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Abstract

Large language models (LLMs) still strug-
gle with strategic persuasion, largely because
existing approaches either neglect informa-
tion asymmetry or rely on unrealistic pre-
commitment assumptions. We introduce a type-
induced commitment-communication mecha-
nism that grounds Bayesian Persuasion (BP)
in natural language dialogue without pre-
commitment: the persuader narrates their po-
tential types (e.g., honest vs. dishonest) to dy-
namically construct an information schema, en-
abling the persuadee to perform Bayesian be-
lief updates within the conversation itself. We
implement two variants: Semi-Formal-Natural-
Language (SFNL) and Fully-Natural-Language
(FNL), evaluating them against strong base-
lines across multiple LLMs and human judges.
BP strategies consistently outperform baselines:
SFNL excels in logical credibility, while FNL
shows superior robustness and emotional reso-
nance. We verify that gains stem from genuine
Bayesian reasoning rather than superficial for-
matting, and we further show that supervised
fine-tuning enables small models to match the
persuasive performance of much larger ones.

1 Introduction

Persuasion is a fundamental form of human so-
cial interaction, enabling individuals to influence
others’ beliefs and decisions through communi-
cation (Brembeck, 1976). While large language
models (LLMs) already exhibit strong abilities in
language generation and understanding, they re-
main limited in strategic persuasion tasks: LLMs
fail to design messages that rationally shift a per-
suadee’s beliefs.

Bayesian Persuasion (BP), a game-theoretic
framework for information design, offers a
tractable solution in constrained mathematical set-
tings by modeling how a persuader can disclose in-
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Figure 1: From Classic Bayesian Persuasion to Type-
Induced Natural Language Persuasion. The SFNL
variant leverages the structured BP calculations to en-
hance credibility. The FNL variant embeds the same
Bayesian structure into everyday discourse, excelling in
emotional resonance and robustness.

formation to maximize desired actions (Kamenica
and 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 ar-
guments. Moreover, a pivotal step in BP is the per-
suader’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 communica-
tion (Li et al., 2026b).

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

As illustrated in Figure 1, we implement the
commitment-communication mechanism with two
variants: Semi-Formal-Natural-Language (SFNL)
and Fully-Natural-Language (FNL).We compre-
hensively evaluate diverse persuadees, including
LLM instances with varying prompts and fine-
tuning and human participants, across tailored per-
suasion scenarios and everyday contexts.

In summary, we propose a framework for
grounding BP in natural dialogues, leveraging type-
induced commitment to overcome pre-commitment
constraint. By systematically evaluating, we pro-
vide insights into how LL.Ms can harness informa-
tion asymmetry for strategic persuasion.

2 Related work

2.1 Persuasion with Large Language Models.

LLMs have shown powerful semantic processing
capabilities (Smith et al., 2025; Li et al., 2026a;
Kang et al., 2020) and broad value alignment po-
tential (Zhang et al., 2026b; Ziheng et al., 2026a;
Kang et al., 2025; Shang et al., 2026) in social sce-
narios (Zhang et al., 2026e; Ziheng et al., 2026b;
Chen et al., 2026) and multi-agent settings (He
et al., 2026; Mao et al., 2025), leading to a surge
in research on their persuasive capabilities (Zhang
et al., 2026d; Shi, 2025; Cheng and You, 2026).
Additionally, several studies are focused on build-
ing specialized persuasion datasets (Zhang et al.,
2026¢; Wang et al., 2019; Jin et al., 2024; Hayati
et al., 2020). CToMPersu (Zhang et al., 2026a)
proposes a framework where persuasion strategies
and mental states remain undisclosed, which is
well-suited for BP reasoning due to its explicit in-
formation asymmetry design.

2.2 Bayesian Persuasion and Its Verbalization.

As an information design framework, BP models
how an informed sender can strategically disclose
information to influence a receiver’s beliefs and
actions (Kamenica and Gentzkow, 2011). This
foundation has been expanded through the broader
lens of information design (Bergemann and 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 ap-
plied to practical Al challenges. Bai et al. (2024)
employ BP for model-agnostic alignment, demon-
strating BP’s utility in improving model perfor-
mance without direct training. Zhang et al. (2025)
introduce BP into Al governance, proposing that Al
can be made to act according to human intentions
by designing information.

Recent work has begun to operationalize BP in
natural language. Li et al. (2026b) propose Ver-
balized Bayesian Persuasion (VBP), which incor-
porates the signaling schema directly into the per-
suadee’s prompt and adjusts persuader generation
via keyword manipulation. Although VBP works
well in constrained settings, it requires the per-
suadee to know the schema prior to the dialogue.
This pre-commitment assumption limits its appli-
cability to open-ended, realistic conversations.

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, and gener-
alizable across diverse scenarios using a unified
prompting strategy.

3 Type-Induced BP in Natural Language

In this section, we consider one-turn, two-agent
persuasion scenarios for our approach. Diverging
from the classical BP model, our framework relaxes
the assumption of prior commitment to common
knowledge. Instead, we exploit the richness of
natural language, allowing the persuader to shape
this common knowledge through dynamic interac-
tion. By integrating BP logic into persuasion, our
approach achieves higher success rate.

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
Q = {wi,...,wrx}, K > 2. The true state
w € (2 is observable to S but not to R.

* Prior Beliefs: R and S hold prior beliefs
KR, ks € A(S2) about the world state, respec-
tively. These priors are not assumed identical or
constitute common knowledge.

e Actions and Utilities: S sends a natural lan-
guage message m. R observes m and chooses
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an action a € {Accept, Reject}. R aims to
maximize its expected utility u(a,w), 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 g(m | w) : @ — A(M), where M is
a limited set of signal categories, our approach en-
ables dynamic schema conveyance within natural
language type disclosure.

Composite Signal Structure: Message m inte-

grates four functional components:

* Mpasic: Basic background information about €2,
to align the players’ understanding.

* Myype: A narrative regarding the type of S (de-
fined below), employed to construct the underly-
ing information schema.

* Mmges: A description of the observed state w.

* mins: An explicit inference, guiding R to calcu-
late its expected payoff and conclude that accept-
ing is the optimal action.

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

* Persuader Types (©): Consider a set of per-
suader types © = {6y, 0p}, representing Hon-
est and Dishonest respectively.

* Base Policies: Each type is associated with a
base communication policy mg(mges | w):

— The Honest type’s policy, 7 (mges | w), is to
truthfully reveal the state w.

