a standard signalling game,
a sender selects a signal to convey private infor-
mation that is visible only to them, and a receiver
interprets the signal to infer that hidden informa-
tion and respond accordingly. Each player in a sig-
nalling game is assigned a utility function, which
quantifies how well the outcome of the interaction
aligns with their goals.

In our adaptation of the signalling game to
multi-agent conversations, a game is instantiated
immediately before an agent generates its next ut-
terance. The agent about to speak acts as the
sender, and the agent scheduled to reply acts as
the receiver. The signal corresponds to the utter-
ance generated by the sender.

Intent-strategy as Private Information To de-
fine the private information that needs to be in-
ferred, we draw on Speech Act Theory (Searle,
1969), which holds that utterances are not merely
vehicles of content but also convey speakers’ in-
tentions.

Building on this idea, we model the sender’s pri-
vate information as a pair of communicative intent
and strategy. Intents capture what the speaker aims
to achieve, while strategies capture how the intent
is realised linguistically. For courtroom proceed-
ings we define nine intents and twelve strategies;
for debates we define six intents and eight strate-
gies (Appendices A-B). We do not devise strate-
gies for every intent, but only for those where
agents can pursue their goals in substantially dif-
ferent ways. Intents such as MANAGING PRoO-
CEEDING and RULING, which are procedural or
outcome-driven in nature, do not require further
strategic differentiation.

The design of the intent and strategy invento-
ries is grounded in domain expertise and estab-
lished argumentation theory. For courtroom pro-
ceedings, they were derived through consultation
with practising Chinese judges and lawyers, while
for debates they follow established Argumentation

Schemes (Walton et al., 2008). Aligning the in-
tent and strategy inventory with the communica-
tive conventions of specific scenarios requires only
minimal effort. In our case, defining them for each
scenario took around two hours.

3.3 Game-MAS Integration

Figure 1 illustrates how the signalling game is
integrated into the MAS. Given a conversational
context ¢, the sender S first selects an intent-
strategy pair (7,s). Conditioned on ¢ and (3, s),
S then generates a finite set of candidate utter-
ances {u1,ug,us,...}. For each candidate utter-
ance u, the receiver R interprets it and indepen-
dently ! infers the underlying intent and strategy.
Key prompts used in this process are shown in Ap-
pendix C.

Based on the outcome of this inference, the poli-
cies of both S (utterance generation) and R (intent
and strategy inference) are updated through the
equilibrium approximation procedure. The candi-
date utterance with the highest probability under
the updated sender policy, given (i, s), is selected
as the winning utterance.

After the game concludes, only the winning ut-
terance is appended to the dialogue context and
passed on as part of the conversation. All inter-
mediate information used during the game (such
as candidate utterances, intents, and strategies)
is discarded, ensuring that agents do not retain
privileged information when continuing the dia-
logue. At each dialogue turn, this process consti-
tutes an inner-loop equilibrium search over sender
and receiver policies induced by the base language
model and inference prompts, whose sole output is
the selected utterance appended to the dialogue.

3.4 Equilibrium Approximation

Signalling games are typically solved by identify-
ing a Nash equilibrium, a stable configuration in
which no player has an incentive to unilaterally
change how they convey or interpret messages. In
other words, solving the game requires finding a
set of policies such that each player’s choices max-
imise their expected utility.

! Although strategies depend on intents by design, R infers
them independently: intents are chosen from the full space
without regard to strategies, and strategies are chosen from
the subset of the ground-truth intent without feeding back
into intent inference. This preserves the hierarchical relation
while avoiding the combinatorial complexity of joint infer-
ence.
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Candidate Utterance Generation

u_l = The defendant raises no
objection.

u_2 = The defendant contends that the
medical expense receipts are not

Intent-Strategy Inferencing

P(iIu,c]=[£ ]

Policy

legally valid.
u_3 = The medical expense receipts
might be obtained through stealing.

