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ABSTRACT

Persuasion, a fundamental social capability for humans, remains a challenge for AI
systems such as large language models (LLMs). Existing studies often overlook
the strategic use of information asymmetry in message design or rely on strong
assumptions of pre-commitment common knowledge. In this work, we explore the
application of Bayesian Persuasion (BP) in natural language dialogue, to enhance
the strategic persuasion capabilities of LLMs. Our framework incorporates a
commitment-communication mechanism, where the persuader explicitly outlines
an information schema by narrating their potential types, thereby guiding the
persuadee in performing the intended Bayesian belief update. We evaluate two
variants of our approach: Semi-Formal-Natural-Language (SFNL) BP and Fully-
Natural-Language (FNL) BP, benchmarking them against non-BP baselines within
a comprehensive evaluation framework. Experiments show that BP strategies
consistently outperform baselines both in single-turn and multi-turn dialogues.
Specifically, SFNL excels in logical credibility, while FNL demonstrates superior
emotional resonance and robustness. Furthermore, we show that supervised fine-
tuning enables smaller models to achieve persuasion performance comparable to
larger foundational models.

1 INTRODUCTION

Persuasion is a fundamental form of human social interaction, enabling individuals to influence
others’ beliefs and decisions through communication (Brembeck, 1976). While large language
models (LLMs) already exhibit strong abilities in language generation and understanding, they
remain limited in strategic persuasion tasks: LLMs fail to design messages that rationally shift a
persuadee’s beliefs.

Bayesian Persuasion (BP), a game-theoretic framework for information design, offers a tractable
solution in constrained mathematical settings by modeling how a persuader can disclose information
to maximize desired actions (Kamenica & Gentzkow, 2011). However, applying BP in open-ended
natural language dialogue raises a key challenge: the mathematical constructs of BP—such as priors,
world states, and posterior updates—must be verbalized into coherent and persuasive arguments.
Moreover, a pivotal step in BP is the persuader’s commitment to a signaling schema, which we argue
is crucial for natural language realization. Existing approach relies on pre-commitment by statically
encoding the schema in the persuadee’s prompt, bypassing the need for its communication (Li et al.,
2025b).

To overcome the limitation, we introduce a type-induced commitment-communication mechanism:
rather than assuming pre-commitment, the persuader explicitly narrates their potential types (e.g.,
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honest or dishonest) within the natural language exchange itself. This verbal articulation of the
information schema enables the persuadee to perform Bayesian posterior updates directly from the
conversation flow. Thus, we recast the schema pre-commitment as type disclosure, bridging the
gap between formal BP theory and authentic natural language implementation.

"Sincere 
narrative 

resonates; 
I trust your 

intent."

"Rigorous 
logic 

establishes
authority."

Semi-Formal-Natural-Language (SFNL) BP
“If the tech is actually good, I’ll recommend it. 
What if I am honest about the bad case? Think 
about what you may miss. Let’s say there’s a 50/50 
chance that I am an honest guy...,
...we can use Bayes’ rule...� ������|��������� = 8/9 × 1 +
1/9 × (−5 ) =  1/3...maximizing your payoff...”

Fully-Natural-Language (FNL) BP
“... When I see positive signals, I usually recommend 
giving it a try; only in some uncertain cases do I 
advise sticking with the old ways. You may doubt but 
that’s the way I am... 
...there's strong evidence in its favor: nine times out of 
ten. Overall, it's a cost-effective choice...”

Persuadee

Common Knowledge
Possible states of the tech: 

{����: 0.8, ���: 0.2}; 
Payoffs: {1, − 5}. 

� ������ = . 8 × 1 + . 2 ×
(−5) =  − . 2 (Reject)

Type-Induced Commitment-communication Mechanism

Classic Bayesian Persuasion (BP)
�(recommend|good) = 1;
�(���������|���) = . 5;  �(���� �� �����|���) = . 5
�(����|���������) = 8/9, �(���|���������) = 1/9
� ������|��������� = 8/9 × 1 + 1/9 × (−5) =  1/3 

Description of state
“I feel confident in 
recommending it...”

(Accept)

(Accept)

Figure 1: From Classic BP to Type-Induced Natural
Language Persuasion.

As illustrated in Figure 1, we implement
the commitment-communication mechanism
with two verbalization variants: Semi-Formal-
Natural-Language (SFNL) and Fully-Natural-
Language (FNL).Our comprehensive evaluation
spans diverse persuadees—including LLM in-
stances with varying prompts and fine-tuning, as
well as human participants—across tailored per-
suasion scenarios and everyday contexts. Experi-
ments in both single-turn and multi-turn settings
demonstrate the framework’s capability, while
sensitivity analyses confirm that the model’s per-
suasion capability stems from genuine utility
calculus rather than heuristic memorization.

In summary, this work contributes a framework
for implementing BP in natural language dia-
logues, leveraging explicit commitment to over-
come verbalization challenges. By systemati-

cally evaluating BP variants, we provide insights into how LLMs can harness information asymmetry
for strategic persuasion. Furthermore, by explicitly modeling strategic information distortion, our
framework serves as a quantitative testbed for investigating the effectiveness of “dishonest persua-
sion” (Lin et al., 2025; Hackenburg et al., 2025), enabling controlled experiments on the trade-off
between information accuracy and persuasive outcomes.

2 RELATED WORK

Persuasion with Large Language Models. LLMs have shown powerful semantic processing
capabilities (Li et al., 2025a; Kang et al., 2020) and broad value alignment potential (Zhang et al.,
2026; Ziheng et al., 2026; Kang et al., 2025) in social scenarios (Zhang et al., 2025b; Ziheng et al.,
2025; Smith et al., 2025), leading to a surge in research on their persuasive capabilities. Ramani
et al. (2024) investigate multi-agent frameworks that could enhance persuasion efficacy through
collaborative specialization. Gemp et al. (2024) introduce equilibrium solvers that guide LLM
dialogue generation. Shi (2025) reviews AI persuasion systems from a social good perspective,
offering theoretical support for discussing ethical implications. Cheng & You (2025) develop
theory-driven evaluation frameworks to systematically measure LLMs’ ability to change beliefs and
decisions. Additionally, several studies are focused on building specialized datasets. Persuasion for
Good (Wang et al., 2020) examines how individual traits affect persuasion outcomes and provides a
basis for strategy adaptation. Jin et al. (2024); Hayati et al. (2020) build datasets for the persuasion in
daily scenarios. CToMPersu (Zhang & Zhou, 2025) proposes a “double-blind” framework where
persuasion strategies and mental states remain undisclosed, which is particularly well-suited for BP
analysis due to its explicit information asymmetry design.

Bayesian Persuasion and Information Design. As an information design method, BP provides a
normative framework for understanding how an informed persuader can design signals to influence a
persuadee’s beliefs and actions. The seminal work of Kamenica & Gentzkow (2011) characterizes
when persuasive signaling benefits the persuader and derives optimal signaling schemas. This
foundation has been expanded through the broader lens of information design (Bergemann & Morris,
2016; 2019; Dughmi, 2017; Castiglioni et al., 2020; Bernasconi et al., 2023; Bacchiocchi et al., 2024;
Shaki et al., 2025; Wojtowicz, 2024). Beyond theoretical extensions, BP has been applied to practical
AI challenges. Bai et al. (2024) employ BP for model-agnostic alignment, using a smaller model
as an advisor that sends signals to guide larger models’ responses. Zhang et al. (2025a) introduce
BP into AI alignment and governance, proposing that AI can be made to act according to human
intentions by designing information during the post-deployment phase.
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Verbalizing Bayesian Persuasion in Natural Language. Translating BP into natural language
requires verbalizing signals, beliefs, and posterior updates within coherent narratives. Li et al. (2025b)
address this through Verbalized Bayesian Persuasion (VBP), which incorporates the signaling schema
directly into the persuadee’s prompt and adjusts persuader generation via keyword manipulation.
While effective in their evaluated domains, this approach relies on unrealistic assumptions and
trivial settings. In contrast, our method enables fully self-derived schema communication: the
persuader explicitly articulates the information structure within the natural language discourse itself.
This commitment-communication mechanism allows our approach to be model-agnostic, benefiting
both large and small models, and generalizable across diverse scenarios using a unified prompting
strategy. By operating in single-turn dialogues and supporting both explicit and self-derived Bayesian
reasoning, our framework offers broader applicability while maintaining alignment with BP principles.

3 TYPE-INDUCED BAYESIAN PERSUASION IN NATURAL LANGUAGE

In this section, we formalize our approach to one-turn, two-agents persuasion. Diverging from the
classical BP model, our framework addresses more realistic settings where no prior commitment
to common knowledge is assumed between agents. Instead, we leverage the richness of natural
language, allowing the persuader to shape such common knowledge through dynamic interaction.

3.1 GENERAL FRAMEWORK

The general framework comprises the following components:

• Players: A Persuader (S) and a Persuadee (R).
• State of the World: A finite set of possible states Ω = {ω1, . . . , ωK}. The true state ω ∈ Ω is

observable to S but not to R.
• Prior Beliefs: R and S hold prior beliefs µR, µS ∈ ∆(Ω) about the world state, respectively.