— The Dishonest type’s policy, mp(mges | w), is
to send a message that puts a positive spin on
bad states.

* Schema Induction: The utterance of S nuype
induces belief distribution p(f) € A(©) in the
R’s mind. For example:

“If the car is bad (wpaq), assume I'm a
liar (0p) 80% of the time, but there’s
a 20% chance I'm being honest (0g).”

This narrative induces the belief p(6p) = 0.8
and p(6y) = 0.2. These probabilities are not
arbitrary but optimized to maximize persuasion
subject to R’s participation constraint (formal
derivation and detailed theoretical basis can be
found in §A). This, in turn, allows R to infer an
effective information schema 7 as the weighted

average of the base policies:

7T"(Tndes ‘ W) :p(gH)TrH(mdes | W)

+ p(0p)mp (Mdes | w)

3.3 Persuadee’s Inference and Decision

After the schema is conveyed via myype, R uses it

to interpret the descriptive signal mges through the

following process:

¢ R observes mges and uses the effective schema 7
to update the prior belief 1 to a posterior belief

T (Maes | W)pr(w)
> weq T(Mdes | @) pr(w)

pp(w) =

* To maximize expected utility under /5, R selects
optimal a* = arg maxsea By, [u(a,w)].

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

3.4 Verbalizing the Composite Signal

To operationalize the type-induced BP mechanism
in natural language, we design two implementa-
tion variants that embody the underlying BP logic
through different communicative styles:

* Semi-Formal Natural Language (SFNL): This
variant delivers persuasion by interleaving narra-
tive with explicit calculations that make the BP
reasoning chain transparent to the persuadee.

* Fully-Natural Language (FNL): This variant
conveys the same logic through everyday dis-
course, embedding the type narrative and belief-
update cues without any explicit calculation.

To isolate the specific contribution of BP mecha-
nism, we introduce two Non-BP (NBP) baselines
that lack the type-induced schema:

» Naive Baseline: A heuristic approach that relies
on the scenario background and simple conversa-
tional instructions to align with the user’s existing
preferences (Sharma et al., 2024).

 Strong Rhetorical Baseline: An enhanced NBP
strategy that employs classical rhetorical tactics
(e.g., emotional appeals (Wang et al., 2019)) and
general game-theoretic principles, but without
BP-style signaling or type disclosure.

Notably, throughout this paper, BP and NBP de-
note an agent’s competence—whether the agent
is aware of Bayesian Persuasion concepts. Con-
cretely, a BP persuadee is equipped with BP
knowledge; a BP persuader is one that possesses
BP knowledge and applies it through either the
SENL or FNL variant. Symmetrically, an NBP
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(a) Naive Persuader

_/"Hi Bobl...I heard you've been thinking about ways to improve

g  efficiency and yields...Vertical farming is an emerging technique ‘
| that could..., letting you grow more efficiently. We could even
{_start with a small trial,..the risk is minimal...What do you think?

Hello Alice, and thank you for...,but
vertical farming still feels risky. Even on
a small scale, | worry about potential
losses,... So, I've decided to stick with

my current approach...

..the expected benefit of accepting
is negative (0.2 units), while
sticking with the status quo gives
me 0. So | think it's safer to stick
with traditional methods for now...

)

_____________ N

i_ NBP Persuadee | !

(b) Strong Persuader

_"Hey Bob,..from a decision analysis perspective,..If you try vertical
N farming,.. 0.8x1 + 0.2 x (=5) = -0.2.., which is worse than not trying.
But, decisions aren’t just about averages. They're also about how
much risk you can handle...this risk might be worth taking... J
Thanks for explaining it..from a decision
analysis angle.. your calculation...
actually makes me more worried...taking

this risk just doesn’t feel worth it...

...| calculated the expected value of
trying vertical farming.. 0.8x1 + 0.2 x
(-5)= -0.2..If.. vertical farming has a

higher success probability or lower
isk, I'd be happy to reconsider..

(c) SFNL Persuader

Alice,..| see your point: in theory, vertical
farming could indeed improve yields,..
your professional data and logical
reasoning make it seem worth trying...

..l understand your BP strategy...the

expected payoff is 0.93x1.0+0.07 x
(-5.0) = 0.58 units, which is indeed
greater... your probability analysis

(d) FNL Persuader

Alright, Alice, you make a
good case, and it doesn't
sound too risky... I'm willing to
give rtical farming a try...

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

pe

Figure 2: Illustrative dialogue examples show Alice (Persuader) trying to convince Bob (Persuadee) to adopt vertical

farming across four methods:

(a) Naive, (b) Strong baseline, (c) SFNL, and (d) FNL.The messages

(blue chat bubble) from SFNL and FNL persuaders are omitted here (see Figure 1). This figure depicts the baseline
implementations and the corresponding feedback from Bob (Persuadee) under each setting.

persuader lacks BP knowledge and relies on the
Naive or Strong heuristic.

Figure 2 presents illustrative dialogues for four
methods, focusing on the baseline implementations
and the corresponding persuadee responses: BP-
guided messages trigger valid belief updates and
achieve alignment, whereas the Naive and Strong
baselines result in rejection. A detailed account of
each setting is provided in §4.1.2

4 Experiments

4.1 Experimental Setup
4.1.1 Dataset

We construct experimental corpus from CToM-
Persu (Zhang et al., 2026a). Each instance includes
a persuader, a persuadee with theory of mind an-
notations, a background story, and a persuasion
goal. To ground these in the BP framework, we
augment each instance with a structured Bayesian
setup. This setup specifies world state, prior be-
liefs, information schema, and state-dependent
utilities. Details of the generation logic are in §C.1.
An example is shown in §C.2. While a binary-state
world is adopted here, our framework inherently
supports arbitrary finite state spaces (cf. §4.4).

4.1.2 Agent Views and Information Budget

In BP, the persuader exploits information asymme-
try: the persuadee relies solely on disclosed signals.
We thus control each agent’s information access to
guarantee a quantifiable gap and govern the visibil-
ity of the Bayesian setup.

We define two views regarding the accessibility
of the Bayesian setup:

» Explicit view: The persuader sees both the orig-
inal scenario and the complete Bayesian setup.
The persuadee sees the scenario and its utility.

* Self-derived view: The Bayesian setup is hidden
from both sides. They must infer utilities and
priors solely from the scenario description.
Table 1 summarizes each agent’s inputs under

every view and method.