P(ulis, c)=[0.2,03,05]

Intent-Strategy Selection
Intent = [Verifying]
Strategy = [Challenging Legality]
7'y

Update

P(slu,c1=[s ]

‘ P(uli,s,c)=[0.1,0.7,0.2] ‘

l

‘ Winning utterance = u_2 ‘

¥

—{ Context +=u_2 }

Figure 1: Integration of the signalling game into the MAS in LinguaGame. The sender (the agent in blue) generates
candidate utterances, which are interpreted by the receiver (the agent in red). The utterance with the highest
probability under the updated sender policy is appended to the dialogue context. All intermediate information
produced during the gaming process (in the grey box) is discarded once the game concludes.

Utility Functions Although courtroom and de-
bate settings are adversarial in terms of overall
goals, from the perspective of communication effi-
ciency the interacting roles must cooperate to en-
sure mutual understanding. We therefore formu-
late this signalling game as a cooperative game, in
which both the sender and the receiver get a reward
when the private information is correctly inferred.
Thus, both the sender and the receiver share a same
part in their utility functions, defined as follows:

Ushared :Zp(ivs) ZT"S(U | i78) [wﬂ-Ri (Z | U)

+ (1= w)mr, (s | )],
(1)

Here p(i,s) denotes the prior distribution of an
intent-strategy pair (i, s) given the context>. Note
that the prior distribution of intent-strategy pairs
appears in the utility definitions only for the pur-
pose of policy optimisation. This information is
never revealed to the receiver during inference.
The sender’s policy, ms(u | i,s) specifies the
probability of choosing utterance u conditioned on
(7, s) and c. The receiver’s policy mg, (i | u) is for
inferring the intent, and 7w, (s | w) is for inferring
the strategy. The scalar w € [0,1] is a weight-
ing hyperparameter that balances the relative im-

2For brevity, we omit explicit conditioning on the context
c in all equations where it is understood.

portance of intent and strategy in the overall utility
calculation.

Following Jacob et al. (2024), we add a KL-
regularisation term into the utility function to pre-
vent abrupt or unstable policy updates:

Us(ms | r) = —AKL(7s||78) + Usharea, (2)

Ur(rg | ms) = —AKL(7g||7%) + Ushared, (3)

where 7% and 7%, denote the initial reference poli-
cies, and A > 0 is a hyperparameter controlling
the strength of regularisation.

Utility Optimisation In order to compute a
Nash equilibrium, we optimise the utility func-
tions with no-regret learning (Daskalakis et al.,
2021), in which policies are iteratively updated
and gradually converge to equilibrium.

We adopt the piKL algorithm (Jacob et al.,
2022) to implement no-regret learning, where each
player iteratively updates its policy by optimising
the expected utility. Importantly, this equilibrium
approximation is performed entirely as an inner-
loop optimisation at inference time and does not
involve additional LLM calls. Further details can
be found in Appendix D.

As the update process converges, the players are
regarded as reaching an approximate Nash equilib-
rium. The utterance chosen for MAS generation is
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then the candidate with the highest probability un-
der the sender’s final policy given the ground-truth
intent-strategy pair.

4 Experiments

Building on the courtroom proceeding scenario
introduced in the Method section, we conduct
experiments to evaluate the effectiveness of Lin-
guaGame. Specifically, we assess whether it im-
proves communication efficiency in multi-agent
dialogue generation through expert evaluation of
the generated dialogues.

4.1 Experimental Setup

We choose Qwen2.5-32B (Qwen et al., 2025) as
the base LLM in the experiment. In our pilot stud-
ies, we experimented with several alternatives, in-
cluding MiniCPM4-8B (MiniCPM et al., 2025),
Qwen2.5-7B (Qwen et al., 2025), as well as Meta-
Llama-3.1-8B-Instruct and Meta-Llama-3.1-70B-
Instruct (Grattafiori et al., 2024). We observed
that smaller models (7B and 8B variants) exhibited
notably weaker instruction-following capabilities,
while the two larger models performed compara-
bly in instruction adherence and dialogue quality.