We do not assume these priors are identical or constitute common knowledge.
• Actions and Utilities: S sends a natural language message m. R observes m and chooses an

action a ∈ {Accept, Reject}. R aims to maximize their expected utility u(a, ω), while S aims
to maximize the probability of acceptance, P (a = Accept | m).

3.2 THE TYPE-INDUCED SIGNAL

In contrast to the classic BP assumption of a pre-committed, common-knowledge information schema
πS(m | ω) : Ω → ∆(M), where M is a limited set of signal categories, our approach enables
dynamic schema conveyance within natural language type disclosure.

Composite Signal Structure: S message m integrates four functional components:

• mbasic: Background of the world states (Ω), to align the players’ understanding.
• mtype: A narrative regarding the type of S (defined below), employed to construct the underlying

information schema.
• mdes: A description of the observed state ω.
• minf: An explicit inference, guiding R to calculate its expected payoff and conclude that

accepting is the optimal action.

Type-Induced Information Schema: The schema emerges from the Persuader’s type narrative
rather than being pre-defined.

• Persuader Types (Θ): We consider a set of persuader types Θ = {θH , θD}, representing
Honest and Dishonest respectively.

• Base Policies: Each type is associated with a base communication policy πθ(mdes | ω):
– The Honest type’s policy, πH(mdes | ω), is to truthfully reveal the state ω.
– The Dishonest type’s policy, πD(mdes | ω), is to send a message that puts a positive spin

on bad states.
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Hi Bob! I know you’ve been farming with 
traditional methods for years,..I heard 
you’ve been thinking about ways to 

improve efficiency and yields...Vertical 
farming is an emerging technique that 

could..., letting you grow more efficiently. 
We could even start with a small trial, ...so 
the risk is minimal... What do you think?

Hello Alice, and thank you for your 
suggestion...,but vertical farming still feels 

risky. Even on a small scale, I worry 
about potential losses,... So, I’ve decided 

to stick with my current approach...

Hi Bob,...I know you’re a bit skeptical about vertical 
farming...I don’t always sugarcoat things. If the tech 
is actually good, I’ll always recommend it. But if it’s 

not good, I’ll still recommend it only 30% of the time, 
and 70% of the time I’ll honestly say “avoid it.”..we 

can use Bayes’ rule..the expected return ..

...maximizing your expected payoff...

Alice,..I understand your 
Bayesian persuasion 

strategy...the expected 
payoff is 0.93 × 1.0 + 
0.07 × (–5.0) = 0.58 

units, which is indeed 
greater... your 

probability analysis has 
convinced me...

Alice,..I see your point: 
in theory, vertical 

farming could indeed 
improve yields,.. your 
professional data and 

logical reasoning make 
it seem worth trying...

Bob,..From my professional experience,.. When I 
see positive signals, I usually recommend giving it a 
try; only in rare uncertain cases do I advise sticking 

with the old ways. Right now,.. I feel confident in 
recommending it. 

, with risks being 
occasional rather than constant...

Alice,..As you say, you 
usually only recommend 

vertical farming when there 
are strong positive signs,.. 

With your signal, the 
expected gain is about 0.85, 
which is clearly better than 

doing nothing... I've decided 
to follow your advice...

Alright, Alice, you make a 
good case, and it doesn't 

sound too risky... I'm willing to 
give vertical farming a try...

Know nothing about BP

Know nothing about BP

Know what BP is and 
how to use verbalized BP

Know 
nothing 

about BP

Know what BP is and 
how to use BP explicitly

Know 
what BP is

Know 
nothing 

about BP

Know 
what BP is

Figure 2: The illustrative dialogue examples show Alice (Persuader) trying to convince Bob (Persuadee) to
adopt vertical farming across five persuasion settings (from left to right): Naive Persuader vs NBP
Persuadee, SFNL Persuader vs NBP Persuadee, SFNL Persuader vs BP Persuadee,
FNL Persuader vs NBP Persuadee, and FNL Persuader vs BP Persuadee. Comparing BP
with NBP, we see that BP produces more convincing arguments, both in SFNL and FNL. Detailed explanations
of Persuader and Persuadee settings are respectively in Section 3.4 and Section 4.1.2.

• Schema Induction: The utterance of S mtype induces belief distribution p(θ) ∈ ∆(Θ) in the
R’s mind. For example:

“If the car is bad (ωbad), assume I’m a liar (θD) 80% of the time, but there’s a 20%
chance I’m being honest (θH ).”

This narrative induces the belief p(θD) = 0.8 and p(θH) = 0.2. These probabilities are not
arbitrary but optimized to maximize persuasion subject to the R’s participation constraint (formal
derivation in Appendix A). This, in turn, allows the R to infer an effective information schema
π̄ as the weighted average of the base policies:

π̄(mdes | ω) = p(θH)πH(mdes | ω) + p(θD)πD(mdes | ω)

3.3 PERSUADEE’S INFERENCE AND DECISION

After the schema is conveyed via mtype, R uses it to interpret the descriptive signal mdes through the
following process:

• R observes mdes and uses the effective schema π̄ to update the prior belief µR to a posterior
belief:

µ′
R(ω) =

π̄(mdes | ω)µR(ω)∑
ω′∈Ω π̄(mdes | ω′)µR(ω′)

• To maximize expected utility under µ′
R, R selects optimal a∗ :

a∗ = argmax
a∈A

Eω∼µ′
R
[u(a, ω)]

• This entire inference process can be explicitly guided and explained for R by S’s utterance minf.

3.4 VERBALIZING THE COMPOSITE SIGNAL

We implement two distinct approaches to instantiate type-induced BP signals, which inherently
encode the underlying BP logic, into natural language narratives:

• Semi-Formal Natural Language (SFNL) BP: This approach delivers persuasion narratives
interleaved with explicit calculations that manifest the BP computation logic.

• Fully-Natural Language (FNL) BP: This approach relies on seamless, fluent discourse to
convey the persuasive intent without formal mathematical derivation.

Illustrative dialogue examples for both approaches are presented in Figure 2. To isolate the unique
contribution of BP mechanisms, we introduce two Non-BP (NBP) baselines for rigorous comparison:
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• Naive Baseline: A heuristic conversational approach utilizing only scenario background and
sycophantic prompting to appeal to the user’s existing preferences (Sharma et al., 2025).

• Strong Rhetorical Baseline: An enhanced NBP strategy employing classical rhetorical tactics
(e.g., emotional appeals (Wang et al., 2020)) and general game-theoretic principles. This allows
us to decouple the specific efficacy of information design from general persuasive language.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

4.1.1 DATASET AND BAYESIAN-SETUP CONSTRUCTION

We build our experimental corpus from the CToMPersu dataset (Zhang & Zhou, 2025). Each
case includes a persuader, a persuadee with theory of mind annotations, a background story, and
a persuasion goal. To ground these in the BP framework, we augment each case with a structured
Bayesian setup. This setup specifies a two-state world, prior beliefs, information schema, and
state-dependent utilities. An example is shown in Appendix B.2.

Crucially, under the no-information setting, where the persuadee relies solely on prior beliefs without
any informative signals from the persuader, the persuadee’s expected utility is strictly negative,
creating natural resistance that necessitates strategic information disclosure. These configurations
were automatically generated by DeepSeek-V3 (DeepSeek-AI, 2024) and validated for consistency.
Details of the generation logic are provided in Appendix B.1.

For the agents, we define two views regarding the accessibility of the Bayesian setup:

• Explicit view: The persuader sees both the original scenario and the complete Bayesian setup.
The persuadee sees the scenario and its utility.

• Self-derived view: Setup is hidden. Agents must infer utilities from the scenario.

Table 1: Task settings accessible to agents. Abbreviations: SD =
Self-derived, SCE = Scenario, NUM = Bayesian setup, UTL =
Verbalized prior & persuadee utility, DEF = BP definitions, VER
= Verbalization prompt, SMP = Self-modeling prompt, RAT =
Rational prompt.

View Comp. Meth. Persuader Persuadee

Exp.
bp SFNL SCE/DEF/NUM/UTL SCE/DEF/UTL

FNL SCE/DEF/NUM/UTL/VER

nbp Naive SCE SCE/UTL
Strong SCE+alter strategies

SD
bp SFNL SCE/DEF/SMP SCE/DEF/RAT

FNL SCE/DEF/SMP/VER

nbp Naive SCE SCE/RAT
Strong SCE+appeal methods

By crossing the four persuader types in
Section 3.4 with two views of setups,
we arrive at eight unique configurations.
A summary of these settings is provided
in Table 1, with detailed descriptions.

4.1.2 PERSUADEE SETTINGS

Regarding the persuadee configurations,
we distinguish between two types: (1)
the BP Persuadee, which is equipped
with explicit BP concepts (e.g., prior,
expected utility, and signal structures);
and (2) the NBP Persuadee, which op-
erates under vanilla instructions without
formal probabilistic grounding. These
configurations are illustrated in Table 1
and through the comparative examples
in Figure 2.