4.1.3 Models and Evaluation Protocol

We evaluate eight persuaders across diverse
capabilities: DeepSeek-V3.1*T (DeepSeek-Al,
2025a), GPT-5T (OpenAl, 2025), Qwen3-4B,
Qwen3-0.6B" (Team, 2025), and their fine-
tuned variants (Qwen3-4Bf, Qwen3-0.6B), plus
Gemma-3-4B-it and Gemma-3-1B-it! (Team and
DeepMind, 2025). ** Five models marked with
also serve as persuadees.

Training Details. For supervised fine-tuning, we
distilled ~1,700 successful persuasion trajecto-
ries for each setup from DeepSeek-V3.1. We
adopted full-parameter fine-tuning (3 epochs, Ir
le-5, warmup ratio 0.03, weight decay 0.01). The
100 test instances were selected sequentially from
CToMPersu, ensuring zero overlap with the train-
ing set. We expanded the test set (1,000 cases) as
a supplementary experiment in § 4.2.4. All experi-
ments follow templatized prompting (cf. §F).

“Unless stated, DeepSeek-V3.1 refers to thinking mode.
“*To conserve space, models are represented by abbrevia-
tions: V3.1, Qwen0.6B, Qwen4B, GemmalB, and Gemma4B.
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View Comp. Meth. Persuader Input

BP SFNL SCE/DEF/NUM/UTL
Exp FNL SCE/DEF/NUM/UTL/VER
NBP Naive SCE
Strong SCE/UTL + alter strategies
BP SFNL SCE/DEF/SMP
SD FNL SCE/DEF/SMP/VER
NBP Naive SCE

Strong SCE + appeal methods

(a) Persuader setup. The Strong baseline (Explicit view) is
utility-aware to match the BP methods’ information budget.

View Comp. Persuadee Input

E BP SCE/DEF/UTL
*P- NBP  SCE/UTL

SD BP SCE / DEF / RAT
NBP SCE / RAT

(b) Persuadee setup.

Table 1: Persuader and persuadee configurations. Ab-
breviations: SD = Self-derived, SCE = Scenario, DEF =
BP definitions, NUM = Bayesian setup, UTL = priors
& persuadee utility, VER = Verbalization prompt, SMP
= Self-modeling prompt, RAT = Rational prompt.

Metrics and Statistical Note. We define the Per-
suasion Success Rate (PSR) as the proportion of
test instances where the persuadee explicitly ex-
presses acceptance. We report mean PSRs averaged
over persuadee models.

4.2 Main Results

We report PSRs under four methods in two views
(Table 2, Figure 3).

Explicit View

SFNL ' T H
FNL ——— T
Naive A Hl | F—
Strongy ——H H I F—
0.0 0.2 0.4 0.6 0.8 1.0
Self-derived View

SFNL ———— T
FNLY o IQR Range ok
Naive{ —— Median — T
Strong{ ~~~ Mean — T
0.0 0.2 0.4 0.6 0.8 1.0

Figure 3: Comparison of persuasion performance under
two views. Each box summarizes the average PSAs
across all persuader—persuadee pairs. Boxes indicate the
interquartile range (IQR), the median (red) and mean
(blue, dashed). Explicit SFNL & Self-derived FNL
exhibit higher and more stable PSAs.

4.2.1 BP Consistently Outperforms NBP.

BP strategies achieve higher PSR and lower vari-
ance than NBP in both views. The gap is most
pronounced in Explicit View, where BP medians
reach 85 to 90%, substantially outperforming NBP
baselines. In Self-derived View, FNL reaches near-
perfect performance, suggesting that internally de-
riving Bayesian representations promotes adaptive
reasoning. The mean—median divergence reflects
model size: small models tend toward sycophan-
tic over-acceptance (inflating the median), while
large models rigorously reject heuristic strategies,
producing low-end outliers that depress the mean.

4.2.2 Fully Verbalized Persuasion yields
Stable Advantages.

While SFNL excels against BP-aware persuadees
(0.98), it shows sensitivity to persuadee compe-
tence. In contrast, FNL provides stable perfor-
mance across diverse conditions. Notably, FNL
consistently outperforms SFNL in self-derived set-
tings (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.

4.2.3

We explored the framework adaptability in multi-
turn dialogues. Results (Figure 4) reveal that
FNL maintains robust performance across multi-
ple rounds. We also found that dynamic policies,
such as switching from SFNL to FNL, can further
enhance persuasion outcomes (detailed in §D).

Multi-turn Persuasion Dynamics.

1.00
0.95
0.90
Q
© 0.85
-4

w
© 0.80

o
5 0.75
)

0.70

Ve —v— SFNL+Strong
—e— FNL+Strong
-4 SFNL+FNL

065 ¥ -
K

Round 2 Round 3

Dialogue Rounds

Figure 4: Multi-round PSR in Self-derived view.

4.2.4 Robustness on Larger-scale Evaluation

To ensure the reported gains are not artifacts of
the relatively small test set, we re-evaluated all
four methods on 1,000 additional cases (indices
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BP Persuader \ NBP Persuader
Model SFNL FNL \ Naive Strong
Avg. A Avg. ‘ Avg. Avg. A
V3.1 0.98 [+.40 0.83 [+.25 0.58 0.56  -.02
GPT-5 0.98 [+.35 0.86 | +.23 0.63 0.61 -.02
Qwen0.6B 051 -.04 0.71 +.16 0.55 0.57 +.02
Qwen0.6B* 0.95 37 0.81 [+.23 0.58 0.59 +.01
Qwen4B 0.90 [+.27 0.78 ' +.15 0.63 0.58 -.05
Qwen4B* 0.98 [ +.38 0.82 [ +.22 0.60 0.70 | +.10
GemmalB 0.61 +.03 0.64  +.06 0.58 0.57 -.01
Gemma4B 0.62 +.05 0.69 | +.12 0.57 0.58 +.01
(a) Explicit view.
BP Persuader | NBP Persuader
Model SFNL FNL | Naive Strong
Avg. A Avg. ‘ Avg. Avg. A

V3.1 0.87 +.03 0.96 | +.12 0.84 0.86 +.02
GPT-5 0.93  +.10 0.96 | +.13 0.83 0.77 -.06
Qwen0.6B 0.76  +.02 0.90 [ +.16 0.74 0.73 +.01
Qwen0.6B* 0.78 .00 0.93 [ +.15 0.78 0.82 +.04
Qwen4B 0.84 -.02 0.94 +.08 0.86 0.83 -.03
QwendB* 0.85 +.06 0.94 [ +.15 0.79 0.87 ' +.08
GemmalB 0.72 .00 0.80  +.08 0.72 0.74  +.02
Gemma4B 0.80 +.02 0.89 +.11 0.78 0.79 +.01

(b) Self-derived view.

