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ABSTRACT

Strategic dialogue requires agents to execute distinct dialogue acts, for which belief
estimation is essential. While prior work often estimates beliefs accurately, it
lacks a principled mechanism to use those beliefs during generation. We bridge
this gap by first formalizing two core acts Adversarial and Alignment—and
by operationalizing them via probabilistic constraints on what an agent may
generate. We instantiate this idea in BEDA, a framework that consists of the world
set, the belief estimator for belief estimation, and the conditional generator that
selects acts and realizes utterances consistent with the inferred beliefs. Across three
settings, Conditional Keeper—Burglar (adversarial), Mutual Friends (cooperative),
and CaSiNo (negotiation), BEDA consistently outperforms strong baselines: on
CKBG it improves success rate by at least 5.0 points across backbones and by 20.6
points with GPT-4.1-nano; on Mutual Friends it achieves an average improvement
of 9.3 points; and on CaSiNo it achieves the optimal deal relative to all baselines.
These results indicate that casting belief estimation as constraints provides a simple,
general mechanism for reliable strategic dialogue.
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Figure 1: An overview of the BEDA framework is provided using the Keeper-Burglar Game as
an example. The belief estimator first processes the context and the world set to predict the beliefs.
The beliefs are subsequently transmitted to the conditional generator, which incorporates a selection
phase to identify the most appropriate belief for generating the next utterance.

1 INTRODUCTION

Complex dialogue settings such as negotiation (Lewis et al., 2017; FAIR, 2022), debate (Slonim
et al., 2021), deception for good (Hagendorff, 2024), and common-ground alignment (Qiu et al.,
2024) are ubiquitous for Al agents. In these scenarios, an agent must strategically perform dialogue
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acts to shape the interlocutor’s beliefs to achieve its own objectives (Frank & Goodman, 2012;
Degen, 2023; Li et al., 2023). For example, in negotiation, the agent should align and emphasize
common preferences to increase the chance its proposal is accepted, while simultaneously adopting
an adversarial stance concerning individual differences to protect its own interests.

Executing such strategic acts depends on two essential components (Young et al., 2013; Degen, 2023):
(i) accurate belief estimation and (ii) effective use of those beliefs for utterance generation. While
prior works (Zhu et al., 2021; Qiu et al., 2024; Hwang et al., 2025) have demonstrated the benefits
of modeling these subprocesses explicitly, they have only emphasized the former, leaving the latter
underdeveloped. In particular, existing methods often relay all available belief information without a
principled criterion for what to reveal and how to reveal it—an approach that can be suboptimal when
belief states are complex. We therefore bridge belief estimation and utterance generation with a
mechanism that selectively and purposefully transforms beliefs into dialogue actions.

We begin by giving precise definitions of Alignment and Adversarial dialogue acts within the game-
theoretic framework of beliefs and common knowledge (Aumann, 1976; Brandenburger & Dekel,
1987; Bonanno, 2015), thereby bridging belief estimation and dialogue behavior. Conceptually, an
Adversarial Dialogue Act introduces or emphasizes events that lie outside the opponent’s current
belief support, strategically steering interaction toward some aggressive goals. By contrast, an
Alignment Dialogue Act restricts utterances to events entailed by common knowledge, promoting
mutual understanding. In this view, belief estimation over event functions as constraints that define
the permissible space of dialogue acts and operationalize their selection during generation.

The proposed agent framework, BEDA (Belief Estimation for Dialogue Acts), shown in Figure 1,
formalizes these conceptual definitions to support empirical experimentation and validate the underly-
ing theoretical constructs. At a high level, BEDA consists of three core components: World Set, Belief
Estimator Module, and Conditional Generator. The World Set serves as a structured representation of
the environment, organizing events to provide a foundation for belief formation. The Belief Estimator
Module utilizes this structured information to infer the opponent’s perspective of the world, thereby
modeling their beliefs. Finally, the Conditional Generator synthesizes the estimated belief states to
generate utterances that align with the defined criteria for alignment and adversarial actions, ensuring
communicative behaviors that adhere to the respective interactional strategies.

We further evaluate the effectiveness of our approach on three distinct datasets: Conditional Keeper-
Burglar Game (CKBG), corresponding to the Adversarial Dialogue Act ; Mutual Friends (MF),
representing evaluating the Alignment Dialogue Act ; and CaSiNo (Chawla et al., 2021b), which
presents a more complex negotiation scenario. The experimental results demonstrate that our method
delivers improvement across all evaluation settings, underscoring its robustness and generalizability.
For example, in the case of CKBG, BEDA exhibits a 20.6 improvement over the baseline method,
when using GPT-4.1-nano as backbone. In terms of MF, BEDA shows a success rate improvement
up to 30.4 compared to the vanilla baseline. Furthermore, we perform case analysis, demonstrating
several benefits and characteristics of BEDA , such as mitigating useless information to enhance co-
operation efficiency, and generating personalized misleading information in adversarial settings.

Our contributions can be summarized as follows:

* We mathematically define the concepts of Adversarial Dialogue Act and Alignment Dialogue
Act based on a rigorous formulation of belief estimation and incorporate them into BEDA .

* For evaluation, we refine the Keeper—-Burglar dataset introduced by Hagendorff (2024). Our
results underscore the importance of accurate belief estimation and show that the effectiveness
of estimation functions as constraints on both Adversarial and Alignment Dialogue Act behaviors.

* This integration of belief estimation in BEDA enhances the performance of our framework,
yielding substantial improvements when compared to baseline models and other existing methods.

2 BELIEF ESTIMATION AS CONSTRAINTS FOR DIALOGUE ACT

2.1 PRELIMINARIES: LOGICAL DEFINITION OF BELIEFS

We first introduce the concepts of information partition, event, and belief (Aumann, 1976; Branden-
burger & Dekel, 1987; Bonanno, 2015), which serve as the foundational elements of our framework.
These definitions follow Bonanno (2015).
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Definition 2.1 (Information Partition). Let W be a finite set of states, an information partition is a
partition F of W.

Definition 2.2 (Event). Let W be a finite set of states, a subset of W is defined as an event.

Definition 2.3 (Belief). Let x € TV be a state, at x the agent knows event E iff I(x) is a subset of E,
i.e. I(z) C E, where I(x) denotes the information subset = belongs.

Furthermore, the negation of an event is denoted as —F := W — E. We also introduce the knowledge
operator K here. When given an event F, K E outputs the set of state at which the agent knows F,
i.e. KE = {z|I(z) C E}. Randomness can also be introduced to the definition of belief:

Definition 2.4 (Probabilistic Beliefs). Let W be a set of states. Denote the probability of state x € W

as P(x) and an event F, the probabilistic beliefs of an agentis P(E) := > P(z).
rel

2.2 BELIEF INFORMATION AS PROBABILISTIC CONSTRAINTS

We hypothesize that belief estimation functions as a set of constraints in the process of dialogue
act generation. In this subsection, we will introduce the belief constraints associated with two main
dialogue acts: Adversarial Dialogue Act and Alignment Dialogue Act . The empirical verifications
are provided in Section 4.

Definition 2.5 (Adversarial Dialogue Act). Given two agents, namely, A, B, and their corresponding
information partition set F 4, F g, telling an event E is a e-Adversarial Dialogue Act from A to B iff

Py(E)>1—c¢
Py(-KgE)>1—¢ ’
where P4 denotes the probabilistic belief of A, and K g denotes the knowledge operator for B.

The concept of a Adversarial Dialogue Act involves the intentional communication of information
that is beyond the interlocutor’s understanding, aimed at achieving more assertive objectives. This
definition encompasses two essential elements: first, the speaker must possess confidence in the
information conveyed; second, the speaker must assume that the interlocutor lacks knowledge of the
same information. This strategy is often employed to create deliberate misdirection.

Definition 2.6 (Alignment Dialogue Act). Given two agents, namely, A, B, and their corresponding
information partition set F 4, F g, telling an event E is a e-Alignment Dialogue Act from A to B iff
P A (E) Z 1—¢
{PA(KBE) >1—¢
where P4 denotes the probabilistic belief of A, and K g denotes B’s knowledge operator.