For the hyperparameters used in the signalling
game, we set the number of candidate utterances
to 3. Following a grid search in our pilot experi-
ments, we set the weighting hyperparameter w to
0.5, or to 1.0 when the selected intent lacks asso-
ciated strategies. The KL-regularisation weight A
and the policy update learning rate are both set to
0.1. The equilibrium approximation runs for 5000
optimisation rounds. While these hyperparameters
could be further tuned, hyperparameter optimisa-
tion is not the focus of this paper. The current
configuration is sufficient to produce meaningful
results for evaluating the framework.

For courtroom proceedings, we randomly select
50 cases from China Judgments Online (Supreme,
2025), each associated with a distinct cause of ac-
tion. From the written judgment of each case, we
extract the party information® and a brief case de-
scription, which serve as input for the simulation.
For debates, we randomly select 50 controversial
propositions from the Quora Argumentation Min-
ing dataset (Ye and Teufel, 2024), spanning 20 top-
ics such as politics, society, and technology, and
use them as input for the simulation.

3Only non-identifiable attributes such as gender and age
are preserved without modification.

4.2 Systems

Our method is designed as a plug-in interaction
layer that can be applied on top of existing MAS
dialogue generation systems without modifying
their underlying architectures. Accordingly, we
adopt a stepwise “before-after” evaluation design,
comparing the same base system with progres-
sively added components to isolate the contribu-
tion of each component. We compare the follow-
ing three systems:

* SDMAS: The standard MAS setup described
in the Method section.

* ISMAS: The standard MAS equipped with
our intent-strategy design. In this setting,
each agent generates utterances conditioned
on a given intent-strategy pair in a Chain-of-
Thought (CoT) (Wei et al., 2022) manner.

* LGMAS: The standard MAS integrated with
our full LinguaGame paradigm, which incor-
porates both the intent-strategy design and
the game-theoretic modelling.

To evaluate the game-theoretic utterance selec-
tion in LinguaGame against a strong inference-
time alternative, we introduce an LLM-based utter-
ance re-ranking baseline. This baseline selects the
final utterance from the same set of candidate ut-
terances generated by LGMAS, using a single-shot
judgment by an LLM. Specifically, given the full
dialogue history up to the current turn and a fixed
set of candidate utterances, the LLM is prompted
to select the most appropriate next utterance. The
re-ranking decision is made independently at each
turn. We experimented with Qwen2.5-32B, Meta-
Llama-3.1-70B-Instruct, and DeepSeek-V3-0324
(DeepSeek-Al, 2024) for this baseline.

4.3 Evaluation

We conduct manual evaluations of the dialogues
generated by the systems described above. Each
dialogue represents a complete generation at the
case or proposition level. Eight graduate students,
four majoring in linguistics and four in law, were
recruited as annotators. The evaluation is con-
ducted at two levels: first at the utterance level,
then at the dialogue level. Annotators were blind
to the system identities, and all evaluation items
were presented in randomised order. The evalua-
tion set contains 100 dialogues, covering approxi-
mately 9,100 utterances and 919k tokens per sys-
tem. Each annotator spent approximately 56 hours
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SDMAS ISMAS LGMAS

Court Debate Overall Court Debate Overall Court Debate Overall

.. utt/dialogue 180 48 114 124 34 79 126 36 81
Statistics

token/utt 80 135 108 65 120 93 70 125 98

Linguistic | Clarity 4.10 4.15 4.13 4.18 4.22 4.20 4.36 4.42 4.39

form Conciseness 3.55 3.62 3.59 3.73 3.69 3.71 4.12 4.19 4.16

Content | Argument 3.18 3.27 3.23 3.23 3.34 3.29 3.83 3.92 3.88

quality Tactic 3.28 3.39 3.34 3.35 3.42 3.39 3.96 4.05 4.01

Table 1: Statistics of the generated dialogues and results for the dialogue-level evaluation.

on evaluation, enabling fine-grained, expert-level
assessment.

Utterance-level  Evaluation Utterance-level
evaluation is conducted for LGMAS and the
re-ranking baseline only. We focus on instances
where the “winning utterance” selected by the
re-ranking mechanism differs from the “initial
utterance” preferred under the sender’s initial
policy, in order to examine whether LinguaGame
alters utterance selection in a beneficial direction.