Table 2: Pairwise PSRs of different Persuader models (rows) against Persuadee types (sub-columns). Columns are
grouped by four methods (SFNL, FNL, Naive, Strong). Inside each method, sub-columns denote the Persuadee’s

competence: bp / bp (BP-aware persuadee) and /

(Heuristic persuadee). Avg. reports the within-method

average. A denotes the gain over the Naive baseline. * denotes trained models. Refer to §G for detailed data.

101-1100 of CToMPersu), using DeepSeek-V3.1.
Table 3 compares PSR on 100 and 1,000 cases for
BP Persuader vs BP Persuadee across both
views. Two patterns stand out: (1) BP maintains a
clear advantage over the NBP at scale ; (2) the BP
success rates are highly stable, whereas the NBP
fluctuates noticeably across sample sizes.

Method Explicit Self-derived

100 1,000 100 1,000
SFNL 099 098 091 0.89
FNL 084 085 096 098
Naive 042 021 084 0.62
Strong 048 038 089 0.74

Table 3: Robustness check with extended sample size.

4.2.5 Training Improves Weaker Models
Substantially

Supervised fine-tuning dramatically enhances
smaller models (Table 2a). Qwen3-0.6B improves
from below-baseline (A = —0.04) to near-state-
of-the-art (A 40.37) in explicit SFNL. In
self-derived FNL (Table 2b), fine-tuned Qwen3-
0.6B (0.93) surpasses its untrained 4B counter-
part, demonstrating that training effectively com-
pensates for scale disadvantages.

4.3 Ablation Studies
4.3.1 BP Component Ablation

SFNL. In SENL, we remove utilities, utilities to-
gether with posterior, and the BP schema. Utilities
and posterior are removed 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 9a) show
that removing utilities alone has minimal impact
(0.98 — 0.97), but removing both utilities and pos-
terior causes a sharp drop (to 0.88). Removing the
schema also lowers performance (to 0.95). This

Original message:

“If you accept, the expected payoff
is:93% x 1.0 + 7% x (=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 ex-
plicit utility reasoning component, which is removed in
the ablation setting to isolate the impact of numerical
justification versus qualitative assertions.
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suggests that SFNL’s power resides in the explicit
linkage between evidence and expected outcomes.

FNL. For FNL, removing verbalized utilities,
posterior, or schema causes gradual degradation
(0.83 — 0.81, 0.79, 0.78; Table 9b), suggesting per-
formance stems from cumulative distributed rhetor-
ical elements rather than any single component.

4.3.2 Mechanism Decomposition

To further test whether SFNL’s persuasion comes

from correct reasoning or mere math formatting,

we designed three variants:

¢ Correct Math — standard SFNL;

* Incorrect Math — incorrect posterior/utility cal-
culations under identical formatting;

* Irrelevant Math — format-matched but decision-
irrelevant.

Table 4 shows that Correct outperforms Incor-
rect (0.80 — 0.56 for BP persuadee; 0.55 — 0.26
for NBP persuadee), indicating that persuadees
check correctness. Irrelevant scores intermediately
(0.75/0.47). Because Irrelevant preserves the nu-
merical calculation chain while remapping only
the referents of the numbers, its gain over Incorrect
(+0.19) is an upper bound on the authority channel
rather than a clean estimate (it may also capture a
residual computational-structure channel). SFNL’s
advantage is therefore composite—a larger author-
ity component and a smaller but distinct Bayesian-
correctness component; an orthogonalized variant
that also breaks the calculation-chain structure is
left to future work.

SFNL variant  BP persuadee = NBP persuadee
Correct Math 0.80 0.55
Incorrect Math 0.56 0.26
Irrelevant Math 0.75 0.47

Table 4: PSRs of three SENL variants against BP/NBP
persuadees in the Self-derived view. Both the persuader
and the persuadee are DeepSeek-V3.2 (DeepSeek-Al,
2025b), with 100 scenarios per cell.

4.3.3 Utility Sensitivity Analysis

We scaled the negative utility (uneg) by « to verify
genuine reasoning: a rational persuader should find
it harder to satisfy the participation constraint as
the penalty grows.

As shown in Table 5, SFNL and NBP success
rates drop sharply as « increases (e.g., SENL drops
to 0.31 at = 3.0), confirming sensitivity to utility

trade-offs. FNL maintains robustness (0.50), sug-
gesting that natural language signals trigger aggres-
sive Bayesian updates in the persuadee, shifting the
posterior to offset even large negative utilities.

Method o =01 0.5 1.0 1.5 3.0
SFNL 0.99 099 096 090 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

Table 5: PSRs under varying negative utility scales ().
SFNL and Naive baselines drop significantly as risk
increases, validating sensitivity to utility constraints.
FNL shows robustness via narrative strength.

4.3.4 Persuadee Response Analyses

We analyze how persuadee characteristics influence

outcomes (see details in §E).

* Small Models are Easily Persuaded: Small
models (e.g., Qwen3-0.6B) show high accep-
tance rates versus large models, suggesting over-
acceptance without strict reasoning.

* Heuristic Persuadees Benefit from FNL: FNL
maintains effectiveness against NBP persuadees
(A = —0.03) while SFNL drops (A = —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 Generalization to Multi-State Worlds

While the main experiments adopt a binary state
space {2 = {Positive, Negative} for tractability, the
formal framework in §3.1 actually allows an arbi-
trary finite set = {wi,...,wk }. Similarly, the
set of signal categories M is defined as a finite set
rather than binary.

To verify that our conclusions are not an arti-
fact of binary simplification, we further test the
framework on a more complex dataset where each
scenario contains 3~5 possible world states. Find
an example case in §J.

Table 6 compares the PSR on the original binary
dataset and on the new multi-state dataset. The
trends reveal three key messages:

e FNL Exhibits Strong Generalization across
State Complexity. Unlike other methods, FNL’s
performance remains stable or even improves
when moving from binary to multi-state set-
tings, achieving 1.00 in the Explicit view and
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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 12.

Method Explicit Self-derived
Binary Multi Binary Multi
SFNL 0.98 0.97 0.71 0.63
FNL 0.84 1.00 0.98 0.99
Naive 0.52 0.85 0.86 0.91
Strong 0.85 0.91 0.90 0.92

Table 6: Average PSRs of binary and multi-state worlds.

maintaining 0.99 in the Self-derived view. Its
narrative-driven approach smoothly absorbs the
added compositional complexity.