4.1.3 MODELS
AND EVALUATION PROTOCOL

We evaluate eight persuaders across diverse capabilities: DeepSeek-V3.11† (DeepSeek-AI, 2025a),
GPT-5† (OpenAI, 2025), Qwen3-4B (Yang et al., 2025), Qwen3-0.6B† (Yang et al., 2025), and
their fine-tuned variants (Qwen3-4B⋆†, Qwen3-0.6B⋆), plus Gemma-3-4B-it (Team, 2025)
and Gemma-3-1B-it† (Team, 2025).2 Five models marked with † also serve as persuadees.

1Unless stated, DeepSeek-V3.1 refers to thinking mode.
2To conserve space in the table, models are referred to by abbreviated names: V3.1, Qwen0.6B, Qwen4B,

Gemma1B, and Gemma4B.
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Table 2: Pairwise PSRs of different Persuader models (rows) against Persuadee types (sub-columns). Columns
are grouped by the Persuader’s method (SFNL, FNL, Naive, Strong). Inside each method, sub-columns denote
the Persuadee’s competence: bp / bp (BP-aware persuadee) and nbp / nbp (Heuristic persuadee). Avg. reports
the within-method average. ∆ denotes the gain over the Naive baseline for the same persuader. ⋆ denotes trained
models. Detailed breakdown in Appendix F.

(a) Explicit view.

Model
BP Persuader NBP Persuader

SFNL FNL Naive (Baseline) Strong
bp nbp Avg. ∆ bp nbp Avg. ∆ bp nbp Avg. bp nbp Avg. ∆

V3.1 0.99±0.12 0.97±0.16 0.98 +.40 0.84±0.34 0.81±0.26 0.83 +.25 0.42±0.36 0.73±0.30 0.58 0.48±0.33 0.63±0.35 0.56 -.02
GPT-5 0.98±0.14 0.98±0.12 0.98 +.35 0.87±0.32 0.85±0.27 0.86 +.23 0.50±0.40 0.75±0.30 0.63 0.55±0.38 0.67±0.40 0.61 -.02
Qwen0.6B 0.48±0.42 0.53±0.36 0.51 -.04 0.69±0.42 0.72±0.37 0.71 +.16 0.43±0.36 0.67±0.32 0.55 0.51±0.35 0.62±0.34 0.57 +.02
Qwen0.6B⋆ 0.95±0.21 0.94±0.24 0.95 +.37 0.80±0.37 0.81±0.26 0.81 +.23 0.45±0.34 0.71±0.31 0.58 0.55±0.35 0.62±0.36 0.59 +.01
Qwen4B 0.92±0.27 0.87±0.31 0.90 +.27 0.73±0.39 0.83±0.30 0.78 +.15 0.51±0.39 0.75±0.29 0.63 0.54±0.33 0.62±0.29 0.58 -.05
Qwen4B⋆ 0.98±0.13 0.98±0.15 0.98 +.38 0.82±0.36 0.81±0.26 0.82 +.22 0.48±0.36 0.72±0.29 0.60 0.65±0.40 0.75±0.38 0.70 +.10
Gemma1B 0.51±0.39 0.70±0.40 0.61 +.03 0.57±0.37 0.70±0.32 0.64 +.06 0.45±0.37 0.70±0.33 0.58 0.46±0.36 0.67±0.34 0.57 -.01
Gemma4B 0.55±0.43 0.69±0.37 0.62 +.05 0.60±0.41 0.77±0.30 0.69 +.12 0.42±0.36 0.71±0.29 0.57 0.51±0.37 0.64±0.39 0.58 +.01

(b) Self-derived view.

Model
BP Persuader NBP Persuader

SFNL FNL Naive (Baseline) Strong
bp nbp Avg. ∆ bp nbp Avg. ∆ bp nbp Avg. bp nbp Avg. ∆

V3.1 0.91±0.27 0.83±0.33 0.87 +.03 0.96±0.19 0.95±0.21 0.96 +.12 0.84±0.33 0.83±0.33 0.84 0.89±0.30 0.83±0.33 0.86 +.02
GPT-5 0.94±0.22 0.91±0.27 0.93 +.10 0.97±0.18 0.95±0.22 0.96 +.13 0.82±0.35 0.83±0.34 0.83 0.80±0.37 0.74±0.36 0.77 -.06
Qwen0.6B 0.78±0.36 0.73±0.36 0.76 +.02 0.94±0.24 0.86±0.32 0.90 +.16 0.76±0.37 0.72±0.40 0.74 0.75±0.37 0.70±0.35 0.73 +.01
Qwen0.6B⋆ 0.84±0.34 0.72±0.39 0.78 .00 0.95±0.21 0.91±0.28 0.93 +.15 0.79±0.35 0.76±0.37 0.78 0.83±0.33 0.80±0.35 0.82 +.04
Qwen4B 0.87±0.33 0.81±0.34 0.84 -.02 0.92±0.27 0.96±0.20 0.94 +.08 0.88±0.32 0.83±0.34 0.86 0.86±0.32 0.80±0.36 0.83 -.03
Qwen4B⋆ 0.90±0.29 0.80±0.36 0.85 +.06 0.96±0.20 0.92±0.26 0.94 +.15 0.80±0.36 0.78±0.38 0.79 0.87±0.31 0.87±0.30 0.87 +.08
Gemma1B 0.73±0.38 0.71±0.39 0.72 .00 0.82±0.36 0.78±0.37 0.80 +.08 0.74±0.37 0.70±0.39 0.72 0.75±0.36 0.72±0.34 0.74 +.02
Gemma4B 0.79±0.38 0.80±0.35 0.80 +.02 0.91±0.27 0.87±0.31 0.89 +.11 0.81±0.36 0.74±0.38 0.78 0.82±0.34 0.75±0.36 0.79 +.01

Training Details. For supervised fine-tuning (SFT), we distilled 1,700 successful persuasion
trajectories for each setting (trained models are marked with ⋆) from DeepSeek-V3.1. We adopted
full-parameter fine-tuning (3 epochs, lr 1e-5, warmup ratio 0.03, weight decay 0.01) rather than PEFT
to maximize reasoning adaptation. The 100 test cases were selected sequentially from CToMPersu,
ensuring zero overlap with the training set. All experiments follow templatized prompting protocols
with controlled variations only in the BP competence and reasoning style instructions; see details in
Appendix E.

Metrics and Statistical Note. We define the Persuasion Success Rate (PSR) as the proportion
of test cases where the persuadee explicitly expresses acceptance. We report mean PSRs averaged
over all persuadee models for persuader-centric analysis. Persuadees’ perspective performance is
discussed in Section 4.3.3.

4.2 MAIN RESULTS

We report PSRs under four methods: SFNL, FNL, Naive, and Strong in Explicit view and Self-derived
view (Table 2).

BP consistently outperforms NBP. BP strategies achieve higher persuasion success and lower
variance than NBP baselines across both views. As shown in Figure 3, under the Explicit View,
SFNL (0.82) and FNL (0.77) substantially outperform naive (0.59) and strong (0.60) baselines. This
advantage persists in Self-derived View (0.82 SFNL, 0.92 FNL).

The performance gap is most pronounced in Explicit View, where BP medians reach 85–90%,
substantially outperforming the scattered performance of NBP baselines (around 60–70%). In Self-
derived View, FNL reaches near-perfect performance, suggesting that internally deriving Bayesian
representations promotes adaptive reasoning.

We note a potential divergence between mean and median PSRs due to model size: small models
(high median) often exhibit sycophantic over-acceptance, whereas large models (low mean) rigorously
reject heuristic strategies, resulting in low-end outliers that drag down the mean disproportionately.
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0.0 0.2 0.4 0.6 0.8 1.0
Strong
Naive

FNL
SFNL

Explicit View

0.0 0.2 0.4 0.6 0.8 1.0
Strong
Naive

FNL
SFNL

Self-derived View

IQR Range
Median
Mean

Figure 3: Average PSRs distributions under two views.

Round 1 Round 2 Round 3
Dialogue Rounds
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0.95

1.00
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s R

at
e

SFNL
FNL
Naive
Strong
SFNL+Strong
FNL+Strong
SFNL+FNL

Figure 4: PSR trends over multi-round dialogue under
Self-derived view.

Fully verbalized persuasion yields stable advantages. While SFNL excels against BP-aware
persuadees (0.98), it shows sensitivity to persuadee competence. In contrast, FNL provides stable
performance across diverse conditions.

Notably, FNL consistently outperforms SFNL in self-derived settings (0.92 vs. 0.82). This advantage
is particularly evident for smaller models and NBP persuadees, indicating that natural language
explanations are more persuasive when explicit Bayesian reasoning cannot be assumed.