For each evaluation item, annotators are pre-
sented with: the preceding utterance, and the three
candidate utterances generated in the signalling
game. They are asked to select the candidate that
best follows the preceding utterance, based solely
on local coherence and appropriateness. The can-
didate receiving the most votes is recorded as the
human-preferred utterance. In the event of a tie,
one of the top-voted candidates is randomly se-
lected. We then compare this preference to the
re-ranking selection: 1) if it matches the winning
utterance, the instance is counted as a positive al-
ternation; 2) if it matches the initial utterance, the
instance is counted as a negative alternation; 3)
otherwise, the instance is counted as a neutral al-
ternation.

This utterance-level evaluation focuses on rel-
ative changes in utterance selection; absolute dia-
logue quality is assessed separately at the dialogue
level.

Dialogue-level Evaluation Dialogue-level eval-
uation provides an overall assessment of dialogue
quality and is conducted for all three systems. For
each complete dialogue, annotators rate quality on
a 5-point Likert scale (Joshi et al., 2015) along
four dimensions. Linguistic form is evaluated in
terms of clarity, assessing grammatical correct-
ness and structural coherence, and conciseness,

assessing whether essential content is conveyed
without unnecessary repetition or digression. Con-
tent quality is evaluated in terms of argument, as-
sessing whether utterances are well-grounded and
logically aligned (for courtroom proceedings, with
the legal context), and tactic, assessing whether
utterances exhibit adaptive reasoning and respon-
siveness to prior moves (for courtroom proceed-
ings, from a legal perspective).

All dialogues, whether from courtroom proceed-
ings or debates, were assessed by all eight annota-
tors. The linguistics annotators evaluated the two
dimensions related to linguistic form, while the
law annotators assessed the two dimensions con-
cerning content quality.

5 Results and Discussion

The statistics of the generated dialogues and the re-
sults of the dialogue-level evaluation are presented
in Table 1. Distributions of intents and strate-
gies, illustrating how agents employ the signalling
space in practice, are shown in Appendix E. Inter-
annotator agreement (IAA) for the dialogue-level
evaluation is measured using quadratic weighted
kappa (Cohen, 1968). The IAA scores are kK =
0.62 for the law annotators and x = 0.79 for the
linguistics annotators, both indicating substantial
agreement (Landis and Koch, 1977).

According to Table 1, LGMAS achieves the
highest scores across all four evaluation dimen-
sions, indicating consistent improvements over
both SDMAS and ISMAS. The improvements are
consistent across both courtroom and debate sce-
narios. These results demonstrate that integrat-
ing the full LinguaGame paradigm leads to sig-
nificant* improvements in dialogue generation

*Significance in this paper is tested through two-tailed
paired t-tests at « = 0.01.
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quality. Examining individual evaluation dimen-
sions in more detail, clarity scores indicate that
LGMAS produces utterances that are more gram-
matically correct, structurally coherent, and easier
for humans to interpret. Conciseness is also sig-
nificantly improved, suggesting that agents convey
essential information with less unnecessary elabo-
ration or repetition; this is further supported by the
fact that LGMAS generates fewer utterances over-
all and fewer tokens per utterance than SDMAS.
For argument, LGMAS outperforms both base-
lines, indicating better-grounded and more contex-
tually appropriate statements. Finally, improve-
ments in tactic suggest more coherent turn-level
progression and more adaptive responses to prior
utterances.

While gains in the two linguistic dimensions
can be directly attributed to enhanced communi-
cation efficiency, improvements in content-related
dimensions require closer analysis. Higher scores
in argument strength and tactical coherence may
arise from two sources: more effective selection of
intents and strategies, or clearer articulation of the
intended messages. Crucially, ISMAS and LGMAS
employ the same prompted pipeline for intent and
strategy selection and use identical priors. There-
fore, the additional improvements of LGMAS over
ISMAS cannot be attributed to differences in intent
or strategy choice. We thus attribute the observed
gains in content quality primarily to improved ar-
ticulation achieved through more effective utter-
ance selection.