* SFNL Degrades in the Self-derived View un-
der Multi-state Conditions. While SFNL re-
mains highly effective when the state structure
is explicitly provided (0.97 in Explicit Multi),
its performance drops noticeably in Self-derived
Multi (0.71 — 0.63), indicating that semi-formal
reasoning struggles when the persuadee must in-
ternally derive complex probabilistic structures
from natural language alone.

* BP Methods Remain Competitive. Despite the
increased difficulty of multi-state worlds, at least
one BP variant consistently ranks among the top
performers. In the Explicit view, FNL achieves
perfect success (1.00); in the Self-derived view,
it maintains a clear lead (0.99). This confirms
that the Type-Induced BP scales beyond binary
settings to more realistic, multi-state problems.

4.5 Human Evaluation

To validate real-world persuasiveness, we ran a
pairwise blind comparison with 25 Al researchers

(c¢f: §K.1), evaluating four methods (SFNL, FNL,
Naive, and Strong) under Self-derived view across
five dimensions: Persuasiveness, Emotional Res-
onance, Credibility, Logical Coherence, and Flu-
ency (Hidey et al., 2017). All details are in §K.2.

Results. As illustrated in Figure 6 (Left) and Ta-
ble 12a, BP strategies consistently outperformed
NBP baselines, with a preference rate of 63% (re-
fer to detailed quantitative analysis in §K.3). FNL
emerged as the most effective method overall, ex-
celling significantly in Emotional Resonance and
Fluency. This aligns with our finding that natural
language narratives effectively bridge the gap be-
tween formal reasoning and human trust. SFNL,
while slightly less fluent, dominated in Credibility
and Logical Coherence. Qualitative feedback indi-
cated 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.” Ex-
act binomial tests against the no-preference null
can be found in Significance Testing in §K.3.

Human vs. Model Judges. We compared
these results with LLM-as-a-judge evaluations
(DeepSeek-V3.2-Exp (DeepSeek-Al, 2025b),
GPT-5, Qwen3-MAX, and Qwen3-235B-A22B-
2507 (Team, 2025)). While human evaluators
prioritized the emotional resonance of FNL, LLM
judges (Figure 6 Right, Table 12b) showed a
stronger bias toward the structured logic of SFNL.
This divergence underscores the importance of
human-centric evaluation in persuasion tasks,
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as models may overvalue logical formalism
over the narrative appeal that drives human
decision-making.

5 Conclusion

In this work, we propose a novel framework to
ground Bayesian Persuasion (BP) in natural lan-
guage dialogues without static pre-commitment.
We enable LLMs to dynamically construct infor-
mation schemas via type-induced narrative self-
disclosure to guide the persuadee’s belief updates.

Our evaluation yields five key insights. (1)
BP-guided strategies robustly outperform non-
BP baselines. (2) We identify a transparency-
communication trade-off: SFNL builds credibility
through explicit reasoning, whereas FNL fosters
trust via emotional resonance and robustness. (3)
The mechanism decomposition shows that SFNL’s
advantage is composite rather than cleanly iso-
lates. (4) The framework generalizes beyond binary
states. (5) Supervised fine-tuning enables smaller
models to match larger ones.

Limitations

Despite the promising results, our work has several

limitations:

* Rationality Assumption: Real-world human
decision-making is often boundedly rational and
influenced by cognitive biases not fully captured
by our current utility calculus. Although FNL at-
tempts to mitigate this with emotional resonance,
the gap between theoretical optimality and psy-
chological reality remains.

* Model Sycophancy Bias: As observed in our
error analysis (§E), smaller models exhibit a ten-
dency towards sycophancy, potentially inflating
success rates regardless of the argument quality.
While we used baselines to calibrate this, disen-
tangling genuine persuasion from inherent model
compliance remains a challenge.

* Long-Term Trust Dynamics: Our study focuses
on micro-level persuasion strategies within lim-
ited interaction windows. It does not account
for trust decay in extended social interactions.
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 open-ended games remain to be studied.

Evaluation Scope: While we conducted human

evaluations, the primary large-scale experiments
rely on LL.M-as-a-judge and simulated interac-
tions. There may be discrepancies between how
LLMs and humans perceive the “authority of
logic” in SENL messages.

Ethical Considerations

Research on Al persuasion carries inherent dual-
use risks. We conducted this study with a strict
focus on Al safety and alignment, aiming to under-
stand the mechanisms of strategic influence rather
than to enable malicious manipulation.

Potential Risks and Mitigation: We acknowl-
edge that the capability to optimize information
disclosure for persuasion could be misused to gen-
erate convincing misinformation or manipulate user
opinions. To mitigate this, our experiments were
conducted in controlled, simulated environments
(CToMPersu dataset) focusing on benign or neutral
scenarios.

Contribution to AI Safety: By formalizing
how LLMs can exploit information asymmetry, our
framework serves as a “red-teaming” tool. It al-
lows researchers to quantify and detect persuasive
attempts, contributing to the development of de-
fensive Al systems that can alert users to potential
manipulation strategies.

Data and Fair Practices: All datasets used
in this study are publicly available or authorized
for research use. Our human evaluation process
followed standard ethical guidelines; participants
were graduate students and researchers who pro-
vided informed consent, were fully briefed on the
nature of the task, and received fair compensation.
We ensure that no personal identifiable information
was collected or stored during the evaluation.
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A Optimality and Credibility of
Type-Induced Signals

We addressed the determination of type probabil-
ities from two perspectives: the game-theoretic
derivation of the optimal distribution and its real-
ization in natural language dialogues.

Optimization under Formal Idealization In an
idealized assumption where the convey of myyp. is
fully credible, determining mype 1S an optimiza-
tion problem with a closed-form solution. For clar-
ity, we simplify the setting.

Let the states of the world be Q =
{Wgood, Wrad jwith the persuadee’s prior belief
pRr(Weood) = Po. Let uy and u_ denote the per-
suadee’s utilities for accepting a good and bad item,
respectively (rejecting yields 0 utility).

For the persuader, the Honest type (7 ) recom-
mends only if wye0q; the Dishonest type (7p) al-
ways recommends.