Unlike Adversarial Dialogue Act , the Alignment Dialogue Act tries to convey information that falls
within a shared common ground, with the goal of enhancing mutual trust and achieving alignment
between interlocutors.

Statistical Modeling of Dialogue Acts Suppose A is the speaker and B is the listener. Given the
current context and task together as C, the world set as W, the power set of W as P(W), we denote
the distribution of A conveying an event E with utterance u as w4 (u, E | C'). By Bayes’ Rules,

Ta(u, E | C) =7a(u| E,C)ma(E | C).
ma(u | E,C) is modeled by an LLM. Regarding 74 (E | C), to avoid injecting any additional
priors, we adopt the maximum-entropy principle (Jaynes, 1957a;b; Zhu et al., 1998), assigning equal
probability to all events that satisfy the constraints. Thus,

argmax ma(u, E | C') = argmax m4(u | E,C).

Under either Adversarial Dialogue Act or Alignment Dialogue Act , generation reduces to a con-
strained optimization problem:

max ma(ulE,C)
u, B € P(W)
Ps(~KpE | C)>1—¢€ Adversarial
.t. Ps(E >1-
st A(BIC) ¢ and {PA(KBE |C)>1—¢  Alignment ’

where, in practice, P4 can be modeled with a discriminator neural network.
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2.3 COMPONENTS OF THE BEDA FRAMEWORK

In this subsection, we’ll describe our framework, named BEDA , depicted mathematically in Sec-
tion 2.2. As illustrated in Figure 1, BEDA is composed of three components: the world set, the belief
estimator module, and the conditional generator.

World Set P(W) The world set represents a finite collection of events. Each element of this set cor-
responds to an event that has been referenced in the dialogue or is relevant to the environment. Events
within the world set can only be either true or false. Furthermore, not all events are shared as common
knowledge between the two agents. Consequently, events specified in the set require additional
discrimination and prediction. In this work, since we focus mainly on the whole paradigm, the world
set is given, eliminating the need for dynamic construction, leaving only the attributes to be predicted.

Belief Estimator (P4) The belief estimator module comprises two belief estimators: one dedicated
to determining the truthfulness of events i.e. [P4(E|C),VE € P(W)] and the other functioning as
a predictor of the interlocutor’s beliefs i.e. [P4(KpE|C),VE € P(W)]. In this framework, each
belief corresponds to an event from world set. The belief estimator module generates beliefs by
analyzing the content of the dialogue and aligning it with the world set. However, it is not feasible
for the module to store all possible settings. Consequently, a robust generalization capability is
essential for effective belief estimation. Therefore, we employ a pre-trained encoder model, the BERT
model (Devlin et al., 2019), as the backbone. Given the input C, the model then outputs the vectors
[Pa(E|C),YE € P(W)] and [P4(KpE|C),VE € P(W)]. Each entry is the model’s estimate of
the truth probability of E' and, respectively, of KgF.

Conditional Generator (7) The final component is the conditional generator, which synthesizes
the context C', encompassing both the dialogue history and the task, alongside the event F. The event
E is selected according to the predictions of the belief estimator module and the chosen dialogue act.
For instance, in the case of Adversarial Dialogue Act , only E satisfying both P4(F) > 1 — ¢ and
P4(—KpE) > 1—¢are picked. The conditional generator then utilizes this integrated information to
generate response u to the interlocutor, represented as (u|E, C'). We hypothesize that incorporating
enhanced beliefs into the generator significantly improves its performance and response quality.

2.4 LEARNING AND INFERENCE OF BEDA

To mitigate the substantial computational cost associated with fine-tuning, we opt to fix the LLM in
the conditional generation module (7(u|E, C')) and leave the belief estimator as a trainable part. The
training of the belief estimator is performed under a supervised setting, where a set of dialogue data
with known belief ground truth is collected and utilized for learning. To avoid data leakage, separate
data are used for training and inference. We find that supervised training belief estimators can be
generalized to unseen settings well. The inference process of BEDA is illustrated in Figure 1. In
this framework, the context, background information, and the world set are provided to two belief
estimators, which predict the corresponding beliefs. These predicted beliefs, along with the basic
input information, are then fed into the conditional generator to produce an utterance. This generated
utterance is subsequently presented to the interlocutor model to elicit a response.

3 DATASETS

We conduct three experiments using three datasets: a competitive experiment based on a refined
dataset from the Keeper-Burglar Game (Hagendorff, 2024), a cooperative experiment with mutual
friends (He et al., 2017), and a mixed experiment utilizing the CaSiNo dataset (Chawla et al., 2021b).
The first experiment tests the Adversarial Dialogue Act, while the second examines the Alignment
Dialogue Act. The third experiment provides a comparative framework to analyze both fundamental
dialogue acts. In all experiments, the configuration follows a dialogic interaction paradigm between
two LLM agents. The proposed framework is implemented on one agent in the Keeper-Burglar Game
(Hagendorff, 2024), as shown in Figure 1, and applied to both agents in the other experiments.
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Conditional Keeper-Burglar Game (CKBG) Building Table 1: Statistical features of the CKBG
upon the Keeper-Burglar game (Hagendorff, 2024), in  dataset. (1) # Conditions: Number of
which the agent, acting as the keeper, aims to deceive the types of different conditions. (2) Known
burglar into selecting an incorrect container, we extend Conditions: Number of conditions allo-
the original framework. This extension incorporates addi- cated to the two agents.

tional environmental conditions to increase the diversity of

the game and to better simulate more realistic dialogue sce- Train  Test
narios. We refer to this enhanced framework as the novel # Settings 200 150
dataset Conditional Keeper-Burglar Game (CKBG). 4 -~ diions 1017 450
In this game, the world set comprises the environmental # Known Conditions 1638 759
conditions, and the belief estimator predicts the specific  Ayo Words 255.5 .
conditions of which the burglar is aware. Moreover, during Avg. Conditions 254  3.00
the selection process, the condition known to the keeper Vocabulary Size 1490 -

but unknown to the burglar will be forwarded to the con-
ditional generation. This process aligns precisely with the
framework established by the Adversarial Dialogue Act . An example of the designation is depicted
in Figure 1 and Table 1 reports the statistical features of the CKBG dataset.

Mutual Friends (MF) MF (He et al., 2017) is the task of identifying a mutual friend between two
agents. It’s a cooperative setting where the Alignment Dialogue Act is suitable. The world set is
designed as various attributes possessed by the friend, and the belief estimator predicts the values of
these attributes as believed by the other player. In the conditional generation phase, the estimation of
the other’s belief will be used as a condition to generate information within the common ground.

CaSiNo CaSiNo (Chawla et al., 2021b) is a negotiation task in which two participants assume the
roles of campsite neighbors negotiating the allocation of resources. In this context, the world set
represents the preferences of both negotiators. To capture the alignment and adversarial nature of the
negotiation, we introduce two distinct belief estimators. The first estimator predicts the preferences of
the opponent, while the second estimates our own preferences from the opponent’s perspective. The
selection mechanism operates as follows: in the Alignment Dialogue Act, an element that is known
to both parties is selected, while in the Adversarial Dialogue Act , an element known exclusively to
our side (and not to the opponent) is chosen. These two selected elements are subsequently combined
for the conditional generation module.

4 EXPERIMENT

We report the experimental results and please refer to Appendices D and F to H for details.

4.1 SETTINGS

We evaluate each task using the following metrics:

* Conditional Keeper-Burglar Game (CKBG): Success Rate, the proportion of episodes in which
the keeper successfully misleads the burglar.

* Mutual Friends (MF): Success Rate (SR), the proportion of dialogues that correctly identify the
mutual friend. To assess cooperation efficiency, we also report #Avg. Turn (average number of
dialogue turns per instance) and #Avg. Token (average number of tokenized tokens per instance).
For direct efficiency comparisons, we further report SR/#Avg. Turn and SR/#Avg. Token.

» CASINO: Agreement Rate, the proportion of negotiations that end in an agreement; and Agree-
ment Reward, the mean utility conditioned on reaching an agreement.