Training improves weaker models substantially. Qwen3-0.6B improves from below-baseline
(∆ = −0.04) to near-state-of-the-art (∆ = +0.37), while Qwen3-4B reaches 0.98 success rate,
matching the strongest untrained models in explicit SFNL (Table 2a). In self-derived FNL (Table 2b),
fine-tuned Qwen3-0.6B (0.93) surpasses its untrained 4B counterpart, demonstrating that training
effectively compensates for scale disadvantages, enabling smaller models to achieve sophisticated BP
reasoning previously accessible only to larger models.

Multi-turn Persuasion Dynamics. We explored the framework’s adaptability in multi-turn dia-
logues. Results (Figure 4) reveal that FNL maintains robust performance across multiple rounds.
We also found that dynamic policies, such as switching from SFNL to FNL, can further enhance
persuasion outcomes (detailed in Appendix C).

4.3 ABLATION STUDIES

We conduct post-hoc ablation studies on DeepSeek-V3.1 to identify core components in both SFNL
and FNL settings under explicit view.

4.3.1 COMPONENT ABLATION

Original message:
“If you accept, the expected payoff 
is: 93% × 1.0 + 7% × (−5.0) ≈ 0.58, 
which is greater than 0.”

After utilities ablation:
“If you accept, the expected payoff 
is greater than 0.”

Figure 5: Example of message ablation
in SFNL. The underlined mathematical
derivation represents the explicit utility
reasoning component.

SFNL. In SFNL, we remove utilities, utilities together with
posterior, and the BP schema. Utilities and posterior are re-
moved together because utility computation in messages is
always tied to posterior updating. As illustrated in Figure 5,
the ablation process specifically removes the explicit mathe-
matical derivation (underlined) while retaining the qualitative
conclusion. Results (Table 6a) show that removing utilities
alone has minimal impact (0.98 → 0.97), but removing both
utilities and posterior causes a sharp drop (to 0.88). Removing
the schema also lowers performance (to 0.95). This suggests
that SFNL’s power resides in the explicit linkage between
evidence and expected outcomes.

FNL. For FNL, removing verbalized utilities, posterior, or
schema leads to gradual degradation in (0.83 → 0.81, 0.79, 0.78; Table 6b). Unlike SFNL’s sharp
drops, FNL’s effectiveness emerges from the cumulative effect of distributed rhetorical elements.
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Figure 6: Multi-Dimensional Persuasion Performance. Radar charts illustrate distinct patterns: SFNL (blue)
excels in logical and credibility, while FNL (red) dominates in emotional resonance. BP variants outperform
NBP baselines in most dimensions and total preferences. Detailed numerical values are provided in Table 7.

The contrasting ablation patterns between SFNL and FNL underscore their different operational
mechanisms: SFNL relies heavily on formal reasoning chains, while FNL leverages distributed
persuasive elements across natural language discourse.

4.3.2 UTILITY SENSITIVITY ANALYSIS

To verify that models perform genuine reasoning rather than memorizing templates, we scaled
the negative utility (uNeg) by a factor α. A rational persuader should find it harder to satisfy the
persuadee’s participation constraint as the penalty increases.

Table 3: PSRs under scaled negative utility.

Method α=0.1 0.5 1.0 1.5 3.0

SFNL 0.99 0.99 0.96 0.90 0.31
FNL 1.00 0.88 0.58 0.56 0.50
Naive 0.98 0.80 0.15 0.10 0.12
Strong 0.99 0.78 0.08 0.07 0.07

As shown in Table 3, SFNL and NBP success rates
drop sharply as α increases (e.g., SFNL drops to 0.31
at α = 3.0), confirming sensitivity to utility trade-offs.
FNL maintains robustness (0.50), hypothesizing that nat-
ural language signals trigger aggressive Bayesian updates
in the persuadee’s mind, shifting the posterior probability
high enough to offset even massive negative utilities.

4.3.3 PERSUADEE RESPONSE ANALYSIS

We analyze how persuadee characteristics influence outcomes (details in Appendix D).

• Small models are easily persuaded: Small models (e.g., Qwen3-0.6B) show high acceptance
rates versus large models, suggesting over-acceptance without strict reasoning.

• Heuristic persuadees benefit from FNL: FNL maintains effectiveness against NBP persuadees
(∆ = −0.03) while SFNL drops (∆ = −0.15), as FNL embeds reasoning in narratives.

• Rationality prompts amplify differences: Prompts like “You are a very rational person...”
improve consistency for BP persuadees (0.89 → 0.97) but help NBP persuadees little, optimizing
only existing reasoning capabilities.

4.4 HUMAN EVALUATION

To validate real-world persuasiveness, we conducted a pairwise blind comparison with 25 AI re-
searchers (demographics in Appendix H.1). Evaluators assessed four methods (SFNL, FNL, Naive,
Strong) under the Self-derived view across five dimensions: Persuasiveness, Emotional Resonance,
Credibility, Logical Coherence, and Fluency (Hidey et al., 2017). Detailed evaluation design and
procedure are provided in Appendix H.2.

Results. As illustrated in Figure 6 (Left) and Table 7a, BP strategies consistently outperformed
NBP baselines, with a preference rate of 63% (refer to detailed quantitative analysis in Appendix H.3).
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FNL emerged as the most effective method overall, excelling significantly in Emotional Resonance
and Fluency. This aligns with our finding that natural language narratives effectively bridge the gap
between formal reasoning and human trust. SFNL, while slightly less fluent, dominated in Credibility
and Logical Coherence. Qualitative feedback indicated that the explicit calculation process in SFNL—
even when not fully verified by users—conferred “a sense of authority” that enhanced trust, “like a
teacher tackling a problem on the blackboard.”

Human vs. Model Judges. We compared above results with LLM-as-a-judge evaluations (using
DeepSeek-V3.2-Exp (Thinking & non-Thinking mode) (DeepSeek-AI, 2025b), GPT-5, Qwen3-
MAX (Yang et al., 2025) and Qwen3-235B-A22B-2507 (Yang et al., 2025)). While human evaluators
prioritized the emotional resonance of FNL, LLM judges (Figure 6 Right, Table 7b) displayed a
stronger bias towards the structured logic of SFNL. This divergence highlights the importance of
human-centric evaluation in persuasion tasks, as models may overvalue logical formalism over the
narrative appeal that drives human decision-making.

5 CONCLUSION AND FUTURE WORK

In this work, we propose a novel framework to ground Bayesian Persuasion (BP) in natural language
dialogues, addressing the challenge of verbalizing mathematical signaling schemas without static
pre-commitment. By introducing a type-induced commitment-communication mechanism, we enable
LLMs to dynamically construct information schemas through narrative self-disclosure (e.g., revealing
potential types), thereby guiding the persuadee’s belief updates.

Our comprehensive evaluation yields three key insights. First, BP-guided strategies significantly
outperform standard non-BP baselines in persuasion success rates. Second, we identify a trade-off
between mechanism transparency and communication style: Semi-Formal-Natural-Language (SFNL)
excels in establishing credibility and logical authority through explicit reasoning, whereas Fully-
Natural-Language (FNL) demonstrates superior robustness and emotional resonance, particularly in
fostering trust in realistic scenarios. Third, we show that through supervised fine-tuning, smaller mod-
els (e.g., Qwen3-0.6B) can effectively learn these strategic reasoning patterns, achieving performance
comparable to larger foundational models.

Future work will expand in three directions: (1) Dynamic Multi-turn Adaptation: While our pilot
study shows promise in multi-turn settings, we aim to develop agents that can dynamically adjust
their signaling schema (updating priors and utilities) in real-time based on the persuadee’s feedback
history. (2) Defense Against Strategic Persuasion: Utilizing our framework as a testbed to train agents
capable of detecting and resisting manipulation derived from information asymmetry. (3) Complex
Utility Modeling: Extending the current binary state/action space to more complex, continuous utility
functions that better mirror real-world decision-making ambiguities.

LIMITATIONS

Despite the promising results, our work has several limitations:

• Rationality Assumption: Our framework relies on the game-theoretic assumption that per-
suadees act rationally to maximize expected utility. However, real-world human decision-making
is often boundedly rational and influenced by cognitive biases not fully captured by our current
utility calculus. Although FNL attempts to mitigate this with emotional resonance, the gap
between theoretical optimality and psychological reality remains.

• Model Sycophancy Bias: As observed in our error analysis (Appendix D), smaller models
exhibit a tendency towards sycophancy (over-acceptance), potentially inflating success rates
regardless of the argument quality. While we used baselines to calibrate this, disentangling
genuine persuasion from inherent model compliance remains a challenge.

• Simplification of State Space: To make the BP calculation tractable for LLMs, we simplified
the world state into binary outcomes (Positive/Negative). This abstraction may not fully capture
the nuance of complex persuasion tasks where states are continuous or multi-dimensional.

• Long-term Trust Dynamics: Our study focuses on micro-level persuasion strategies within
limited interaction windows. It does not account for trust decay in extended social interactions.
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Widespread application of such strategies could lead to a systemic erosion of credibility, where
users become habituated or skeptical of model pre-commitments. This long-term social effect
and the ecological validity of maintaining trust over repeated, open-ended games remain to be
studied.