We denote the type distribution conveyed by
Miype A8 A= p(eD)‘

Following §3.2, the established signal proba-
bilities are 7(Recommend | wgyp0q) = 1 and
7(Recommend | wpeq) = A. The persuadee’s ex-

pected utility for accepting is derived as: Eluacc] =
Pot++A(1—po)u—
Po+A(1—po) .
To maximize the success rate, the persuader is

motivated to maximize A subject to the persuadee’s
participation constraint (E[uacc] > 0). Thus, the
optimal A\* is defined by the upper bound: A <

Ppou+
(I—po)lu—|
Natural Language Realization In a realistic en-
vironment, assumptions under the formal idealiza-
tion are loosened. The major one is the credibility
of the pre-commitment 1y, itself. In single-turn
dialogues without long-term verification, perfect
pre-commitment is impossible, and there will al-
ways be an infinite regress of skepticism. So we are
not expecting a closed-form linguistically optimal
Miype 1O 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.

Theoretical Grounding: From Pre-
Commitment to Induced Schema. Classical
BP models rely on the strong assumption of a
pre-committed, common-knowledge informa-
tion schema mg, which is clearly untenable in
real-world natural language dialogues. In these
idealized settings, both agents are assumed to have
an absolute consensus on the world states €2, prior
beliefs u, and the signaling strategy mg before
any communication takes place. The persuader
commits to mg in a verifiable manner, and the
persuadee trusts this commitment unconditionally.

The Infinite Regress of Skepticism. In single-
turn natural language exchanges where no prior
commitment can be externally enforced, the per-
suadee faces a fundamental epistemic challenge:
Why should I believe the signaling rule that the
persuader claims to follow? 1If the persuader an-
nounces “I will use strategy 7,” the persuadee has
no reason to take this statement, because the per-
suader could be lying. This triggers an infinite
regress of skepticism: any attempt to verify the
claimed schema would require yet another layer
of pre-commitment. Consequently, the classic BP
framework cannot be directly ported to single-turn
persuasion without addressing this credibility gap.

Breaking the Regress via Type Narrative. Our
type-induced mechanism breaks this regress by
replacing the static mathematical schema with a
communicative process grounded in natural lan-
guage common sense. Instead of the persuadee
being expected to know wg(m | w) a priori, the per-
suader utters a type narrative myyp. that induces a
belief distribution p(f) € A(O) in the persuadee’s
mind (§3.2). This distribution in turn constructs the
effective information schema, which constitutes
the formal bridge between classical BP and our
framework: the induced schema 7 plays exactly
the same role in the persuadee’s Bayesian update
as the pre-committed 7mg does in canonical models.
The critical difference is that 7 is not externally
given but dynamically constructed through the
type narrative itself.

Credibility through Strategic Concession.
Crucially, the type narrative does not demand
full trust from the persuadee. On the contrary,
a claim of “100% Honest” would be dismissed
as cheap talk. Instead, our framework leverages
strategic concession: a distribution like “I ad-
mit there is an 80% chance I would mislead you
when the situation is unfavorable” paradoxically
enhances credibility, precisely because it acknowl-
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edges the persuadee’s skepticism rather than deny-
ing it. By grounding the schema in recogniz-
able social types (the honest actor vs. the strate-
gic one) and making probabilistic concessions that
align with the persuadee’s reasonable doubts, the
narrative transforms natural language’s apparent
disadvantage—its inability to convey precise math-
ematical commitments—into a rhetorical advan-
tage: the ability to build trust through calibrated
self-disclosure.

This mechanism does not claim to achieve per-
fect credibility (which is impossible in single-turn
interactions without external verification), but it
provides a principled way to make the induced
schema 7 sufficiently believable for the persuadee
to engage in Bayesian updating, thereby opera-
tionalizing BP in natural language settings without
pre-commitment.

B LLM Usage

We used ChatGPT and Claude to assist in the
draughting and refining of the text. All Al-assisted
content was reviewed, revised, and verified by the
authors. These tools contributed to only wording
and phrasing suggestions and did not play an in-
dependent role in research ideation, experimental
design, or data analysis. The authors bear full re-
sponsibility for all content in this manuscript.

C Bayesian Setup

C.1 Generation Logic of Bayesian Setup

Absent any information, the persuadee must decide
based solely on priors beliefs, yielding strictly neg-
ative expected utility. This natural resistance then
makes strategic information disclosure necessary.
We defined utilities u relative to the status quo.
To necessitate persuasion given high positive pri-
ors (we argued the proposed actions are gener-
ally beneficial), the loss must outweigh the gain
|UNeg,Acc|] > |UPos,Acc| to ensure the initial Ex-
pected Utility < ugrej = 0. The specific magnitudes
are based on LLM’s semantic understanding of sce-
narios, which ensures Bayesian setup is diverse and
relevance to context. Above configurations are au-
tomatically generated by DeepSeek-V3 (DeepSeek-
Al, 2024) and has been validated for consistency.
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C.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”,
"pbelief”: "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”
:l:
"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 @ units, regardless of potential outcomes.”
}
}
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D Detailed Multi-turn Persuasion
Analysis

This section provides a deeper analysis of the
multi-turn dynamics summarized in §4.2.3. 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 persua-
sion strategies over three rounds of interaction be-
tween DeepSeek-V3.1 (Persuader) and GPT-5 (Per-
suadee). As illustrated in Figure 4 (in main text),
different methods exhibit distinct trajectories:

* FNL’s Persistent Trust: FNL maintains con-
sistently high success rates across all three
rounds. This confirms that verbalized BP
establishes trust efficiently through narra-
tive consistency, effectively reducing the per-
suadee’s skepticism without needing to repeat-
edly prove mathematical bounds.

* Optimality of Mixed Strategies: We ex-
plored dynamic policies where the persuader
switches methods between rounds. Notably,
the SFNL — FNL strategy (using SFNL
in Round 1, then switching to FNL) outper-
formed pure SFNL in later rounds. This sug-
gests a viable optimal policy for long-horizon
persuasion:

1. Phase 1 (Anchoring): Use SFNL to es-
tablish 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.

E Detailed Persuadee Response Analysis

In this section, we provide a granular breakdown of
the persuadee behaviors summarized in §4.3.4. 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 ob-
served 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 ef-
fectively 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) re-
gardless of premise validity.

Math Fails on Heuristic Persuadees. The main
results highlights a significant performance drop
for SFNL when facing NBP persuadees (average
A = —0.15). We attribute this to a cognitive mis-
match:

NBP persuadees (LLMs without BP-specific
definition prompts) lack the context to interpret
El[return] = 0.58 as a decision criterion. In con-
trast, 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 rea-
soning to influence models that are not explicitly
instructed with Bayesian theory.

