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ABSTRACT
Strategic dialogue requires agents to execute distinct dialogue acts,
for which belief estimation is essential. While prior work often esti-
mates beliefs accurately, it lacks a principled mechanism for using
those beliefs during generation. We bridge this gap by formalizing
two core acts, Adversarial and Alignment, and operationalizing
them via probabilistic constraints on what an agent may gen-
erate. We instantiate this idea in BEDA, a framework comprising
a world set, a belief estimator, and a conditional generator that
selects an act and generates an utterance consistent with inferred
beliefs. We evaluate BEDA in three settings. Across these settings,
BEDA consistently outperforms strong baselines, indicating that
treating belief estimation as constraints is essential for strategic
dialogue.Wehighly recommend that you read the full version:
https://arxiv.org/abs/2512.24885.

KEYWORDS
Strategic Reasoning, Dialogues, Belief Estimation, Theory of Mind
ACM Reference Format:
Hengli Li, Zhaoxin Yu, Qi Shen, Chenxi Li, Mengmeng Wang, Tinglang Wu,
Yipeng Kang, Yuxuan Wang, Song-Chun Zhu, Zixia Jia, and Zilong Zheng.
2026. BEDA: Belief Estimation as Probabilistic Constraints for Performing

∗Equal contribution. Any permutation of the three authors is acceptable to all authors.
†Corresponding author. Contact: lihengli@stu.pku.edu.cn, yuzhaoxin2024@ia.ac.cn,
shenqi@bupt.edu.cn, s.c.zhu@pku.edu.cn, jiazixia@bigai.ai, zlzheng@bigai.ai

This work is licensed under a Creative Commons Attribution Inter-
national 4.0 License.

Proc. of the 25th International Conference on Autonomous Agents and Multiagent Systems
(AAMAS 2026), C. Amato, L. Dennis, V. Mascardi, J. Thangarajah (eds.), May 25 – 29,
2026, Paphos, Cyprus. © 2026 International Foundation for Autonomous Agents and
Multiagent Systems (www.ifaamas.org). https://doi.org/10.65109/ZJJG5330

Strategic Dialogue Acts: Extended Abstract. In Proc. of the 25th International
Conference on Autonomous Agents and Multiagent Systems (AAMAS 2026),
Paphos, Cyprus, May 25 – 29, 2026, IFAAMAS, 3 pages. https://doi.org/10.
65109/ZJJG5330
1 INTRODUCTION
Complex dialogue settings such as negotiation [4, 9], debate [12],
deception for good [6], and common-ground alignment [11] are
ubiquitous for AI agents. In these scenarios, agents must strate-
gically choose dialogue acts to shape interlocutors’ beliefs and
achieve their objectives [2, 5, 10]. For instance, in negotiation, an
agent may emphasize shared preferences to increase acceptance
while protecting its interests when preferences diverge.

Such strategic behavior relies on two components [2, 13], accu-
rate belief estimation and principled use of those beliefs during
generation. Prior work [8, 11, 14] has made steady progress on
belief modeling, but often treats beliefs as auxiliary prompt infor-
mation without clear criteria for what to reveal and how to reveal
it, which becomes brittle when belief states are complex.

We address this gap by turning belief estimation into a control
mechanism for dialogue behavior. We formalize two core acts, Ad-
versarial andAlignment, and operationalize them as probabilistic
constraints that govern content selection during generation. This
idea is instantiated in BEDA (Figure 1), a framework with a world
set, a belief estimator, and a conditional generator, and is evaluated
across different settings.

2 METHODOLOGY
Our core idea is to leverage belief estimation as probabilistic con-
straints that control what an agent may say under a chosen dialogue
act, rather than appending beliefs as raw prompt text. We focus on
aState Key Laboratory of General Artificial Intelligence, BIGAI.
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Select E ∈ S - O

The Figurine is in the coated 
steel can.

Wait a minute, how do you know 
where it is?

I've seen both containers, so I 
can guarantee that.

But I remember seeing you open 
the tin 9 hours ago.

Yes, I did open it 9 hours ago, but 
it is just a plastic comb.

I think I understand where it is, I 
will choose the steel can.