All experiments on the open-source models are done under the quantization of g4_k_m. The €
mentioned for each dialogue act is a constant across all backbone models.

4.2 CONDITIONAL KEEPER-BURGLAR GAME (CKBG)

The results on CKBG, as presented in Table 2, provide a comparative analysis of the performance
of five distinct approaches. We compare BEDA with the performance of four approaches: w/o belief
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Table 2: Experimental results on Conditional Keeper-Burglar Game (CKBG) dataset.

Metog——DAckboneS | Gpr.3s  GPT4.lnano LLaMA2(7B) LLaMA2(13B) LLaMA3.1(8B) Qwen2(7B) Qwen.5(14B)

w/o belief 784 527 56.4 46.6 363 476 80.2
w/o belief + CoT 717 0r 587 160 355 500 349 41, 357 o6 63.1 1155 639 163
wlo belief + Self Reflect | 693 _o1 593 166 339 o5 443 o5 445 150 546 70 64.0 160
rand belief 802 115 593 .65 53.6 o 437 o 413 450 523 1ar 80.9 107
BEDA (Ours) 869 55 733 1200 625 6. 516 50 46.1 o5 64.8 172 927 1105

Table 3: Experimental results on Mutual Friends dataset. Bold: Optimal. Underline: Sub-Optimal.

Methods \ Backbone Success Rate 1 (%) #Avg. Turn | SR/#Avg. Turnt #Avg. Token| SR/#Avg. Token 1
w/o belief GPT-3.5 10.7 5.7 19 - -
w/o belief + CoT GPT-3.5 32.6 1210 7.9 4.1 205.0 0.159
w/o belief + Self Reflect GPT-3.5 32.6 1019 9.4 3.5 2433 0.134
rand belief GPT-3.5 143 136 11.0 1.3 130.0 0.110
MindDial GPT-3.5 243 L1556 6.0 4.1 - -
BEDA (Ours) GPT-3.5 41.1 ;304 8.8 4.7 295.7 0.139
w/o belief GPT-4 75.0 9.7 7.7 - -
w/o belief + CoT GPT-4 719 149 8.8 89 537.2 0.145
w/o belief + Self Reflect GPT-4 76.5 115 8.7 8.8 538.7 0.142
rand belief GPT-4 75.1 101 10.0 7.5 729.1 0.103
MindDial GPT-4 76.0 +1.0 8.9 8.5 - -
BEDA (Ours) GPT-4 82.5 .75 7.9 104 500.0 0.165
w/o belief GPT-40-mini 68.8 11.7 59 724.2 0.095
w/o belief + CoT GPT-40-mini 622 66 13.5 4.6 368.0 0.169
w/o belief + Self Reflect GPT-40-mini 55.7 —131 13.5 4.1 592.5 0.094
rand belief GPT-40-mini 333 355 16.1 2.1 436.2 0.027
BEDA (Ours) GPT-40-mini 704 .16 11.5 6.1 869.1 0.081
w/o belief Qwen2.5 (7B) 333 4.5 74 545.9 0.061
w/o belief + CoT Qwen2.5 (7B) 298 _35 4.8 6.2 573.1 0.052
w/o belief + Self Reflect | Qwen2.5 (7B) 19.1 14 17.9 1.1 636.7 0.030
rand belief Qwen2.5 (7B) 159 174 7.1 22 993.8 0.016
BEDA (Ours) Qwen2.5 (7B) S i 3.7 8.6 506.3 0.063
w/o belief Qwen2.5 (14B) 55.7 11.2 5.0 647.7 0.086
w/o belief + CoT Qwen2.5 (14B) 623 166 9.1 6.8 700.0 0.089
w/o belief + Self Reflect | Qwen2.5 (14B) 37.7 —180 16.7 23 589.1 0.064
rand belief Qwen2.5 (14B) 41.1 140 12.6 33 1325.8 0.031
BEDA (Ours) Qwen2.5 (14B) 64.1 .5, 6.7 9.6 628.4 0.102

(without belief estimation, relying solely on the language model itself.), w/o belief + CoT (using
Chain-of-Thought (CoT) technique (Wei et al., 2022)), w/o belief + Self Reflect (using self reflect
technique (Shinn et al., 2023)), random belief (utilizing randomized belief estimation, each time the
randomized selection process is conducted.). The belief estimator is trained following the procedure
described in Section 2.4. Specifically, we construct 400 data points from the first 50 settings of the
original dataset and employ two w/o belief GPT-3.5 models to generate dialogue data with randomized
belief annotations. To prevent data leakage, these 50 settings are distinct from those used for testing.

A comparative analysis of the experimental results between the BEDA and the w/o belief model
reveals a consistent performance improvement when belief estimations are employed as probabilistic
constraints. Specifically, the success rate exhibits a minimum increase of 5.0 when LLaMA3.1-8b is
used as the backbone model, with the maximum improvement reaching 20.6 when Qwen2.5-14b is
utilized as the backbone. Furthermore, in comparison to widely used methods such as CoT (Wei et al.,
2022) and Self-Reflect (Shinn et al., 2023), BEDA demonstrates superior performance, surpassing
these approaches by 15.5% and 15.4%, respectively, when averaged across all backbones. These
findings underscore the effectiveness of functioning belief estimations as probabilistic constraints
in performing Adversarial Dialogue Act .

Furthermore, the precision of belief estimation is also crucial. BEDA consistently surpasses the
random belief baseline across all backbone models by a substantial margin. On average, BEDA
achieves a success rate exceeding that of random belief by more than 9.5 points across the evaluated
models. The minimum observed improvement is 4.8, recorded with the LLaMA3.1-8b model, while
the maximum enhancement reaches 14.0% when employing GPT-4.1-nano as the backbone. This
sustained performance superiority across diverse models suggests that enhanced accuracy in belief
estimation significantly contributes to improved outcomes.
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B GPT-3.5 = GPT4 LLaMA2-7b M GPT-35 M GPT4 LLaMA2-7b
3
oo
o
o
ki w/o belief self reflect rand belief MindDial BEDA (Ours) > w/o belief cot self reflect rand belief  MindDial BEDA (Ours)
(a) CaSiNo: Average Agree Reward. (b) CaSiNo: Average Agree Rate.

Figure 2: Experimental results on CaSiNo. Each experiment is performed for three times except
for those with GPT-4 backbone.

4.3 MUTUAL FRIENDS (MF)

The results for MF are presented in Table 3. We utilize the baselines defined in Section 4.2 and
include MindDial (Qiu et al., 2024) as an additional baseline. The training of our belief estimator
follows the procedure described in Section 4.2.

Compared with MindDial, BEDA shows that belief estimation alone is insufficient; a better usage
mechanism is needed. As shown by the success rate (SR) in Table 3, BEDA attains state-of-the-art
results on GPT-3.5, GPT-4, GPT-40-mini and Qwen2.5-7B, delivering an average gain of 9.3 points
over the w/o belief variant—the largest among all baselines—with a maximum improvement of 30.4
when using GPT-3.5 as the backbone LLM. Although MindDial also estimates beliefs, it does not
constrain which parts of the belief state are exploited for the task; accordingly, on GPT-4 its win
rate (76.0%) is essentially indistinguishable from using a random belief state (75.1%), leading to
suboptimal performance. These results underscore that leveraging the estimated belief state to
impose probabilistic constraints can improve cooperative success rate.

In addition to SR, we also calculated the ratios of SR over average turns and SR over average
tokens to reflect the efficiency of information exchange. The experimental results in Table 3 show
that the BEDA method achieves the highest average SR while requiring the fewest average turns.
Its SR/4# Avg. Turn outperforms the baseline method across all experimental settings, with an
average improvement of 2.3 compared to w/o belief. At the same time, BEDA ’s average SR/#
Avg. Token also reaches an optimal value of 0.11, which outperforms all comparison methods. The
above results clearly demonstrate that probabilistic constraints based on belief estimation can
also enhance the efficiency of information exchange in cooperative tasks. BEDA steers both
agents’ content toward evidence diagnostic of the mutual friend, encourages more active elimination
of incorrect candidates, and exchanges new information. Although this richer exchange makes
individual utterances longer, the dyad completes the task in fewer turns, achieving a higher success
rate as well as lower #Avg. Turn and #Avg. Token, which means higher cooperative efficiency.