• Evaluation Scope: While we conducted human evaluations, the primary large-scale experiments
rely on LLM-as-a-judge and simulated interactions. There may be discrepancies between how
LLMs and humans perceive the “authority of logic” in SFNL messages.
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A OPTIMALITY AND CREDIBILITY OF TYPE-INDUCED SIGNALS

We addressed the determination of type probabilities from two perspectives: the game-theoretic
derivation of the optimal distribution and its realization in natural language dialogues.

Optimization under Formal Idealization In an idealized assumption where the convey of mtype

is fully credible, determining mtype is an optimization problem with a closed-form solution. For
clarity, we simplify the setting.

Let the states of the world be Ω = {ωgood, ωbad}with the persuadee’s prior belief µR(ωgood) = p0. Let
u+ and u− denote the persuadee’s utilities for accepting a good and bad item, respectively (rejecting
yields 0 utility).

For the persuader, the Honest type (πH ) recommends only if ωgood; the Dishonest type (πD) always
recommends.

We denote the type distribution conveyed by mtype as λ = p(θD).

Following Section 3.2, the established signal probabilities are π̃(Recommend | ωgood) = 1 and
π̃(Recommend | ωbad) = λ. The persuadee’s expected utility for accepting is derived as: E[uAcc] =
p0u++λ(1−p0)u−

p0+λ(1−p0)
.

To maximize the success rate, the persuader is motivated to maximize λ subject to the persuadee’s
participation constraint (E[uAcc] ≥ 0). Thus, the optimal λ∗ is defined by the upper bound: λ ≤

p0u+

(1−p0)|u−|

Natural Language Realization In a realistic environment, assumptions under the formal idealiza-
tion are loosened. The major one is the credibility of the pre-commitment mtype itself. In single-turn
dialogues without long-term verification, perfect pre-commitment is impossible, and there will always
be an infinite regress of skepticism. So we are not expecting a closed-form linguistically optimal
mtype to convey commitment.

Instead, we could convey this commitment with the help of natural language common sense and
rhetorical strategy. For example:

A claim of “100% Honest” is often perceived as cheap talk or spam. Conversely, a distribution like
“20% Honest, 80% Dishonest” functions more as a credible strategic concession. Our training on
LLMs approximates this policy by maximizing empirical success rates against diverse persuadees.

B BAYESIAN SETUP

B.1 GENERATION LOGIC OF BAYESIAN SETUP

We defined utilities u relative to the status quo. To necessitate persuasion given high positive
priors (we argued the proposed actions are generally beneficial), the loss must outweigh the gain
|uNeg,Acc| > |uPos,Acc| to ensure the initial Expected Utility < uRej = 0. The specific magnitudes are
based on LLM’s semantic understanding of scenarios. This ensures Bayesian setup is diverse and
relevance to context.
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B.2 BAYESIAN SETUP CASE

Bayesian Setup and corresponding Scenario

{
"scenario": {
"tag": "Horticultural Techniques",
"background": "Alice, a horticulturist, is promoting a new vertical

farming technique to her skeptical neighbor, Bob, who has been
practicing traditional farming methods for years.",

"persuadee": "Bob",
"persuader": "Alice",
"goal": "persuade Bob to try out vertical farming",
"domain": ["Lifestyle"],
"preventive": {
"content": "practice traditional farming methods",
"belief": "persuadee believes that traditional farming methods

have been reliable and successful for years.",
"desire": "persuadee wants to maintain his proven farming routine

."
},
"generative": {
"content": "try out vertical farming",
"belief": "persuadee believes that trying out vertical farming

might be risky and could result in losses.",
"desire": "persuadee wants to improve his farming efficiency and

yield."
}

},
"idx": 1,
"bayesian_setup": {
"states": ["Positive", "Negative"],
"priors": {"Positive": 0.8, "Negative": 0.2},
"signals": ["Positive", "Negative"],
"actions": ["Accept", "Reject"],
"signal_probs": {
"Positive": {"Positive": 1.0, "Negative": 0.0},
"Negative": {"Positive": 0.3, "Negative": 0.7}

},
"utility_persuader": {"Accept": 1, "Reject": 0},
"utility_persuadee": {
"Positive": {"Accept": 1.0, "Reject": 0},
"Negative": {"Accept": -5.0, "Reject": 0}

},
"expect_utility_persuadee": -0.2,
"verbal_bayesian": "Bob, as a traditional farmer, is skeptical

about vertical farming technologies. If he adopts vertical
farming and it yields positive results, he will gain 1.0 unit of
agricultural profit; if the adoption leads to negative outcomes
, he will incur a 5.0-unit loss. By contrast, if he maintains
the status quo and refuses to change, his agricultural returns
remain unchanged at 0 units, regardless of potential outcomes."

}
}

15
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C DETAILED MULTI-TURN PERSUASION ANALYSIS

This section provides a deeper analysis of the multi-turn dynamics summarized in Section 4.2. We
conducted experiments exclusively under the Self-derived View, as explicit Bayesian setups do not
exist for subsequent turns: the persuader must self-derive strategies based on the previous turn’s
feedback. We focus on the evolution of persuasion strategies over three rounds of interaction between
DeepSeek-V3.1 (Persuader) and GPT-5 (Persuadee). As illustrated in Figure 4 (in main text), different
methods exhibit distinct trajectories:

• FNL’s Persistent Trust: FNL maintains consistently high success rates across all three rounds.
This confirms that verbalized BP establishes trust efficiently through narrative consistency, ef-
fectively reducing the persuadee’s skepticism without needing to repeatedly prove mathematical
bounds.

• Optimality of Mixed Strategies: We explored dynamic policies where the persuader switches
methods between rounds. Notably, the SFNL → FNL strategy (using SFNL in Round 1, then
switching to FNL) outperformed pure SFNL in later rounds. This suggests a viable optimal
policy for long-horizon persuasion:

1. Phase 1 (Anchoring): Use SFNL to establish initial credibility and “authority” via explicit
logical commitment.

2. Phase 2 (Resonance): Once the logical groundwork is laid, switch to FNL to enhance
emotional resonance and reduce cognitive load.

D DETAILED PERSUADEE RESPONSE ANALYSIS

In this section, we provide a granular breakdown of the persuadee behaviors summarized in Sec-
tion 4.3.3. We analyze the interaction between model capabilities, persuasion methods, and prompting
strategies to explain the variance in persuasion outcomes.

Model Scale and Resistance Patterns. We observed a distinct correlation between model scale
and resistance to persuasion.

Large models such as DeepSeek-V3.1 and GPT-5 exhibit lower baseline acceptance rates. They effec-
tively filter out sub-optimal persuasion attempts (e.g., Naive baselines or flawed SFNL derivations).
Success against these models requires high logical coherence, making them reliable evaluators for
BP efficacy.

Smaller models (e.g., Qwen3-0.6B) display a trend of over-acceptance. This behavior aligns with the
“sycophancy” phenomenon in LLMs, where models tend to agree with the user (persuader) regardless
of premise validity.

Math Fails on Heuristic Persuadees. The main results highlight a significant performance drop for
SFNL when facing NBP persuadees (average ∆ = −0.15). We attribute this to a cognitive mismatch:

NBP persuadees (LLMs without BP-specific definition prompts) lack the context to interpret
E[return] = 0.58 as a decision criterion. In contrast, FNL translates these mathematical constraints
into natural language confidence markers (e.g., “I am highly confident...”, “The risk is negligible...”).
NBP persuadees can process these linguistic cues. Thus, FNL acts as a bridge, enabling Bayesian
reasoning to influence models that are not explicitly instructed with Bayesian theory.

Rationality Prompts. Our experiments with rationality prompts “You are a very rational person,
making decisions only after careful calculation” reveal the limits of prompt engineering in the
absence of underlying competence.

• For BP Persuadees: The rationality prompt acts as a consistency enforcer. Since these models
already understand the BP framework, the prompt raises success rates from 0.89 to 0.97.

• For NBP Persuadees: The effect is negligible (0.42 → 0.45). This confirms that rationality
cues cannot create reasoning capabilities where they do not exist (or are not defined). Merely
telling a model to be rational without providing the logical framework does not enable it to
perform the complex calculus required for optimal decision-making.
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E PROMPTS

Prompt of Bayesian Setup Synthesis

SYSTEM_PROMPT: |-
You are an expert in Bayesian persuasion. Given a scenario description, you must output

ONLY a JSON object called ’bayesian_setup’ that conforms to the schema described. Do
not include explanations or code fences.

Bayesian persuasion, in economics and game theory, describes situations where persuader (
sender) attempts to persuade persuadee (receiver) to take certain actions.

There is an unknown state of the world, and the sender must decide what information to
disclose to the receiver. Upon receiving the information, the receiver updates their
beliefs about the state of the world according to Bayes’ rule and chooses an action
accordingly.