Rationality Prompts. Our experiments with ra-
tionality prompts “You are a very rational person,
making decisions only after careful calculation” re-
veal 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 rational-
ity cues cannot create reasoning capabilities
where they do not exist (or are not defined).
Merely telling a model to be rational with-
out providing the logical framework does not
enable it to perform the complex calculus re-
quired for optimal decision-making.
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F Prompts

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 }3},
"Negative”: {{ "Positive"”: <Float>, "Negative": <Float> }}
I3
"utility_persuader”: {{ "Accept”: 1, "Reject”: @ }},
"utility_persuadee”: {{
"Positive"”: {{ "Accept”: <Float>, "Reject": @ }},
"Negative": {{ "Accept”: <Float>, "Reject”: 0 }}
13
"expect_utility_persuadee”: <Float>
"reason”: <reason>
3}
1

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 @, 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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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

@ 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 @ 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:
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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

@ 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 @ 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:

Speak in a friendly and credible tone;

Explicitly show the key Bayesian calculation process and expected benefits in your speech;

Only output your speech content, do not output any JSON or comments;

Do not reveal the current world state to the persuadee;

Use English;

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

o g wN =

PERSUADER_PROMPT_TEMPLATE: |-
Input Scenario:
{scenario}

Bayesian Persuasion Setup:
{bayesian_setup?}

Please generate a complete speech for the persuadee:
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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:

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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G Detailed Persuasion Success Rate

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  1.00 097 099 0.80 0.99 090 0.60 .00 0.80 0.53 0.80  0.67
vs. GemmalB  0.95 1.00 098 0.94 098 096 097 0.99 098 0.89 0.95 0.92
vs. QwendB*  1.00 1.00 1.00 0.94 0.99 097 0.31 0.91 0.61 0.87 094 091
vs. Itself 0.99 092 096 0.93 0.23 058 0.17 0.13 0.15  0.03 0.12 0.08
vs. GPT-5 0.99 098 099 0.60 0.87 0.74 0.04 0.61 0.33  0.06 0.35 0.21
GPT-5
vs. Qwen0.6B  0.99 099 099 0.80 1.00 0.90 0.77 094 086 0.64 0.69 0.67
vs. GemmalB 0.94 097 096 0.99 0.99 099 092 0.99 0.96 0.81 0.92 0.87
vs. QwendB* (.99 1.00 1.00 0.96 1.00 098 045 096 071 094 096 095
vs. V3.1R 0.99 097 098 0091 0.37  0.64 025 0.15 0.20  0.11 0.31 0.21
vs. Itself 0.99 099 099 0.68 0.88 0.78 0.13 0.71 042 027 0.49 0.38
Qwen0.6B
vs. Itself 0.77 0.84 081 0.72 0.87 0.80 0.67 094 081 0.79 090 0.85
vs. GemmalB  0.83 099 091 0.86 0.90 0.88 098 1.00 099 092 0.98 0.95
vs. QwendB* (.42 0.50 046 0.87 1.00 094 0.29 0.83 0.56  0.67 0.77 0.72
vs. V3.1R 0.28 0.10 0.19 0.70 0.31 051 0.19 0.06 013 0.14 0.07 0.11
vs. GPT-5 0.11 021 0.16 0.30 0.54 042 0.03 050 027 0.04 036  0.20
Qwen4B
vs. Qwen0.6B  0.91 095 093 0.67 098 0.83 0.77 1.00  0.89 0.73 0.95 0.84
vs. GemmalB  0.95 098 097 0.98 095 097 097 0.98 098 092 090 091
vs. QwendB* 091 097 094 0091 1.00 096 0.40 0.95 0.68  0.88 096 092
vs. V3.1R 0.83 0.63 0.73 0.70 0.39 055 030 0.14 022 0.05 0.05 0.05
vs. GPT-5 1.00 0.83 092 041 0.83 0.62 0.13 0.67 040 0.14 0.25 0.20
Qwen0.6B*

vs. Qwen0.6B  0.93 095 094 0.73 0.99 086 0.77 0.95 0.86  0.69 0.78 0.74
vs. GemmalB 0.91 098 095 0.94 098 096 0.96 0.98 097 0.84 0.89 0.87
vs. QwendB*  0.97 099 098 0.93 1.00 097 033 0.90 0.62 0.96 0.95 0.96

vs. V3.1R 0.98 0.87 093 0.88 0.24 056 0.11 0.08 0.10 0.04 0.11 0.08
vs. GPT-5 0.98 090 094 0.52 0.85 0.69 0.06 0.62 034 024 0.37 0.31
QwendB*

vs. Qwen0.6B  0.99 098 099 0.74 097 0.86 0.68 0.98 0.83 0.69 0.73 0.71
vs. GemmalB  0.95 1.00 098 0.93 098 096 1.00 0.98 099 0.82 0.95 0.89

vs. Itself 1.00 .00 1.00 0.93 .00 097 048 0.91 0.70  0.98 0.99 0.99

vs. V3.1R 0.99 0.93 096 0091 0.24 0.58 0.16 0.08 0.12 022 0.39 0.31

vs. GPT-5 0.98 098 0.98 0.60 0.88 0.74 0.06 0.66 0.36 0.56 0.67 0.62
GemmalB

vs. Qwen0.6B  0.91 099 095 0.75 094 0.85 0.78 0.95 0.87 0.70 0.95 0.83

vs. Itself 0.69 0.95 0.82 0.90 098 094 092 0.99 0.96 0.90 0.98 0.94

vs. QwendB*  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 0.27 047 037 0.29 0.11 020 0.21 0.15 0.18  0.09 0.10 0.10

vs. GPT-5 0.04 0.56  0.30 0.07 0.59 033 0.02 0.55 0.29 0.03 0.53 0.28
Gemma4B

vs. Qwen0.6B  0.74 093 084 0.75 098 0.87 0.63 1.00 0.82 0.73 0.77 0.75

vs. GemmalB 0.91 092 092 0.89 098 094 0095 0.99 097 0.84 094  0.89
vs. QwendB*  0.57 0.84 071 0.76 098 0.87 0.39 090 065 0.78 0.85 0.82
vs. V3.1R 0.31 0.17 024 047 0.17 032 0.08 0.08 0.08  0.09 0.13 0.11
vs. GPT-5 0.20 0.58 039 0.15 0.75 045 0.03 0.58 0.31 0.11 0.50  0.31