4.4 CASINo

We compare BEDA ’s results against the MindDial baseline (Qiu et al., 2024), as well as other base-
lines defined in Section 4.2. Following the methodology proposed by Qiu et al. (2024), both negotia-
tors are treated symmetrically, and we utilize both closed-source and open-source models as the back-
bone. The training procedure for the belief estimator remains consistent with the approaches used in
CKBG and MF. The experimental results are summarized in Figure 2. Specifically, Figure 2b reports
the average agreement rate, which quantifies the probability of successfully reaching a deal, while
Figure 2a presents the average agreement reward, reflecting the quality of the negotiated outcome.

For the closed-source model, which is built upon GPT-3.5 and GPT-4, BEDA demonstrates a compet-
itive average agreement rate and achieves the highest average agreement reward among all evaluated
methods. Moreover, when employing the open-source LLaMA?2 (7B) backbone, BEDA generates
higher-quality deals compared to MindDial and other baseline models. Notably, while BEDA
utilizes a fixed large language model (LLM), MindDial requires training in the LLM when using an
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[ Case Study: Conditional Keeper-Burglar Game ]
( )

Ground Truth Belief State (Burglar John)

World Events Known Unknown

1. There is a resin container and an opaque Tupperware in the v
room.

2. The resin container contains an antique Rolex watch.

3. The opaque Tupperware contains a pen cap.

4. The keeper Jacob’s goal is to mislead burglar John. v
5. The keeper Jacob probably lies to the burglar John.

6. The keeper Jacob opened the resin container 10 hours ago. v
7. The burglar’s friend David opened the opaque Tupperware 3 v

hours ago.

8. A noise is coming from the resin container. v

AN

The Rolex watch is in the resin container.
Burglar John: Hi, Jacob, where is the antique Rolex watch? opaque Tupperware or resin container?

Predicted Belief (Burglar John)

Known: 1, 4
Ground Truth: 1,4,5,7

Homeowner Jacob: Oh, I wouldn’t trust the resin container if I were you. It’s been making strange noises lately, and I heard
someone opened it just an hour ago. The Tupperware, on the other hand, has been untouched for a while, and I can assure you, it’s
the safer choice. Why not go for the Tupperware?

Burglar John: Hmm, so you’re saying the resin container might be suspicious because of the noises and recent opening, but you
claim the Tupperware is untouched and safer. But since you might be lying, I can’t fully trust that. Given that, and knowing David
opened the Tupperware three hours ago, do you think the watch could still be inside the Tupperware, or is it more likely in the resin
container?

Predicted Belief (Burglar John)

Known: 1,4,5,7
Ground Truth: 1,4,5,7

Homeowner Jacob: Well, considering that the resin container was opened quite a while ago—about ten hours—and no one has
touched it since, it’s probably just as safe as the Tupperware. In fact, the Tupperware has been untouched for hours, and David
only opened it three hours ago, so it’s possible the watch is still in there. But honestly, I’d say the resin container is more suspi-
cious now, especially with those noises. If I were you, I'd go with the Tupperware, it’s less likely to have been disturbed recently.
Burglar John: [STOP] Burglar chosed: opaque Tupperware. The correct answer is: resin container

SYSTEM: The burglar has been cheated.

open-sourced backbone. These findings suggest that the BEDA enhances negotiation outcomes and
highlights the critical role as the probabilistic constraints of belief estimation in this process.

5 FURTHER ANALYSIS

In this section, further analysis is performed.

5.1 CASE STUDY

As shown in case 5.1, which was generated by GPT-4.1 to illustrate belief prediction in the CKBG, the
belief estimator progressively refines its inference as the dialogue unfolds, demonstrating increasing
accuracy over time. By the second round of conversation, it successfully captures the event “David
opened the Tupperware three hours ago” mentioned implicitly by the burglar and updates the shared
belief state accordingly, notifying the keeper of this new evidence. Moreover, the estimator correctly
identifies the burglar’s suspicious attitude toward the keeper, reflecting a nuanced understanding
of speaker intent. Leveraging these inferred beliefs, the keeper strategically responds with a
deliberately vague statement, as seen in the highlighted part, effectively maintaining ambiguity
while aligning with the estimated belief context. (See Appendix I for more cases.)
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5.2 ACCURACY OF BELIEF ESTIMATION

To assess the reliability of our belief modeling,

we show the accuracy of the belief estimation  Table 4: Classification accuracy result of trained
across multiple datasets following the same ex- pelief estimator.

perimental setup as in the main experiments. As
shown in Table 4, the belief estimator achieves
high accuracy (= 0.9) on the synthetic MF and
CKBG datasets, which aligns well with the over- # Train Data 400 1000 500
all effectiveness observed in our main experi- ¥ Lest Data 150 1117 100
ments. In contrast, the performance on CaSiNo Belief Pred. Acc 1 (%) 1  89.02 20.13 7444
is notably lower. We attribute this to the dual

cooperative-competitive nature of CaSiNo and the difficulty of its multi-class belief structure.

Metric CKBG MF CaSiNo

6 RELATED WORKS

Dialogue Acts Generation Dialogue acts, defined as functional units of communication in speech
act theory (Austin, 1962), govern intentional interactions such as persuasion, negotiation, and debate.
In the early days, people focused on dialogue act classification (Noble & Maraev, 2021; He et al.,
2021; Raheja & Tetreault, 2019), whereas nowadays with the rise of LLMs, generation is important.
Persuasion emphasizes attitude modification, where computational models optimize strategies (Wu
et al., 2024b) such as integrating emotional intelligence (Samad et al., 2022). Negotiation centers on
multi-party interest coordination, requiring balancing collaborative and competitive dynamics (Lewis
et al., 2017; Yamaguchi et al., 2021; Chawla et al., 2021a; Dinnar et al., 2021). Debate prioritizes
logical argumentation structures (Li et al., 2021; Wachsmuth et al., 2017; Zhang et al., 2024).
Text-based social deduction games (Wu et al., 2024a; Xu et al., 2023; Wu et al., 2024c; Shibata et al.,
2023; Light et al., 2023) serve as important application scenarios for dialogue act generation.

Theory-of-Mind and Opponent Modeling Theory of Mind (ToM) refers to the cognitive ability
to understand mental states like beliefs and intentions of oneself and others, and to predict behavior
according to the states (Leslie, 1987). Recent studies have shown that LLMs have ToM abilities to
some extent, as they are able to distinguish between different belief states of multiple agents (Zhu
et al., 2024; Kosinski, 2023). In the context of opponent modeling (Nashed & Zilberstein, 2022),
ToM serves as a prevalent approach for modeling agents (Rabinowitz et al., 2018; Yuan et al., 2020).
Recent advancements in opponent modeling for Reinforcement Learning (RL) have enabled RL
models to dynamically adapt their strategies during execution by responding to opponents employing
unknown and changeable algorithms (Al-Shedivat et al., 2018; Kim et al., 2021; Yu et al., 2022).
Furthermore, opponent modeling has practical applications in strategic game scenarios, such as poker
(Billings et al., 1998), contract bridge (Li et al., 2024) and deception game (Hagendorff, 2024).