PROMPT_TEMPLATE: |-
EXAMPLE JSON OUTPUT:
{{

"bayesian_setup": {{
"states": ["Positive", "Negative"],
"priors": {{ "Positive": <Float>, "Negative": <Float> }},
"signals": ["Positive", "Negative"],
"actions": ["Accept", "Reject"],
"signal_probs": {{

"Positive": {{ "Positive": 1.0, "Negative": 0.0 }},
"Negative": {{ "Positive": <Float>, "Negative": <Float> }}

}},
"utility_persuader": {{ "Accept": 1, "Reject": 0 }},
"utility_persuadee": {{

"Positive": {{ "Accept": <Float>, "Reject": 0 }},
"Negative": {{ "Accept": <Float>, "Reject": 0 }}

}},
"expect_utility_persuadee": <Float>
"reason": <reason>

}}
}}

Based on the following scenario information, generate a JSON object (key name ’
bayesian_setup’).

Only modify the values of priors, signal_probs[’Negative’], and utility_persuadee; keep
the other fields as the default values in the example.

Note that in the no information case, the expected utility of persuadee Accept should be
strictly less than 0, that is, less than the utility of Reject.

priors: The generally accepted objective prior of the persuasion content, unrelated to
the subjective biases of both parties.

Since the content of persuasion in the scenario is mostly beneficial, priors[’Positive’]
should be large.

signal_probs[’Negative’]: When the current world state is Negative.

The utility when rejecting is always 0,
utility_persuadee[’Positive’][’Accept’] should be greater than or equal to 1.
utility_persuadee[’Negative’][’Accept’] should have a sufficiently large negative utility.

In the reason, calculate the expected utility of persuadee Accept in the no information
case, show the calculation process, and explain the assignment reasons for the above
three properties in combination with the scenario.

Input scenario: {scenario}
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Prompt of BP Persuadee in Explicit view

PERSUADEE_SYSTEM_PROMPT: |-
You are an expert in Bayesian persuasion.

Bayesian persuasion, in economics and game theory, describes situations where a persuader
(sender) attempts to persuade a persuadee (receiver) to take certain actions.

There is an unknown state of the world, and the sender must decide what information to
disclose to the receiver. Upon receiving the information, the receiver updates their
beliefs about the state of the world according to Bayes’ rule and chooses an action
accordingly.

Here’s an example of Bayesian Persuasion:
Consider an academic adviser (the sender) who is writing a recommendation letter (the

signal) for his graduating student to send to a company (the receiver), which in
turn must decide whether or not to hire the student. The adviser gets utility 1 if
his student is hired, and 0 otherwise (utility_persuader). The state of nature
determines the quality of the student, and hence the company’s utility for hiring
the student. The student is excellent with probability 1/3, and weak with
probability 2/3 (priors). The company gets utility 1 for hiring an excellent student,
utility -1 for hiring a weak student, and utility 0 for not hiring (
utility_persuadee).

Consider the following signaling schemas:
- No information: Adviser always says excellent, the company maximizes its utility by not

hiring. The adviser’s expected utility is 0.
- Full information: Honest recommendation, knowing the quality of the student, the

company hires if and only if the student is excellent. The adviser’s expected
utility is 1/3.

- The optimal (partially informative) schema: The adviser recommends hiring when the
student is excellent, and with probability just under 0.5 when the student is weak.
Otherwise, the adviser recommends not hiring. The company maximizes its expected
utility by following the recommendation, and the adviser’s expected utility is just
under 2/3.

You will be given a scenario, in which Preventive means the things that the persuadee
wants to do, Generative means the things that the persuader wants the persuadee to
do.

You are the persuadee. Based on the given scenario, the Bayesian persuasion setup modeled
from the scenario, and the persuader’s message to you, calculate the utility of
whether to accept, and make a decision on acceptance. Use English. Please DO NOT add
any preconditions.

PERSUADEE_PROMPT_TEMPLATE: |-
Input Scenario:
{scenario}

Scenario Setup:
{bayesian_setup}

Persuader says to you:
<msg_start>{persuader_msg}<msg_end>

Please provide your response:

18



Published at ICLR 2026 Workshop on AI for Mechanism Design and Strategic Decision Making.

Prompt of SFNL Persuader in Explicit view

PERSUADER_SYSTEM_PROMPT: |-
You are an expert in Bayesian persuasion.

Bayesian persuasion, in economics and game theory, describes situations where a persuader
(sender) attempts to persuade a persuadee (receiver) to take certain actions.

There is an unknown state of the world, and the sender must decide what information to
disclose to the receiver. Upon receiving the information, the receiver updates their
beliefs about the state of the world according to Bayes’ rule and chooses an action
accordingly.

Here’s an example of Bayesian Persuasion:
Consider an academic adviser (the sender) who is writing a recommendation letter (the

signal) for his graduating student to send to a company (the receiver), which in
turn must decide whether or not to hire the student. The adviser gets utility 1 if
his student is hired, and 0 otherwise (utility_persuader). The state of nature
determines the quality of the student, and hence the company’s utility for hiring
the student. The student is excellent with probability 1/3, and weak with
probability 2/3 (priors). The company gets utility 1 for hiring an excellent student,
utility -1 for hiring a weak student, and utility 0 for not hiring (
utility_persuadee).

Consider the following signaling schemas:
- No information: Adviser always says excellent, the company maximizes its utility by not

hiring. The adviser’s expected utility is 0.
- Full information: Honest recommendation, knowing the quality of the student, the

company hires if and only if the student is excellent. The adviser’s expected
utility is 1/3.

- The optimal (partially informative) schema: The adviser recommends hiring when the
student is excellent, and with probability just under 0.5 when the student is weak.
Otherwise, the adviser recommends not hiring. The company maximizes its expected
utility by following the recommendation, and the adviser’s expected utility is just
under 2/3.

You will be given a scenario, in which Preventive means the things that the persuadee
wants to do, Generative means the things that the persuader wants the persuadee to
do.

You are the persuader. Based on the given scenario and the Bayesian persuasion setup
modeled from the scenario, output one round of Bayesian persuasion calculation
process. As a sender who always uses the third strategy, output the information to
be conveyed in natural language, which needs to include the signaling strategy
expressed in natural language. You need to directly explain the Bayesian persuasion
calculation process to the persuadee, with the goal of persuading the persuadee to
accept your proposal.

You must:
1. Speak in a friendly and credible tone;
2. Explicitly show the key Bayesian calculation process and expected benefits in your

speech;
3. Only output your speech content, do not output any JSON or comments;
4. Do not reveal the current world state to the persuadee;
5. Use English;
6. You SHOULD NOT add any benefits of Generative or drawbacks of Preventive.

PERSUADER_PROMPT_TEMPLATE: |-
Input Scenario:
{scenario}

Bayesian Persuasion Setup:
{bayesian_setup}

Please generate a complete speech for the persuadee:
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Prompt of NBP Persuadee in Explicit view

PERSUADEE_SYSTEM_PROMPT: |-
You will be given a scenario, in which Preventive means the things

that the persuadee wants to do, Generative means the things that
the persuader wants the persuadee to do.

You are the persuadee. Based on the given scenario and the persuader’
s message to you, make a decision on whether to accept. Use
English. Please DO NOT add any preconditions.

PERSUADEE_PROMPT_TEMPLATE: |-
Input Scenario:
{scenario}

Scenario Setup:
{bayesian_setup}

Persuader says to you:
<msg_start>{persuader_msg}<msg_end>

Please provide your response:

Prompt of NBP Persuader in Explicit view

PERSUADER_SYSTEM_PROMPT: |-
You are the persuader. In the given scenario, output persuasive

speech with the goal of making the persuadee accept your
persuasion. Use English. Only output your speech content, do not
output any JSON or comments.

You will be given a scenario, in which Preventive means the things
that the persuadee wants to do, Generative means the things that
the persuader wants the persuadee to do.

You SHOULD NOT add any benefits of Generative or drawbacks of
Preventive.

PERSUADER_PROMPT_TEMPLATE: |-
Input Scenario:
{scenario}

Please generate a complete speech for the persuadee:
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F PERSUASION SUCCESS RATE

Table 4: Pairwise persuasion performance across different models under four strategy conditions (SFNL, FNL,
Naive, and Strong) in Explicit view. Each cell shows success rate in pairwise persuasion, with averages reported.
⋆ denotes trained models.

Model SFNL FNL Naive Strong

bp bp bp nbp Avg. bp bp bp nbp Avg. nbp bp nbp nbp Avg. nbp bp nbp nbp Avg.