You know E1 
but he does 
not know

You know E3  
but he does 
not know

You know E2  
but he does 
not know

I know {E1, E2,...}

He knows {E3}

Self belief S

Opponent's belief O

I know {E1, E2,...}

He knows {E4}

Self belief S

Opponent's belief O

I know {E1, E2,...}

He knows {E4}

Self belief S

Opponent's belief O

Belief
Estimators

Dialogue Context

World Set
E1: A figurine in a rubber-sealed tin.

E2: A comb in a coated steel can.

E3: The keeper maybe lie to the burglar.

E4:  The keeper opened the rubber-sealed 
tin 9 hours ago.

E5: A burglar's friend opened the tin 7 
hours ago.

Figure 1: An overview of the BEDA framework is provided using the Keeper-Burglar Game as an example.

two act types that capture most strategic behaviors: Adversarial
Dialogue Act communicates information the speaker believes true
while also believing the interlocutor does not know it, and Align-
ment Dialogue Act communicates information the speaker believes
lies in shared common ground.

Table 1: Experimental results on CKBG dataset.

GPT-3.5 GPT-4.1-nano LLaMA3.1 (8B) Qwen2.5 (14B)

w/o belief 78.4 52.7 36.3 80.2
CoT 77.7 58.7 35.7 63.9
Self Reflect 69.3 59.3 44.5 64.0
rand belief 80.2 59.3 41.3 80.9
BEDA (Ours) 86.9 73.3 46.1 92.7

Table 2: Mutual Friends. SR: Success Rate.

Methods Backbone SR ↑ (%) SR/#Turn ↑ SR/#Token ↑
w/o belief GPT-3.5 10.7 1.9 -
CoT GPT-3.5 32.6 4.1 0.159
Self Reflect GPT-3.5 32.6 3.5 0.134
MindDial GPT-3.5 24.3 4.1 -
BEDA (Ours) GPT-3.5 41.1 4.7 0.139
w/o belief GPT-4 75.0 7.7 -
CoT GPT-4 77.9 8.9 0.145
Self Reflect GPT-4 76.5 8.8 0.142
MindDial GPT-4 76.0 8.5 -
BEDA (Ours) GPT-4 82.5 10.4 0.165

w/o belief GPT-4o-mini 68.8 5.9 0.095
CoT GPT-4o-mini 62.2 4.6 0.169
Self Reflect GPT-4o-mini 55.7 4.1 0.094
BEDA (Ours) GPT-4o-mini 70.4 6.1 0.081
w/o belief Qwen2.5 (14B) 55.7 5.0 0.086
CoT Qwen2.5 (14B) 62.3 6.8 0.089
Self Reflect Qwen2.5 (14B) 37.7 2.3 0.064
BEDA (Ours) Qwen2.5 (14B) 64.1 9.6 0.102

We instantiate this idea in BEDA (Belief Estimation forDialogue
Acts), as shown in Figure 1. The framework has three components.
Aworld set provides a finite inventory of events, such as conditions,
attributes, or preferences. A belief estimator module predicts,
from the context, whether each event is true from the speaker’s
perspective and whether the interlocutor knows it. A finetuned
BERT [3] model is implemented as the estimator. A conditional
generator (LLM, kept fixed) then generates the next utterance
based on the events that satisfy the belief estimation constraints of
the corresponding dialogue act.
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Figure 2: CaSiNo. Above: Average Agree Reward. Below: Av-
erage Agree Rate.

3 EXPERIMENTS
(1) Adversarial Dialogue Act : Conditional Keeper-Burglar Game
(CKBG) is a competitive task based on the original Keeper-Burglar
game [6]. (2) Alignment Dialogue Act : Mutual Friends (MF) [7].
(3) Mixed: CaSiNo [1]. Results are presented in Tables 1 and 2
and fig. 2, demonstrating the effectiveness of belief estimation
as probabilistic constraints.

4 CONCLUSIONS
We presented BEDA, a simple yet general framework that casts
belief estimation as probabilistic constraints for executing strate-
gic dialogue acts. By formalizing two core acts—Adversarial and
Alignment—and instantiating them with a world set, dual be-
lief estimators, and a conditional generator, BEDA bridges the
gap between estimating beliefs and using them during generation.
Across three settings, BEDA consistently improves strategic reli-
ability. These results indicate that constraining generation by
inferred belief structure is an effective organizing principle for
dialogue agents.
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