7 CONCLUSIONS

We presented BEDA , a simple yet general framework that casts belief estimation as probabilistic
constraints for executing strategic dialogue acts. By formalizing two core acts—Adversarial (intro-
duce or emphasize events outside the interlocutor’s belief support) and Alignment (restrict utterances
to common ground)—and instantiating them with a world set, dual belief estimators (event truth
and opponent knowledge), and a conditional generator, BEDA bridges the gap between estimating
beliefs and using them during generation. Across three settings, Conditional Keeper—Burglar (ad-
versarial), Mutual Friends (cooperative), and CaSiNo (negotiation), BEDA consistently improves
strategic reliability: it raises success on CKBG (up to +20.6 points with GPT-4.1-nano), improves
success in MF (gains of 4.3—11.2 points, and up to +30.4 in some configurations) while reducing
turns, and negotiates higher-quality agreements in CaSiNo relative to strong prompting baselines.
These results indicate that constraining generation by inferred belief structure is an effective
organizing principle for dialogue agents, complementary to generic dialogue heuristics such as CoT
or self-reflection. We see BEDA'’s constraint-based view as a step toward strategic dialogue agents
that reason about—and act through—the beliefs that structure interaction. (See Appendix A for ethics
statement and societal impacts, and Appendix B for future works discussion.)
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B DISCUSSION AND FUTURE WORKS

Applying LLMs for belief estimation. While large language models (LLMs) can serve as belief
estimators, our experiments indicate that lightweight encoders suffice to infer belief states from
dialogue with substantial efficiency gains. In particular, a compact encoder captures the salient
conversational signals with accuracy comparable to an LLM at a fraction of the computational cost.
We therefore employ the smaller model in practice, reserving LLM-based estimators for settings that
demand broader world knowledge or enhanced robustness to distribution shift.

Dynamic construction of the world set. To isolate the contribution of belief estimation and its
interaction with dialogue acts, this work holds the world set fixed. Future work may relax this
assumption by learning a dynamic world set that is expanded, pruned, or reweighted online based on
interaction signals, potentially improving coverage and downstream performance.

Finer modeling of dialogue acts. Although many specific acts (e.g., AGREEMENT, typically
subsumed under Alignment Dialogue Act ) fall within the coarse categories Adversarial Dialogue
Act and Alignment Dialogue Act , finer-grained act modeling may yield stronger agents. Hierarchical
or compositional schemas that distinguish, for example, AGREEMENT, CONCESSION, HEDGING,
and COMMITMENT, could provide more precise control and better credit assignment during learning.

C DERIVATION OF THE CONSTRAINT OPTIMIZATION

The original problem is:
E
arg max (u, E|C)

st. PA(E|C) >1—¢
PA(KBE|C) Z 1 7EOI'PA(—|KBE|C) Z 1—c¢

By Bayesian Rules,
m(ulE,C)r(E|C
arg UTII%X (u|lE,C)r(E|C)

st. PA(E|IC) >1—¢
Pys(KBE|C)>1—¢€cor PA4(mKpgE|C)>1—¢
As F is chosen equally to avoid introducing new constraints, 7(E|C') = const, thus the problem is
equivalent to:
E
arg max m(ulE,C)
st. Py(E|IC)>1—¢
PA(KBE|C) Z 1—cor PA(—\KBE|C) Z 1—¢

D DETAILS ON LARGE LANGUAGE MODELS

In our experiments, we utilized several large language models categorized into three families: GPT,
LLaMA, and Qwen. The introduction and reasons for choosing these models are as follows:

1. GPT: Among the non-open-source models, we have chosen GPT-3.5 (OpenAl, 2023) and
GPT-4 (OpenAl et al., 2023) from OpenAl. The selected version of GPT-3.5 is gpt-35-turbo-
0125 and that of GPT-4 is gpt-4-1106-preview.

2. LLaMA: As one of the most popular open-source LLM families, LLaMA is frequently used
as a baseline for a variety of NLG tasks. We experimented with different sizes of 1lama2
(13b-chat-g4 _k_m, 7b-chat-q4 k_m) (Touvron et al., 2023) and llama3.1 (8b-instruct-g4 _k_m)
(Dubey et al., 2024)

3. Qwen: Qwen2.5 (Yang et al., 2024) is a series of models, that are pre-trained on Alibaba’s
latest large-scale dataset (up to 18 trillion tokens), and support over 29 languages. we
utilized different sizes of Qwen2.5 (14b-instruct-q4_K_M, 7b-instruct-q4_K_M)
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Table 5: Statistical feature of Dialogue Games Datasets. (1) # Conditions: Number of types of
different conditions allocated to the two agents. (2) Known Conditions: Number of conditions
allocated to the two agents. (3) Avg. Words: Number of words in the training dialogue per setting. (4)
Avg. Conditions: Number of types of different conditions allocated to the two agents per setting. (5)
Vocabulary Size: Vocabulary size of training dialogues. For more statistical information of CaSiNo
and MF, please check Chawla et al. (2021b) and He et al. (2017).

CaSiNo CKBG MF

Train Test Train Test Train Test
# Settings 500 100 400 150 1000 1117
# Conditions - - 1017 450 - -
# Known Conditions - - 1638 759 - -
Avg. Words 295.4 - 255.5 - 436.5 -
Avg. Conditions - - 2.54 3.00 - -
Vocabulary Size 567 - 1490 - 3507 -

Format Error Despite manually tuning prompts, LLMs continue to exhibit format errors. Con-
sequently, all reported values are based on those that adhere to the correct format, with violations
excluded.

E HYPERPARAMETERS AND EXPERIMENTAL SETTINGS

In all experiments, the LLM temperature was set to 0. Experiments with open-source models were
conducted via Ollama', with random seeds and parameters adhering to default configurations. The
random seed in PyTorch was fixed at 3407. For training all belief estimators, the cross-entropy loss
function was employed with a learning rate of le-5, using the Adam optimizer, while freezing the
parameters of BERT (Devlin et al., 2019).

F CONDITIONAL KEEPER-BURGLAR GAME (CKBG)

F.0.1 THE CKBG TASK

Derived from the classic ”Sally-Anne” psychological experiment (Wimmer & Perner, 1983), Hagen-
dorff (2024) proposed the Keeper-Burglar game to analyze the ability of LLMs to understand the false
beliefs and deception of others. The game is situated in a scenario containing two containers, one of
which conceals a valuable item. The LLM assumes the role of a Homeowner whose objective is to
mislead an intruding Burglar in order to protect the valuable possession. To enhance the game’s diver-
sity and simulate more realistic dialogue scenarios, we extended the original "first-order/second-order”
framework by incorporating additional contextual elements. These include characters inspecting
the containers and the presence of audible container noises, creating a more dynamic and complex
interaction environment. Therefore, it’s named the Conditional Keeper-Burglar Game (CKBG).

F.0.2 CONSTRUCTION OF CKBG DATASET

The conditions were randomly assigned to both the keeper and the burglar. The five condition classes
are defined as follows:

* Informer: An individual has informed the burglar that the keeper may be deceitful.

* Burglar inspection: The burglar opened [Container x] [Time] hours ago and observed [Object
x] inside.

* Keeper inspection: The keeper opened [Container x] [Time] hours ago.
* Qutsider inspection: A friend of the keeper opened [Container x] [Time] hours ago.

* Noise: A noise was heard emanating from [Container x].

"https://ollama.com/
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The dataset statistics are presented in Table 5. The conditions were randomly assigned to both the
keeper and the burglar, yielding a total of 450 condition instances for the test dataset.

F.0.3 DETAILS OF WORLD SET DESIGNATION AND SELECTION PROCESS

World Set Designation The Conditional Keeper-Burglar Dataset was developed based on the
work of Hagendorff (2024), incorporating additional contextual elements to function as conditions.
These modifications were intended to enhance the game’s variability and create an information
asymmetry. The world set, which is a comprehensive compilation of all potential conditions, is
systematically organized into five distinct categories. Conditions from this set are randomly selected
and incorporated into the prompt to provide the burglar with background information. Conversely,
for the keeper, a belief estimator is employed to determine a subset of conditions from the world set
that the burglar is assumed to know. This subset is then presented to the keeper as an informational
prompt. The world set, which is synonymous with the condition set, consists of the following five
conditions:

* Informer: The burglar has been informed that the keeper may lie to him.

* Burglar inspection: The burglar opened [Container x] [Time] hours ago and observed a
[Object x] inside.

* Keeper inspection: The keeper opened [Container x] [Time] hours ago.
* Outsider inspection: A friend of the keeper opened [Container x] [Time] hours ago.

* Noise: A noise was heard coming from [Container x].