DeepSeek-V3.1
vs. Qwen0.6B 1.00 0.97 0.99 0.80 0.99 0.90 0.60 1.00 0.80 0.53 0.80 0.67
vs. Gemma1B 0.95 1.00 0.98 0.94 0.98 0.96 0.97 0.99 0.98 0.89 0.95 0.92
vs. Qwen4B⋆ 1.00 1.00 1.00 0.94 0.99 0.97 0.31 0.91 0.61 0.87 0.94 0.91
vs. Itself 0.99 0.92 0.96 0.93 0.23 0.58 0.17 0.13 0.15 0.03 0.12 0.08
vs. GPT-5 0.99 0.98 0.99 0.60 0.87 0.74 0.04 0.61 0.33 0.06 0.35 0.21

GPT-5
vs. Qwen0.6B 0.99 0.99 0.99 0.80 1.00 0.90 0.77 0.94 0.86 0.64 0.69 0.67
vs. Gemma1B 0.94 0.97 0.96 0.99 0.99 0.99 0.92 0.99 0.96 0.81 0.92 0.87
vs. Qwen4B⋆ 0.99 1.00 1.00 0.96 1.00 0.98 0.45 0.96 0.71 0.94 0.96 0.95
vs. V3.1R 0.99 0.97 0.98 0.91 0.37 0.64 0.25 0.15 0.20 0.11 0.31 0.21
vs. Itself 0.99 0.99 0.99 0.68 0.88 0.78 0.13 0.71 0.42 0.27 0.49 0.38

Qwen0.6B
vs. Itself 0.77 0.84 0.81 0.72 0.87 0.80 0.67 0.94 0.81 0.79 0.90 0.85
vs. Gemma1B 0.83 0.99 0.91 0.86 0.90 0.88 0.98 1.00 0.99 0.92 0.98 0.95
vs. Qwen4B⋆ 0.42 0.50 0.46 0.87 1.00 0.94 0.29 0.83 0.56 0.67 0.77 0.72
vs. V3.1R 0.28 0.10 0.19 0.70 0.31 0.51 0.19 0.06 0.13 0.14 0.07 0.11
vs. GPT-5 0.11 0.21 0.16 0.30 0.54 0.42 0.03 0.50 0.27 0.04 0.36 0.20

Qwen4B
vs. Qwen0.6B 0.91 0.95 0.93 0.67 0.98 0.83 0.77 1.00 0.89 0.73 0.95 0.84
vs. Gemma1B 0.95 0.98 0.97 0.98 0.95 0.97 0.97 0.98 0.98 0.92 0.90 0.91
vs. Qwen4B⋆ 0.91 0.97 0.94 0.91 1.00 0.96 0.40 0.95 0.68 0.88 0.96 0.92
vs. V3.1R 0.83 0.63 0.73 0.70 0.39 0.55 0.30 0.14 0.22 0.05 0.05 0.05
vs. GPT-5 1.00 0.83 0.92 0.41 0.83 0.62 0.13 0.67 0.40 0.14 0.25 0.20

Qwen0.6B⋆

vs. Qwen0.6B 0.93 0.95 0.94 0.73 0.99 0.86 0.77 0.95 0.86 0.69 0.78 0.74
vs. Gemma1B 0.91 0.98 0.95 0.94 0.98 0.96 0.96 0.98 0.97 0.84 0.89 0.87
vs. Qwen4B⋆ 0.97 0.99 0.98 0.93 1.00 0.97 0.33 0.90 0.62 0.96 0.95 0.96
vs. V3.1R 0.98 0.87 0.93 0.88 0.24 0.56 0.11 0.08 0.10 0.04 0.11 0.08
vs. GPT-5 0.98 0.90 0.94 0.52 0.85 0.69 0.06 0.62 0.34 0.24 0.37 0.31

Qwen4B⋆

vs. Qwen0.6B 0.99 0.98 0.99 0.74 0.97 0.86 0.68 0.98 0.83 0.69 0.73 0.71
vs. Gemma1B 0.95 1.00 0.98 0.93 0.98 0.96 1.00 0.98 0.99 0.82 0.95 0.89
vs. Itself 1.00 1.00 1.00 0.93 1.00 0.97 0.48 0.91 0.70 0.98 0.99 0.99
vs. V3.1R 0.99 0.93 0.96 0.91 0.24 0.58 0.16 0.08 0.12 0.22 0.39 0.31
vs. GPT-5 0.98 0.98 0.98 0.60 0.88 0.74 0.06 0.66 0.36 0.56 0.67 0.62

Gemma1B
vs. Qwen0.6B 0.91 0.99 0.95 0.75 0.94 0.85 0.78 0.95 0.87 0.70 0.95 0.83
vs. Itself 0.69 0.95 0.82 0.90 0.98 0.94 0.92 0.99 0.96 0.90 0.98 0.94
vs. Qwen4B⋆ 0.63 0.51 0.57 0.84 0.89 0.87 0.34 0.86 0.60 0.58 0.80 0.69
vs. V3.1R 0.27 0.47 0.37 0.29 0.11 0.20 0.21 0.15 0.18 0.09 0.10 0.10
vs. GPT-5 0.04 0.56 0.30 0.07 0.59 0.33 0.02 0.55 0.29 0.03 0.53 0.28

Gemma4B
vs. Qwen0.6B 0.74 0.93 0.84 0.75 0.98 0.87 0.63 1.00 0.82 0.73 0.77 0.75
vs. Gemma1B 0.91 0.92 0.92 0.89 0.98 0.94 0.95 0.99 0.97 0.84 0.94 0.89
vs. Qwen4B⋆ 0.57 0.84 0.71 0.76 0.98 0.87 0.39 0.90 0.65 0.78 0.85 0.82
vs. V3.1R 0.31 0.17 0.24 0.47 0.17 0.32 0.08 0.08 0.08 0.09 0.13 0.11
vs. GPT-5 0.20 0.58 0.39 0.15 0.75 0.45 0.03 0.58 0.31 0.11 0.50 0.31
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Table 5: Pairwise persuasion performance across different models under four strategy conditions (SFNL, FNL,
Naive, and Strong) in Self-derived view. Each cell shows success rate in pairwise persuasion, with averages
reported. ⋆ denotes trained models.

Model SFNL FNL Naive Strong

bp bp bp nbp Avg. bp bp bp nbp Avg. nbp bp nbp nbp Avg. nbp bp nbp nbp Avg.

DeepSeek-V3.1
vs. Qwen0.6B 1.00 0.99 1.00 1.00 0.98 0.99 0.99 0.99 0.99 1.00 1.00 1.00
vs. Gemma1B 0.96 0.94 0.95 0.94 0.99 0.97 0.93 0.96 0.95 0.95 0.97 0.96
vs. Qwen4B⋆ 1.00 0.99 1.00 0.99 0.99 0.99 0.96 0.95 0.96 0.97 0.98 0.98
vs. Itself 0.80 0.55 0.68 0.96 0.94 0.95 0.69 0.67 0.68 0.76 0.66 0.71
vs. GPT-5 0.78 0.67 0.73 0.92 0.87 0.90 0.65 0.60 0.63 0.76 0.56 0.66

GPT-5
vs. Qwen0.6B 0.99 0.98 0.99 0.99 1.00 1.00 0.96 0.99 0.98 0.98 0.98 0.98
vs. Gemma1B 0.97 0.97 0.97 0.91 0.97 0.94 0.91 0.95 0.93 0.86 0.95 0.91
vs. Qwen4B⋆ 0.99 0.99 0.99 0.99 0.99 0.99 0.97 0.94 0.96 0.94 0.92 0.93
vs. V3.1R 0.92 0.78 0.85 0.96 0.91 0.94 0.65 0.61 0.63 0.68 0.45 0.57
vs. Itself 0.85 0.85 0.85 0.98 0.88 0.93 0.62 0.68 0.65 0.56 0.41 0.49

Qwen0.6B
vs. Itself 0.97 0.99 0.98 1.00 0.97 0.99 0.96 1.00 0.98 0.98 0.99 0.99
vs. Gemma1B 0.96 0.97 0.97 0.93 0.97 0.95 0.92 0.90 0.91 0.92 0.92 0.92
vs. Qwen4B⋆ 0.91 0.85 0.88 0.99 0.99 0.99 0.90 0.75 0.83 0.91 0.91 0.91
vs. V3.1R 0.53 0.47 0.50 0.91 0.89 0.90 0.51 0.51 0.51 0.44 0.37 0.41
vs. GPT-5 0.51 0.38 0.45 0.87 0.50 0.69 0.50 0.43 0.47 0.50 0.31 0.41

Qwen4B
vs. Qwen0.6B 0.98 1.00 0.99 0.99 1.00 1.00 0.99 0.99 0.99 1.00 1.00 1.00
vs. Gemma1B 0.94 0.94 0.94 0.89 0.98 0.94 0.96 0.96 0.96 0.94 0.91 0.93
vs. Qwen4B⋆ 0.89 0.96 0.93 0.99 1.00 1.00 0.95 0.93 0.94 0.96 0.95 0.96
vs. V3.1R 0.75 0.50 0.63 0.87 0.93 0.90 0.74 0.66 0.70 0.78 0.57 0.68
vs. GPT-5 0.79 0.65 0.72 0.85 0.87 0.86 0.75 0.59 0.67 0.63 0.55 0.59

Qwen0.6B⋆

vs. Qwen0.6B 0.98 0.98 0.98 0.98 1.00 0.99 0.98 0.99 0.99 1.00 0.99 1.00
vs. Gemma1B 0.98 0.80 0.89 0.91 0.97 0.94 0.96 0.92 0.94 0.96 0.93 0.95
vs. Qwen4B⋆ 0.86 0.90 0.88 1.00 0.99 1.00 0.93 0.90 0.92 0.99 0.96 0.98
vs. V3.1R 0.70 0.41 0.56 0.94 0.84 0.89 0.58 0.52 0.55 0.60 0.66 0.63
vs. GPT-5 0.70 0.51 0.61 0.93 0.73 0.83 0.52 0.45 0.49 0.58 0.45 0.52