As for the impact of intent-strategy condi-
tioning alone, results suggest that it primarily
contributes to more concise expression, without
yielding substantial improvements in other di-
mensions. Specifically, compared with SDMAS,
ISMAS achieves a statistically significant gain of
0.12 in conciseness, indicating that conditioning
utterance generation on intent-strategy pairs en-
courages more focused responses. However, dif-
ferences between ISMAS and SDMAS in the re-
maining three dimensions are minimal and statisti-
cally insignificant, suggesting that intent-strategy
conditioning alone is insufficient to improve over-
all dialogue quality without the game-theoretic
reasoning mechanism introduced by LinguaGame.

Results for the utterance-level evaluation are
present in Table 2. Out of the total 8,139 utter-
ances generated by LGMAS, 1,366 (16.8%) are
altered by the game-theoretic selection process.
From these, 1,000 instances (500 from each sce-

Pos. Neut. Neg. Count
LGMAS 781% | 124% | 9.5% | 1,366
Qwen2.5 44.0% | 38.4% | 17.6% 318
Llama-3.1 36.7% | 40.8% | 22.5% | 1,503
DeepSeek-V3 | 51.2% | 14.6% | 34.2% 972

Table 2: Distribution of utterance-level alternations se-
lected by different re-ranking methods. Counts indicate
the number of altered utterances.

nario) are randomly sampled for human evaluation.
For comparison, we apply the same sampling strat-
egy to Llama-3.1, which also produces more than
1,000 altered utterances, while for Qwen2.5 and
DeepSeek-V3, all altered utterances are included
in the human evaluation. Inter-annotator agree-
ment for the utterance-level evaluationis a = 0.74
in Krippendorff’s alpha (Krippendorff, 2004), sug-
gesting reliable annotation (Krippendorff, 2018).
As illustrated in Table 2, for LGMAS, 78.1% of
altered utterances are judged as positive alterna-
tions, meaning that the selected utterance bet-
ter follows the dialogue context than the original
choice. Only 9.5% are labelled as negative, with
the remaining 12.4% judged as neutral. We fur-
ther compare LGMAS against several LLM-based
utterance re-ranking baselines. While re-ranking
with DeepSeek-V3 also yields a non-trivial pro-
portion of positive alternations, none of the LLM
re-ranking baselines match the positive alterna-
tion rate achieved by LGMAS. These results indi-
cate that LinguaGame enhances local coherence
and appropriateness at the utterance level, and
is more effective than generic LLM-based re-
ranking.

Taken together, the results from both dialogue-
level and utterance-level evaluations provide
strong evidence that our LinguaGame frame-
work substantially improves dialogue genera-
tion quality. These improvements are primarily
driven by enhanced communication efficiency,
allowing agents to generate responses that are not
only clearer and more concise but also more con-
textually appropriate and argumentatively coher-
ent.

6 Conclusion

In this paper, we propose LinguaGame, a
linguistically-grounded, game-theoretic paradigm
for multi-agent dialogue generation. Our goal is
to improve dialogue generation quality by enhanc-
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ing communication efficiency. LinguaGame mod-
els agent interaction as a signalling game over
communicative intents and strategies, encourag-
ing more purposeful and coherent utterances. Our
game design is grounded in linguistic principles
rather than task-specific assumptions, which may
enhance the paradigm’s generalisability across do-
mains. Its training-free equilibrium approximation
removes the need for model retraining or iterative
experience accumulation, allowing plug-and-play
integration with existing systems.

We evaluate LinguaGame in a simulated court-
room proceeding scenario and a simulated debate
scenario. Experimental results show that Lin-
guaGame significantly improves dialogue genera-
tion quality, with improvements stemming primar-
ily from agents’ ability to convey intended mes-
sages effectively. These findings highlight the
potential of modelling pragmatic reasoning over
communicative goals as a general approach to en-
hancing multi-agent dialogue behaviour in future
research.

Limitations

Our study has several limitations that suggest di-
rections for future work.

Scope of task objectives. This work focuses on
multi-agent dialogue generation, where the pri-
mary objective is to model and improve the com-
municative process itself rather than task-specific
end results. While effective communication is of-
ten a prerequisite for successful coordination, how
the proposed framework influences downstream
task performance in settings that emphasise end re-
sults remains an open question and is left for future
work.