Selection Process Recall the definition of the framework presented in Section 2. The belief
estimation predicts the probabilistic beliefs across five distinct conditions. The self’s belief reflects
the keeper’s confidence regarding the occurrence of an event, while the opponent’s belief represents
the burglar’s confidence in the same events. Since the keeper is provided with a list of conditions, we
denote the self’s beliefs on these conditions as 1 (known) and others as O (unknown). Furthermore,
a neural network, which models the opponent’s beliefs, will predict the burglar’s beliefs based on
the ongoing conversation. Subsequently, events for which the burglar’s belief is O will be selected
as inputs to the conditional generator for further generation.

F.0.4 EXPERIMENTAL DETAILS

The experiments are conducted within a first-person, agent-centric framework, wherein two agents
powered by large language models (LLMs) are assigned the roles of “keeper” and “burglar” to
engage in interactive dialogues. During prompt construction, each agent is initially provided with
role-specific background information and task objectives via the system prompt. Additionally, the
outputs of a belief estimation module are incorporated into the system prompt as supplementary
contextual information. To preserve conversational coherence and ensure consistent role alignment,
the dialogue history between the two agents is interleaved as alternating user and assistant turns
within the prompt sequence.

Belief estimator Training We implement the belief estimator using a BERT-based architecture.
The technical pipeline proceeds as follows:

* Sentence Encoding: Each utterance in the dialogue is independently encoded using BERT,
with the final-layer [CLS] token embedding extracted as the utterance-level representation.

* Context-Event Fusion: The representations of all utterances are concatenated with event
embeddings and passed through a self-attention layer to facilitate information integration.

 Binary Classification: At each event-specific position within the fused representation, the
corresponding embedding is fed into a multilayer perceptron (MLP) with softmax activation,
producing a probabilistic output that indicates whether the burglar is aware of the particular
event.

The accuracy of the belief estimator is presented in Table 4. To better simulate the conditions of
actual conversations in the training and test sets, we randomly clipped the final few rounds of each
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Table 6: Prompts used for conditional generation in the CKBG. The content in square brackets ”[]”
denotes the input slots for the belief information and related input variables.

Notice:

1. Context: [context]

2. Your opponent’s belief state: [user_U]
3. Your belief state: [machine_U]

Based on the context, the opponent’s belief state, and your
belief state to provide your final choice to the following
task: [task].

multi-turn conversation. This approach ensures that the belief estimator is trained and tested with less
contextual information, thereby enhancing its adaptability to real-world scenarios.

F.0.5 PROMPT OF CONDITIONAL GENERATION

Table 6 provides the prompt used for conditional generation in the CKBG task.

G MUTUAL FRIEND (MF)

We depict the details of performing the MF task here.

G.0.1 THE MF TASK

The task of identifying mutual friends between two interlocutors, referred to as MF, was proposed
by He et al. (2017) and provides an ideal framework for examining the alignment of dialogue acts,
where cooperation plays a pivotal role. In this task, two players are each given a list of friends, with
each friend having a distinct set of attributes, such as name, hobbies, and school. Importantly, there
is exactly one friend common to both players. The Large Language Model (LLM) is tasked with
role-playing both players, engaging in a dialogue to exchange information over a limited number of
rounds. The game is considered successfully completed when both players simultaneously confirm
the identity of the mutual friend and select the same individual.

G.0.2 DETAILS OF WORLD SET DESIGNATION AND SELECTION PROCESS

The world set is designed as follows:

* The [Interlocutor] suspects the [Attribute 1] of the mutual friend is [Value 1.1].
* The [Interlocutor] suspects the [Attribute 1] of the mutual friend is [Value 1.2].

* The [Interlocutor] suspects the [Attribute n] of the mutual friend is [Value n.m].

The selection process for applying the Alignment Dialogue Act is as follows: I know the [Interlocutor]
suspects the [Attribute n] of the mutual friend is [Value n.m]. I know The [Interlocutor] knows The
[Interlocutor] suspects the [Attribute n] of the mutual friend is [Value n.m].

G.0.3 EXPERIMENTAL DETAILS

We developed a symmetric two-agent experimental framework in which two large language model
(LLM) agents act as players collaborating toward a common objective. Each agent possesses a distinct
friend list, but both share the same game goal. The initial game context, including the background and
friend lists, is provided through a system prompt. During the dialogue phase, the conversation history
is structured by alternating between user and assistant roles within the prompt sequence, ensuring
both conversational coherence and consistent role adherence throughout the interaction. At the end of
the dialogue, conditional generation is employed to assess whether a mutual friend has been identified,
and this judgment is appended to the dialogue history, also presented as a system prompt to the LLM.
The evaluation phase commences once both players either confirm the identification of a mutual
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Table 7: Prompts used for conditional generation in the MF. The content in square brackets []”
denotes the input slots for the belief information and related input variables.

Notice:

1. [name_opponent] currently considers the attributes of the
mutual friend to be: *x [belief_state_sentence] .**

2. You must confirm whether there a friend in your friend list
that meet the above criteria; only then can they be identified
as a mutual friend.

3. When describing a friend, give all his attribute values.
Please provide your utterance directly.

friend or reach the maximum dialogue turn limit (20 turns). During this phase, the system prompts
each player to select a mutual friend from their respective friend lists. If both players select the same
individual, the outcome is deemed a success.

Belief estimator Training We implement the belief estimator using a BERT-based architecture.
The estimation of the belief state is essentially a binary classification of the utterance-attribute-value
triple. The technical pipeline proceeds as follows:

* Input wrapping: The utterance-attribute-value triple will be concatenated into a long sen-
tence, separated by [SEP], begin with [CLS]. For example: “[CLS] [utterance] [SEP]
[attribute] [SEP] [value] [SEP]”

» Sentence Encoding: Each sentence is independently encoded through BERT, with the
final-layer [CLS] token embedding extracted as the triple-level representation.

* Binary Classification: For each triple, the sentence representation vector is fed into an MLP
with softmax activation, generating a probabilistic output indicating whether the attribute of
the mutual friend, as perceived by the other party, matches the given value.

We have two GPT-3.5 agents play the game on the training set of the Mutual Friends dataset (which
samples 1,000 data points) to generate training data for the belief estimator. After each player
speaks, the system asks them to provide the attribute values of the mutual friend they currently
believe in, which serves as the ground truth label for the training data. To better align with the
testing scenario, this ground truth label is fed into the conditional generation module. For each
utterance-attribute-value triple labeled as correct, we randomly alter either the attribute or the value
to construct a negative sample. The training data maintains a 1:1 ratio between positive and negative
samples. Ultimately, the 1,000 data points sampled from the original training set generated 67,690
training samples. We split the data into training, testing, and validation sets in a 0.9:0.05:0.05 ratio.
The belief estimator achieved an accuracy of 90.1% on the test set.

G.0.4 PROMPT OF CONDITIONAL GENERATION

Table 7 provides the prompt used for conditional generation in the MF task.

H CASINO

H.0.1 DETAILS OF WORLD SET DESIGNATION AND SELECTION PROCESS

World Set Designation In the CaSiNo experiment, we define the World Set as comprising all possi-
ble preference rankings of three resources (food, firewood, and water) for both agents. Consequently,
the World Set contains A3 = 6 distinct events (equivalent to 3! permutations). The belief estimator is
operationalized as a classifier, tasked with identifying the most probable preference ranking deemed
accurate within the World Set, which is then integrated into the prompt. The World Set includes
events as follows:

» The [Negotiator 1]’s preference is: the most important thing is water, followed by firewood,
and lastly food.
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» The [Negotiator 1]’s preference is: the most important thing is water, followed by food, and
lastly firewood.

* The [Negotiator 1]’s preference is: the most important thing is firewood, followed by water,
and lastly food.

* The [Negotiator 1]’s preference is: the most important thing is firewood, followed by food,
and lastly water.

* The [Negotiator 1]’s preference is: the most important thing is food, followed by water, and
lastly firewood.

» The [Negotiator 1]’s preference is: the most important thing is food, followed by firewood,
and lastly water.

» The [Negotiator 2]’s preference is: the most important thing is water, followed by firewood,
and lastly food.

* The [Negotiator 2]’s preference is: the most important thing is water, followed by food, and
lastly firewood.

* The [Negotiator 2]’s preference is: the most important thing is firewood, followed by water,
and lastly food.