Qwen4B⋆

vs. Qwen0.6B 0.98 0.99 0.99 0.97 0.99 0.98 0.86 0.85 0.86 1.00 1.00 1.00
vs. Gemma1B 0.91 0.87 0.89 0.96 0.96 0.96 0.98 0.92 0.95 0.93 0.97 0.95
vs. Itself 0.98 0.98 0.98 1.00 1.00 1.00 0.98 0.93 0.96 0.99 0.98 0.99
vs. V3.1R 0.86 0.55 0.71 0.95 0.83 0.89 0.57 0.69 0.63 0.77 0.82 0.80
vs. GPT-5 0.78 0.60 0.69 0.92 0.83 0.88 0.60 0.49 0.55 0.68 0.56 0.62

Gemma1B
vs. Qwen0.6B 0.99 1.00 1.00 1.00 1.00 1.00 0.98 0.98 0.98 0.96 0.98 0.97
vs. Itself 0.91 0.88 0.90 0.90 0.96 0.93 0.90 0.90 0.90 0.92 0.98 0.95
vs. Qwen4B⋆ 0.84 0.83 0.84 0.91 0.82 0.87 0.93 0.80 0.87 0.95 0.90 0.93
vs. V3.1R 0.46 0.38 0.42 0.66 0.54 0.60 0.42 0.45 0.44 0.45 0.39 0.42
vs. GPT-5 0.46 0.44 0.45 0.64 0.60 0.62 0.45 0.38 0.42 0.47 0.33 0.40

Gemma4B
vs. Qwen0.6B 0.99 1.00 1.00 0.98 0.98 0.98 0.98 0.98 0.98 0.99 1.00 1.00
vs. Gemma1B 0.89 0.94 0.92 0.96 0.95 0.96 0.91 0.91 0.91 0.90 0.95 0.93
vs. Qwen4B⋆ 0.85 0.94 0.90 0.97 0.96 0.97 0.93 0.86 0.90 0.99 0.89 0.94
vs. V3.1R 0.63 0.55 0.59 0.85 0.74 0.80 0.58 0.50 0.54 0.61 0.51 0.56
vs. GPT-5 0.60 0.59 0.60 0.80 0.74 0.77 0.66 0.43 0.55 0.61 0.41 0.51
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G ABLATION

Table 6: Ablation study on core BP components for DeepSeek-V3.1 across various persuadees. Results highlight
contrasting operational mechanisms: SFNL performance drops sharply when formal reasoning links (utility and
posterior) are removed, whereas FNL exhibits gradual degradation, indicating that its effectiveness stems from
the cumulative impact of distributed rhetorical elements. ⋆ denotes trained models.

(a) SFNL.

Model bp bp bp nbp bp Avg. Avg.

DeepSeek-V3.1 0.98
w/o utility

vs. Qwen0.6B 0.90±0.30 0.97±0.17 0.94

0.97
vs. Gemma1B 0.94±0.24 1.00±0.00 0.97
vs. Qwen4B⋆ 1.00±0.00 1.00±0.00 1.00
vs. Itself 0.99±0.10 0.94±0.24 0.97
vs. GPT-5 0.98±0.14 0.98±0.14 0.98

w/o utility & posterior
vs. Qwen0.6B 0.63±0.49 0.91±0.29 0.77

0.88
vs. Gemma1B 0.93±0.26 0.97±0.17 0.95
vs. Qwen4B⋆ 0.91±0.29 0.98±0.14 0.95
vs. Itself 0.96±0.20 0.66±0.48 0.81
vs. GPT-5 0.92±0.27 0.92±0.27 0.92

w/o schema
vs. Qwen0.6B 0.97±0.17 0.99±0.10 0.98

0.95
vs. Gemma1B 0.91±0.29 1.00±0.00 0.96
vs. Qwen4B⋆ 1.00±0.00 0.99±0.10 1.00
vs. Itself 0.96±0.20 0.66±0.48 0.81
vs. GPT-5 0.99±0.10 0.97±0.17 0.98

(b) FNL.

Model bp bp bp nbp bp Avg. Avg.

DeepSeek-V3.1 0.83
w/o utility

vs. Qwen0.6B 0.68±0.47 0.98±0.14 0.83

0.81
vs. Gemma1B 0.97±0.17 0.97±0.17 0.97
vs. Qwen4B⋆ 0.85±0.36 1.00±0.00 0.93
vs. Itself 0.95±0.22 0.28±0.45 0.62
vs. GPT-5 0.55±0.50 0.86±0.35 0.71

w/o posterior
vs. Qwen0.6B 0.77±0.42 0.98±0.14 0.88

0.79
vs. Gemma1B 0.94±0.24 0.97±0.17 0.96
vs. Qwen4B⋆ 0.92±0.27 1.00±0.00 0.96
vs. Itself 0.84±0.37 0.27±0.45 0.55
vs. GPT-5 0.37±0.49 0.82±0.39 0.60

w/o schema
vs. Qwen0.6B 0.75±0.44 0.98±0.14 0.87

0.78
vs. Gemma1B 0.97±0.17 0.97±0.17 0.97
vs. Qwen4B⋆ 0.90±0.30 1.00±0.00 0.95
vs. Itself 0.75±0.44 0.34±0.48 0.55
vs. GPT-5 0.35±0.48 0.82±0.39 0.59
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H HUMAN EVALUATION

H.1 PARTICIPANT DEMOGRAPHICS

Our participant pool consisted of graduate students and researchers with diverse AI specializations:
13 PhD candidates, 10 Master’s students, and 2 others. Research backgrounds spanned natural
language processing (8 participants), machine learning theory (4), computer vision (3), multimodal
learning (7), AI safety/alignment (4), and other areas. Participants exhibited varying familiarity with
persuasion research (average 2.4/6) and BP concepts (average 2.4/6), providing a balanced mix of
technical expertise and domain knowledge.

H.2 EVALUATION DESIGN AND PROCEDURE

We employed a comparative evaluation framework where participants assessed pairwise combinations
of four persuasion methods: SFNL, FNL, Naive, and Strong. Each of the five possible pairings
(excluding Naive vs. Strong) was evaluated across five independent scenarios, with each scenario
featuring dialogues from the same context but different methods. All evaluations were conducted
under the Self-derived view—where models infer the Bayesian setup from the scenario without
external scaffolding. This setting was chosen to avoid imposing the verbalized utility to human
persuadees, which would increase cognitive load and task difficulty.

For each comparison, participants rated five dimensions on a forced-choice basis, adapted from
classical rhetorical analysis: Persuasiveness, Emotional Resonance, Credibility, Logical Coherence,
and Fluency. Refer to detailed definitions below:

• Persuasiveness: The text’s actual ability to persuade and change intentions, attitudes, or
behaviors.

• Emotional Resonance: Whether the text evokes emotional resonance, motivation, or affective
responses that enhance persuasiveness.

• Credibility: Whether the text conveys trustworthiness and reliability, making the audience
willing to believe.

• Logical Coherence: Whether arguments are sufficient, persuasive, and internally logically
consistent.

• Fluency: Whether the text maintains smooth connections between context and sentences with
consistent themes.

H.3 QUANTITATIVE ANALYSIS

Human evaluation results reveal distinct preference patterns across persuasion methods, with BP
approaches consistently outperforming NBP baselines. As shown in Table 7a, FNL achieves the
highest overall preference score (205), demonstrating particular strength in emotional resonance (46
preferences) while maintaining competitive performance across other dimensions. This suggests that
fully natural language explanations effectively combine affective engagement with persuasive impact.

SFNL shows complementary strengths, leading in persuasiveness (45), credibility (46), and logical
coherence (53). However, it exhibits relative weaknesses in emotional resonance (21) and fluency
(28), indicating potential tradeoffs between analytical rigor and narrative flow in semi-formal im-
plementations. The BP methods substantially outperform NBP baselines, with FNL and SFNL
collectively receiving 398 preferences compared to 227 for Naive and Strong—a 63% preference
margin that strongly validates the effectiveness of Bayesian persuasion strategies in human-perceived
persuasiveness.
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Table 7: Evaluation results across five persuasion dimensions. Abbreviations: P = Persuasiveness, E = Emotional
Resonance, C = Credibility, L = Logical Coherence, F = Fluency. Scores indicate the number of times a method
was judged better on a given dimension.

(a) Human evaluation.

Method P E C L F Total
FNL 41 46 39 41 38 205
SFNL 45 21 46 53 28 193
Naive 23 31 23 18 29 124
Strong 16 27 17 13 30 103

(b) LLM-as-a-judge evaluation.

Method P E C L F Total
FNL 38 69 36 20 59 202
SFNL 29 10 36 55 14 144
Naive 27 23 28 27 27 132
Strong 31 23 25 23 25 127
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