Evaluation domains and scale. Our evaluation
focuses on courtroom proceedings and debates,
which emphasise adversarial and strategic dia-
logue. Extending experiments to additional do-
mains, such as collaborative problem-solving or
everyday conversation, would further validate the
generality of the approach. Such extensions are
currently constrained by the substantial human-
evaluation burden (approximately 28 hours per an-
notator per domain), which also limited experi-
ments with multiple base LLMs.

Responsible AI considerations. This work ex-
plores simulated multi-agent dialogue in legal set-
tings as a research tool for studying strategic

communication, rather than as a deployable legal
decision-making system. LinguaGame is not in-
tended for real-world legal deployment without
substantial additional validation, including fair-
ness, bias, and robustness evaluation. Any prac-
tical use in legal contexts would require careful
assessment of potential harms, representational bi-
ases, and alignment with legal and ethical stan-
dards.
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A Complete List of Intents

Intents for courtroom proceedings:

* Submitting: Presenting claims, legal argu-
ments, or motions.

* Proceeding: Issuing directives that guide the
sequence or structure of the proceedings.

* Presenting: Introducing specific items of ev-
idence into the record.

* Verifying: Approving or challenging the op-
ponent’s evidence.

» Asserting: Making factual or interpretive
statements that the speaker presents as true
or valid.

* Questioning: Seeking information, clarifi-
cation, or challenging previous statements
through inquiry.

* Proving: Providing reasoning, legal analysis,
or supporting evidence to substantiate a claim
or position.

* Refuting: Discrediting, countering, or dis-
proving an argument or claim.

* Ruling: Delivering a formal decision or judg-
ment.

Intents for debates:

* Claiming: Stating a position, proposition, or
standpoint together with supporting reasons,
evidence, or appeals that substantiate it.

* Challenging: Questioning the accuracy, con-
sistency, or relevance of another’s claim, or
pointing out flaws in their reasoning.

* Counter-arguing: Presenting an alternative
explanation, interpretation, or standpoint that
challenges and opposes another’s argument.

* Clarifying: Requesting additional informa-
tion, explanation, confirmation, or elabora-
tion of another’s point.

* Conceding: Acknowledging or partially
agreeing with another’s point, often to build
credibility or shift the focus of argumenta-
tion.
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* Summarising: Recapping one’s own argu-
ments, or synthesising points from both sides,
to reinforce a position or move the debate to-
ward closure.

B Complete List of Strategies
Strategies for courtroom proceedings:
* Strategies for Submitting

— Well-grounded Claim: Presenting
claims reasonably supported by relevant
facts and laws.

— Strategic Overreach: Presenting exag-
gerated or unsupported claims to test
boundaries, shift burden, or influence
the court.

* Strategies for Verifying

— Approving: Accepting the evidence
without objection.

— Challenging Relevance: Arguing that
the evidence does not sufficiently relate
to the case or has no probative value in
determining the legal issues.

— Challenging Legality: Arguing that the
evidence is illegally obtained or fails to
meet legal admissibility standards.

— Challenging Procedural Compliance:
Arguing that the evidence is not intro-
duced, processed, or handled in compli-
ance with established legal procedures.

— Challenging Authenticity: Arguing
that the evidence may be forged, tam-
pered with, improperly documented, or
otherwise unreliable.

— Challenging Redundancy: Arguing
that the evidence does not provide new
or additional value beyond what has al-
ready been established.

* Strategies for Proving

— Factual Justification: Supporting
claims with objective, verifiable facts.

— Legal Grounding: Supporting claims
with laws, precedents, or legal princi-
ples.

* Strategies for Refuting

— Fact-based Rebuttal: Establishing that
a claim or argument is not grounded in
verifiable or objective facts.

20555

— Legal-based Rebuttal: Establishing
that a claim or argument is not founded
on established legal principles, statutes,
case law, or constitutional provisions.

Strategies for debates:

* Strategies shared by Claiming and Chal-
lenging

— Logical Reasoning: Justifying a posi-
tion by constructing arguments through
logical inference, causal explanation, or
appeals to internal consistency, without
reliance on external sources.