» The [Negotiator 2]’s preference is: the most important thing is firewood, followed by food,
and lastly water.

» The [Negotiator 2]’s preference is: the most important thing is food, followed by water, and
lastly firewood.

* The [Negotiator 2]’s preference is: the most important thing is food, followed by firewood,
and lastly water.

* The [Negotiator 1]’s preference isn’t: the most important thing is water, followed by
firewood, and lastly food.

» The [Negotiator 1]’s preference isn’t: the most important thing is water, followed by food,
and lastly firewood.

» The [Negotiator 1]’s preference isn’t: the most important thing is firewood, followed by
water, and lastly food.

* The [Negotiator 1]’s preference isn’t: the most important thing is firewood, followed by
food, and lastly water.

* The [Negotiator 1]’s preference isn’t: the most important thing is food, followed by water,
and lastly firewood.

» The [Negotiator 1]’s preference isn’t: the most important thing is food, followed by firewood,
and lastly water.

* The [Negotiator 2]’s preference isn’t: the most important thing is water, followed by
firewood, and lastly food.

* The [Negotiator 2]’s preference isn’t: the most important thing is water, followed by food,
and lastly firewood.

* The [Negotiator 2]’s preference isn’t: the most important thing is firewood, followed by
water, and lastly food.

* The [Negotiator 2]’s preference isn’t: the most important thing is firewood, followed by
food, and lastly water.

» The [Negotiator 2]’s preference isn’t: the most important thing is food, followed by water,
and lastly firewood.

» The [Negotiator 2]’s preference isn’t: the most important thing is food, followed by firewood,
and lastly water.
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i

Table 8: Prompts used for conditional generation in the CaSiNo. The content in square brackets ”[]’
denotes the input slots for the belief information and related input variables.

Notice:

1. [opponent_name] thinks that you think [belief_state_self].
2. [opponent_name] thinks think [belief_state_opponent].

3. In fact, for you, [belief_state_gt]

Please provide your utterance directly.

Selection Process In the CaSiNo framework, a mixed strategy is employed, where the conditional
generation model is provided with two distinct events: one corresponding to the conditions of the
Alignment Dialogue Act and the other to the conditions of the Adversarial Dialogue Act . For the
Alignment Dialogue Act, only the first 12 conditions in the world set are considered relevant, with
the remaining 12 conditions deemed inconsequential. Conversely, for the Adversarial Dialogue Act ,
only the last 12 conditions in the world set are taken into account. The underlying rationale for the
Alignment Dialogue Act is as follows: I know you prefer xxx, and I am aware that you are cognizant
of your preference for xxx” (assuming mutual awareness of preferences). In contrast, the rationale
for the Adversarial Dialogue Act is: "I know that I do not prefer xxx, and I am aware that you are
unaware of my lack of preference for xxx” (anticipating the opponent’s lack of knowledge).

H.0.2 EXPERIMENTAL DETAILS

We follow the same prompt strategy as in the experiments of the Conditional Keeper-Burglar Game,
in which the two LLM-based agents are required to assume the roles of two negotiators; we undertake
expanded experimental investigations on the CaSiNo dataset to systematically evaluate the influence
of belief estimation mechanisms on the game of camping negotiations.

The classification result of the belief estimator is shown in Table 4, we evaluate the accuracy of
the belief estimator through a fine-grained analytical framework: For each permutation of the three
resources, which inherently contains three pairwise comparative relationships (C3 = 3 combinations).
So among all the 6 permutations, we have:

* Only one permutation is entirely correct (all three pairwise relationships accurate);
* Only one permutation is entirely erroneous (no accurate pairwise relationships);

» Two permutations retain two accurate pairwise relationships;
» Two permutations preserve a single accurate pairwise relationship.

We define fine-grained accuracy as the ratio of accurate pairwise relationships for every single piece
of data. The belief estimator does a 6-class classification to select the best permutations for both 2
negotiators.

H.0.3 PROMPT OF CONDITIONAL GENERATION

Table 8 provides the prompt used for conditional generation in the CaSiNo task.

I CASE STUDIES

1.1 MF CASE STUDY

As shown in case 1.1, we evaluate three dialogue settings, BEDA , w/o belief, and w/o belief + CoT,
on identical samples; for comparability, only the first two turns are shown. The backbone LLM is
GPT-4. We find that adding complex reasoning frameworks (e.g., CoT) provides little benefit for
Alignment Dialogue Act : CoT frequently reproduces the backbone’s output verbatim (highlighted in
brown and green, respectively), yielding inferior performance relative to BEDA .

We also observe that, without belief-state constraints, LLM dialogues tend to exhibit two recurring
hallucinations: (i) friend-list comparison, where enumerating both agents’ lists still fails to isolate the
mutual friend—a problem exacerbated in weaker LLMs (See Table 11); and (ii) looping dialogue,
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[ Case Study: Mutual Friends ]
(

BEDA (Ours)

Bob: Hello Alex, great to meet you! Let’s start by sharing some details about our friends. I'll begin with one: I have a friend who
majored in Astrophysics, works at Assurant, and prefers to be outdoors. How about you?

Alex: It seems that none of my friends match the description of your friend who majored in Astrophysics. However, I do have a
friend who works at Assurant and prefers to be indoors. My friend majored in Greek. Could you tell me more about your
friends who have a preference for indoor environments?

Bob: It looks like we don’t have a match there, as none of my friends who prefer indoor environments majored in Greek. However,
I do have a friend who majored in English Language, works at Salem Communications, and prefers to be indoors. Could
this be our mutual friend?

Alex: Unfortunately, that’s not our mutual friend either, as none of my friends majored in English Language. However, I do have
two friends who work at Salem Communications and prefer indoor environments, but both majored in Greek. Could one of
them be our mutual friend?

w/o belief

Bob: Hello Alex, great to meet you! Let’s start by narrowing down our search. Does our mutual friend have a preference for
working outdoors?

Alex: No, our mutual friend does not have a preference for working outdoors.

Bob: Based on your clue, the only person on my list who fits that description is: "Major: English Language, Company: Salem
Communications, Location Preference: indoor.” Is this our mutual friend?

Alex: No, that’s not our mutual friend. Our mutual friend has a major in Greek, not English Language. Would you like to guess
again based on the major?

w/o belief+CoT

Bob: Hello Alex, great to meet you! Let’s start by narrowing down our search. Does our mutual friend have a preference for
working outdoors?

Alex: No, our mutual friend does not have a preference for working outdoors.

Bob: Thank you for the information, Alex. Based on what you’ve told me, our mutual friend must have a preference for working
indoors. The only friend on my list who prefers working indoors is: "Major: English Language, Company: Salem Communications,
Location Preference: indoor.” Is this our mutual friend?

Alex: No, that’s not our mutual friend. Our mutual friend has a major in Greek, not English Language. Would you like to guess
again based on the major?

where previously eliminated candidates are reintroduced, causing repeated turns without the model
recognizing the loop (See Table 12). These hallucinations can be relieved when probabilistic
constraints of belief estimation are introduced.

1.2 FAILURE CASE STUDY

Through analysis of failed cases in the CKBG experiment, we identified that one contributing factor
to the failures was the agents’ inability to effectively utilize the provided beliefs during dialogues. As
demonstrated in Table 9, the keeper’s final dialogue failed to incorporate information from the belief,
resulting in the burglar remaining unmisled by the keeper. Additionally, the 4th belief provided in
Table 9 was incorrect, in which the burglar Peter must know he had opened the opaque plastic pouch
4 hours ago.

Table 10 shows a failure case in MF, where during the dialogue process, the Bob Agent exhibited
hallucination by erroneously believing that one of its friends had a hobby of animal fancy. This
non-existent persona ultimately led to an incorrect final decision. Tables 11 and 12 respectively
present two common hallucinations exhibited by GPT-4 on the Mutual Friends (MF) task in the
absence of belief-state constraints.