— Providing Evidence: Justifying a posi-
tion by citing factual information, such
as empirical data, statistical findings,
scientific studies, or other verifiable
sources.

— Appealing to Values: Justifying a po-
sition by invoking widely shared moral
principles, ethical norms, social conven-
tions, or cultural beliefs.

— Making Analogy: Justifying a position
by drawing parallels to familiar situa-
tions, examples, or metaphors.

* Strategies specific to Challenging

— Identifying Logical Flaw: Pointing out
specific weaknesses in another’s reason-
ing, such as inconsistencies, contradic-
tions, false analogies, or logical falla-
cies.

— Undermining Source: Questioning the
credibility, reliability, or relevance of an-
other’s supporting material, such as dis-
puting the accuracy of data, the author-
ity of cited experts, or the trustworthi-
ness of referenced publications.

* Strategies for Counter-arguing

— Alternative Explanation: Offering a
different interpretation of the same ev-
idence, providing an alternative causal
account, or reframing the implications.

— Redirection: Shifting the focus of dis-
cussion to a broader or different framing
of the issue, such as contextualising the
debate in wider social, political, or ethi-
cal terms.



C Key Prompts for Courtroom
Proceedings

We present key prompts used in courtroom pro-
ceedings. Prompts for debates follow the same de-
sign and structure, and are therefore omitted for
brevity.

Role Assignment: Judge

You are acting exclusively as the judge
in a courtroom proceeding.

Speak only as the judge. Do not speak
on behalf of the plaintiff or the defen-
dant.

Before speaking, verify the current pro-
cedural stage and execute all required
steps of that stage explicitly and com-
pletely.  Your procedural statements
must be clear, direct, and unambiguous.

In each turn, address only one party (ei-
ther the plaintiff or the defendant). Do
not address both parties in the same ut-
terance. The addressed party must be
explicitly identified.

When announcing that the entire proce-
dural stage has concluded, end the utter-
ance with the exact phrase: 1 hereby de-
clare this stage concluded.

After you speak, you must either explic-
itly indicate the next speaker or clearly
announce that the current stage has
ended.

Role Assignment: Plaintiff

You are acting exclusively as the plain-
tiff’s lawyer, representing the plaintiff in
a courtroom proceeding.

Speak only on behalf of the plaintiff. Do
not speak on behalf of the judge or the
defendant.

In each turn, you may address either the
defendant or the judge, but not both.
Once you have addressed the defendant
or the judge, stop generating immedi-
ately.

Role Assignment: Defendant

You are acting exclusively as the de-
fence lawyer, representing the defendant
in a courtroom proceeding.

Speak only on behalf of the defendant.
Do not speak on behalf of the judge or
the plaintiff.

In each turn, you may address either the
plaintiff or the judge, but not both.

Once you have addressed the plaintiff or
the judge, stop generating immediately.

Procedural Instruction: Judge in The
[Court Debate] Stage as An Example

It is now the [Courtroom Debate] stage.
As the judge, you need to identify the
disputed issues and guide both parties to
debate around those issues.

First, list the disputed issues.

Guide the plaintiff and the defendant to
debate Issue 1, in either a single round
or multiple rounds, until you consider it
sufficient.

Similarly, conduct debate on Issue 2 un-
til you consider it sufficient.

Repeat for Issue n.

After all n disputed issues have been suf-
ficiently debated, announce that the en-
tire stage has concluded.

Intent Selection in Signalling Game

You are selecting the next communica-
tive intent based on the current dialogue
context and the procedural rules of the
current stage.

Available intents (indexed
from 1 to {num_intents}) =
{available_intents}.

Intent descriptions =
{available_intents_notes}.

Output only the index number corre-
sponding to the selected intent (e.g. 1)°.
The index starts from 1.

Do not generate any text, explanation,
punctuation, or whitespace. Your re-
sponse must consist of exactly one nu-
meric digit.

Candidate Utterance Generation in Sig-
nalling Game

Your selected intent and strategy =
{gold_signal}.

5The log-probabilities assigned to each possible index are
used to compute the prior p(i, s).
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Using the courtroom rules and the cur-
rent dialogue context, generate exactly
three candidate utterances that realise
the selected intent and strategy®.

Output only the three utterances.

Wrap each utterance in XML-style tags
as follows: <I>..</1>, <2>..</2>,
<3>..</3>

Do not include any explanations, head-
ings, or additional text outside these
tags.

Intent Inference in Signalling Game

Given the current dialogue context, infer
the most likely communicative intent un-
derlying the following utterance: {utt}.
Candidate intents (indexed
from 1 to {num_intents}) =
{available_intents}.

Intent descriptions =
{available_intents_notes}.

Output only the index number corre-
sponding to the inferred intent (e.g. 1).
The index starts from 1.

Do not generate any text, explanation,
punctuation, or whitespace. Your re-
sponse must consist of exactly one nu-
meric digit.

D Formulae For Utility Optimisation
and Policy Update

At each round ¢, the piKL algorithm first computes
the expected utility for each player based on the
other player’s historical policies across all previ-
ous rounds. Let 7! denote the average historical
policy of a player up to round ¢:

t
—t:%Zﬂ_Tl (4)

T=1

The sender’s expected utility is computed as:

Qo |4 5) = w3 | v .
+ (1 —w)rR (s | w). ©)

For the receiver, we define separate expected util-
ities for intent and strategy inference, in line with

SFor each candidate utterance u, the sum of its token-level
log-probabilities is used to compute the sender’s initial policy
0 .
mg(u | i,s).
"The log-probabilities assigned to each possible index are
used to compute the receiver’s initial policy 7% (4 | u).

the independent inference process. Let S; denote
the set of strategies associated with intent ;. The
expected utility of the receiver for intent inference
is:

)Y p(s | i)

SES; 6)
7h(u | 4,s).

QR (i | u) = wp(i

The expected utility for strategy inference (with
the ground-truth intent ¢,; given as input) is:
QR (s u) = (1 —w)p(s | igt)

7_Tts(u |igt, ).

(M

Using the expected utilities defined above, the
piKL algorithm updates each player’s policy as fol-
lows:

mg (u ], s) o

QL(u|i,s) + Nogm(u | i,s)
exp{ n+ A/t }’

(®)

Q. (i | w) + Moga%(i [ u)y 9
n+ A/t }

Q% (s | u) + Alogmh(s | u)y (10)
{ n+ A/t }’

with n > 0 being a hyperparameter for learning
rate.

E Usage Analysis of Intents and
Strategies

We analyse how the proposed intent-strategy ab-
straction is used in practice. Figures 2 and 3
show the distributions of intents and strategies
among utterances generated by LGMAS. It shows
that LinguaGame does not rely on a degener-
ate or fixed label: in courtroom dialogues, in-
tents are dominated by Proceeding as expected
in a judge-led procedural setting, while Refuting,
Questioning, Presenting, Verifying, and Asserting
also occur frequently; in debates, intents are dom-
inated by Claiming and Challenging, followed
by Counter-arguing and Clarifying, with Conced-
ing being rarer but present. Beyond intents, the
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Figure 2: Distribution of intents and strategies for courtroom proceedings with LGMAS.
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Figure 3: Distribution of intents and strategies for debates with LGMAS.

strategy distributions indicate meaningful rhetor-
ical variation within the same communicative
move. For example, courtroom Refuting splits
between fact-based and legal-based rebuttals, and
Verifying spans multiple challenge types (e.g.
relevance/legality/authenticity/procedural compli-
ance/redundancy); in debates, Claiming and Chal-
lenging each distribute across multiple strat-
egy types (e.g. reasoning/evidence/value/analogys;
flaw-based vs. source-based challenges). These
patterns support that strategies are not redundant
with intents but specify how an intent is realised.
Consistent with this, our stepwise comparison sug-
gests that intent/strategy conditioning alone en-
courages more focused utterances (notably im-
proving conciseness), while adding LinguaGame’s
equilibrium re-ranking yields broader gains by se-
lecting utterances that more faithfully and coher-
ently realise the intended intent-strategy in con-
text.
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