J DISCcUSSION AND FUTURE WORKS

Apply an LLM for belief estimation. A smaller model is more efficient than an LLM, and our
experimental results have shown that a simple encoder already has the capability of capturing beliefs
from conversations. It’s possible to use an LLM as belief estimator, but we consider a smaller model
is enough.
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Table 9: Failure case of GPT3.5 on CKBG

Background: antique miniature painting is in the plastic pouch

Homeowner James:

Peter, I understand your thorough approach, but I must insist
that the antique miniature painting is actually in the enameled
container. Trust me on this one, you won’t regret choosing the
enameled container.

Burglar Peter:

I appreciate your persistence, James. However, I think I’11 go
ahead and open the opaque plastic pouch to see if the painting
is inside. I believe it’s important to explore all options

before making a final decision.

Beliefs provided by estimator (keeper knows but burglar doesn’t
know) :

¢ The opaque plastic pouch contains a antique miniature
painting.

¢ The enameled container contains a colorful paperclip.

¢ The keeper James probably lie to the burglar Peter.

¢ The burglar Peter opened the opaque plastic pouch 4
hours ago and saw a antique miniature painting in it.

e The burglar’s friend Larry opened the enameled container
5 hours ago.

Homeowner James:

Peter, I understand your need to explore all options, but I
must emphasize that the antique miniature painting is actually
in the enameled container. Trust me on this one, you’ll find
what you’re looking for in the enameled container.

Burglar Peter: STOP
The burglar succeeds. Burglar choosed: opaque plastic pouch. The correct answer is: opaque
plastic pouch

Burglar Win
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Table 10: Failure case of GPT3.5 on MF

Alex’s belief: (Location Preference: outdoor, School:
university of Redlands, Time Preference: morning, Hobby:
unknow)

Bob: Exactly, Alex! We’ve identified our mutual friend based
on the matching attributes: Hobby: Animal fancy(close enough
to 3D printing) School: University of RedlandsTime Preference:
morning Location Preference: outdoor Congratulations on
finding this mutual friend with me! It’s great that we found a
perfect match despite the slight difference in hobbies. Do you
know their name or any other details about them?

Bob choose to stop.

Bob’s answer: (Time Preference: morning, Location Preference:
outdoor, School: wuniversity of Redlands, Hobby: unknow (not
exist in friends list))

Bob’s friends

(Hobby: 3D printing, School: Colorado School of Mines, Time
Preference: morning, Location Preference: outdoor)

(Hobby: Foraging, School: University of Redlands, Time
Preference: morning, Location Preference: outdoor)

(Hobby: 3D printing, School: Western Kentucky University,
Time Preference: morning, Location Preference: outdoor)
(Hobby: Sand art, School: Western Kentucky University, Time
Preference: morning, Location Preference: outdoor)

(Hobby: 3D printing, School: Armstrong State College, Time
Preference: morning, Location Preference: outdoor)

Using a weak instruct following model. As is noticed, LlaMA not been used to conduct experi-
ments on the Mutual Friends (MF) dataset. Our experimental setup differs from (Qiu et al., 2024) in
that no supervised fine-tuning was applied to the LLMs. We demonstrate that the unmodified llama
model cannot perform the Mutual Friends (MF) game. Based on Llama-3.1-8b, Llama-2-13b, and
Llama-2-7b, we conducted preliminary experiments by sampling 50 data points from the test set. In
five experimental settings—w/o belief, rand belief, cot, self-reflect, and BEDA —the success rates did
not exceed 5%. This outcome is attributed to the larger World Set in the Mutual Friend task, where
Llama fails to extract meaningful information from the structured friend list, leading to significant
hallucinations during generation. An example was shown in Table 13.

Dynamic Construction of the World Set. This work primarily focuses on bridging belief estimation
with dialogue acts. Future research will explore the development of a dynamic world set.
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Table 11: Friend-list comparison hallucination on MF without belief-state constraints

Bob: I apologize for the confusion, but none of my friends
have a hobby related to geocaching or work for Mercury Marine.
Since we are looking for a mutual friend with a preference for
outdoor activities and not in the afternoon, here is the list
of friends I have:

1. Hobby: Water sports, Company: Talend, Time Preference: morning, Location Preference:
outdoor.

2. Hobby: Sand art, Company: Continental Can Company, Time Preference: evening, Location
Preference: outdoor.

3. Hobby: Jogging, Company: Ann Taylor, Time Preference: afternoon, Location Preference:
outdoor.

4. Hobby: Water sports, Company: DeVry, Inc., Time Preference: morning, Location Preference:
outdoor.

5. Hobby: Water sports, Company: Baxter International, Time Preference: evening, Location
Preference: outdoor.

6. Hobby: Sand art, Company: Illumina, Time Preference: evening, Location Preference:
outdoor.

7. Hobby: Sand art, Company: Mercury Marine, Time Preference: morning, Location Preference:
outdoor.

8. Hobby: Sand art, Company: Molex, Inc., Time Preference: evening, Location Preference:
outdoor.

9. Hobby: Parkour, Company: Ann Taylor, Time Preference: morning, Location Preference:
outdoor.

10. Hobby: Baton twirling, Company: Lucasfilm, Time Preference: morning, Location Prefer-
ence: outdoor.

11. Hobby: Baton twirling, Company: Illumina, Time Preference: afternoon, Location Prefer-
ence: outdoor.

12. Hobby: Water sports, Company: Torry Harris Business Solutions, Time Preference: morning,
Location Preference: outdoor.

Considering the information you’ve provided, none of these friends seem to match the criteria
for our mutual friend. Could you provide more details about your friend’s company or any other
preferences that might help us identify our mutual friend?

Alex: I apologize for the oversight. Given the new
information you’ve provided and considering that our mutual
friend prefers outdoor activities but not in the afternoon, I
can see that none of the friends on my initial list match this
description. However, I do have a friend who enjoys jogging,
works for Ann Taylor, prefers outdoor activities, and has an
afternoon time preference
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Table 12: Looping dialogue hallucination on MF without belief-state constraints

Bob: I don’t have a friend with a Major in Microbiology

who prefers indoor locations and likes to meet in the morning.
Let’s try another friend from my list. One of my friends has a
Major in Senior High Education, prefers indoor locations, and
likes to meet in the afternoon.

Alex: I don’t have a friend with a Major in Senior High
Education who prefers indoor locations and likes to meet in the
afternoon. Let’s try another friend from my list. One of my

friends has a Major in Microbiology, prefers indoor locations,
and likes to meet in the morning.

Bob: I don’t have a friend with a Major in Microbiology

who prefers indoor locations and likes to meet in the morning.
Let’s try another friend from my list. One of my friends has a
Major in Senior High Education, prefers indoor locations, and
likes to meet in the afternoon.

Alex: I don’t have a friend with a Major in Senior High
Education who prefers indoor locations and likes to meet in the
afternoon. Let’s try another friend from my list. One of my

friends has a Major in Microbiology, prefers indoor locations,
and likes to meet in the morning.

Table 13: Examples of Mutual Friends (MF) experiment generated by LLaMA

1. Unable to understand the task setup (Llama-2-7b (cot))

Bob (1st round): Great! Let’s identify our mutual friend
quickly. After checking my list, I can confirm that the only
friend we have is... Megan!

2. Generate non-existent friend information (Llama-3.1-8b (w/o
belief))

Alex (3rd round): ... I have another friend that matches the
criteria: Friend #99: School: ©None of the schools mentioned

by Bob, but one of them is indeed on my list (Albertson College
of Idaho), Major: Computer Engineering, Hobby: Triathlon. No
match. Friend #100: School: West Coast University, Major:
Philosophy & Religion, Hobby: Flower collecting and pressing.

No match.
3. Repeat the same conversation (Llama-2-13b (BEDA ))
Alex (10th round): ... I do have a friend who attends Baylor

University, majors in Metallurgical Engineering, and has a
hobby of Inline skating. .

Bob (l1llth round): ... I do have a friend who attends West
Liberty State College, majors in Agricultural Business &
Management, and has a hobby of Dog sport. .

Alex (12th round): ... I do have a friend who attends Baylor
University, majors in Metallurgical Engineering, and has a
hobby of Inline skating. .

Bob (13th round): ... I do have a friend who attends West
Liberty State College, majors in Agricultural Business &
Management, and has a hobby of Dog sport.
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