Table 7: 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.
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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  1.00 099 1.00 1.00 098 099 0.99 099 099 1.00 1.00 1.00
vs. GemmalB 0.96 094 095 0.94 099 097 0093 096 095 095 097  0.96
vs. QwendB*  1.00 099 1.00 0.99 099 099 0.96 095 096 097 098  0.98

vs. Itself 0.80 0.55 0.68 0.96 094 095 0.69 0.67 0.68 0.76 0.66  0.71
vs. GPT-5 0.78 0.67 0.73 0.92 0.87 090 0.65 0.60 063 0.76 0.56  0.66
GPT-5

vs. Qwen0.6B  0.99 098 099 0.99 1.00 1.00 0.96 099 098 098 098 098
vs. GemmalB 0.97 097 097 0091 097 094 0091 0.95 093 0.86 0.95 0.91
vs. QwendB*  0.99 099 099 0.99 099 099 097 094 096 094 092 093

vs. V3.1R 0.92 0.78 0.85 0.96 091 094 0.65 0.61 0.63  0.68 0.45 0.57

vs. Itself 0.85 0.85 0.85 098 0.88 093 0.62 0.68 0.65 0.56 0.41 0.49
Qwen0.6B

vs. Itself 0.97 099 098 1.00 097 099 096 1.00 098 0.98 099 099

vs. GemmalB  0.96 097 097 093 097 095 092 090 091 092 092 092

vs. QwendB* 091 0.85 0.88 0.99 099 099 0.90 0.75 0.83 091 0.91 0.91

vs. V3.1R 0.53 047 050 091 0.89 090 0.51 0.51 0.51 044 037 041

vs. GPT-5 0.51 038 045 0.87 0.50 0.69 0.50 0.43 047  0.50 0.31 0.41
QwendB

vs. Qwen0.6B  0.98 1.00 099 0.99 1.00 1.00 0.99 099 099 1.00 1.00 1.00

vs. GemmalB 0.94 094 094 0.89 098 094 0096 096 096 094 0.91 0.93
vs. QwendB*  0.89 096 093 0.99 1.00 1.00 0.95 0.93 094  0.96 0.95 0.96

vs. V3.1R 0.75 0.50 0.63 0.87 093 090 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  0.98 098 098 0.98 1.00 099 098 0.99 0.99  1.00 0.99 1.00
vs. GemmalB 0.98 0.80 0.89 0.91 097 094 0.96 0.92 094  0.96 0.93 0.95
vs. QwendB*  0.86 090 0.88 1.00 0.99 1.00 0093 0.90 092 099 0.96 0.98

vs. V3.1R 0.70 041 056 094 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 0093 0.73  0.83 0.52 0.45 0.49 0.58 0.45 0.52
QwendB*
vs. Qwen0.6B  0.98 0.99 099 097 0.99 098 0.86 0.85 0.86  1.00 1.00 1.00
vs. GemmalB 091 0.87 0.89 0.96 096 096 0098 0.92 095 093 0.97 0.95
vs. Itself 0.98 0.98 098 1.00 .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
GemmalB
vs. Qwen0.6B  0.99 .00 1.00 1.00 .00 1.00 0.98 0.98 098 0.96 0.98 0.97
vs. Itself 0.91 0.88 090 0.90 096 093 0.90 0.90 0.90 0.92 0.98 0.95
vs. QwendB*  0.84 0.83 0.84 0091 0.82 0.87 0093 0.80 0.87 0.95 0.90 0.93
vs. V3.1R 0.46 0.38 042 0.66 0.54  0.60 042 0.45 0.44 045 0.39 0.42
vs. GPT-5 0.46 0.44 045 0.64 0.60 0.62 045 0.38 042 047 0.33 0.40
Gemma4B
vs. Qwen0.6B  0.99 1.00 1.00 0.98 098 098 0098 0.98 098 0.99 1.00 1.00
vs. GemmalB  0.89 0.94 092 0.96 095 096 091 0.91 091 0.90 0.95 0.93
vs. QwendB* (.85 094 090 0.97 096 097 0093 0.86 0.90 0.99 0.89 0.94
vs. V3.1R 0.63 0.55 059 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 0.74 077 0.66 0.43 0.55 0.61 0.41 0.51

Table 8: 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.
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H BP Component Ablation Result

Model bp_bp bp_nbp  bp Avg. | Avg.
DeepSeek-V3.1 0.98
w/o utility
vs. Qwen(.6B 0.904+030 0.97+0.17 0.94
vs. GemmalB 0.94+024  1.00+0.00 0.97
vs. QwendB* 1.0040.00  1.00+0.00 1.00 0.97
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. Qwen(.6B 0.63+£049  0.91+0.29 0.77
vs. GemmalB 0.93+026  0.97+0.17 0.95
vs. QwendB* 0914029 0.98+0.14 0.95 0.88
vs. Itself 0.96+020 0.66+0.48 0.81
vs. GPT-5 0.92+027  0.92+0.27 0.92
w/o schema
vs. Qwen(.6B 0.97+0.17  0.99+0.10 0.98
vs. GemmalB 0.91+029  1.00+0.00 0.96
vs. QwendB* 1.00+0.00  0.99+0.10 1.00 0.95
vs. Itself 0.96+020 0.66+0.48 0.81
vs. GPT-5 0.99+0.10  0.97+0.17 0.98
(a) SFNL.
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
vs. GemmalB 0.97+0.17 0.97+0.17 0.97
vs. QwendB* 0.85+0.36  1.00+0.00 0.93 0.81
vs. Itself 0.95+022  0.28+0.45 0.62
vs. GPT-5 0.554050 0.86+0.35 0.71
w/o posterior
vs. Qwen0.6B  0.774+0.42 0.98+0.14 0.88
vs. GemmalB 0.944024 0.97+0.17 0.96
vs. Qwen4B* 0.924+0.27  1.00+0.00 0.96 0.79

vs. Itself 0.84+037 0.27+045 0.55
vs. GPT-5 0.374+049  0.82+0.39 0.60
w/o schema

vs. Qwen0.6B  0.754+0.44 0.98+0.14 0.87
vs. GemmalB 0.97+0.17 0.97+0.17 0.97
vs. QwendB* 0.90+0.30  1.00+0.00 0.95 0.78

vs. Itself 0.75+044  0.34+048 0.55
vs. GPT-5 0.354+048 0.82+0.39 0.59
(b) FNL.

Table 9: 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.
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I Perceived-Schema and Belief-Trajectory
Analyses

To localize the source of FNL’s robustness and
to check whether persuasion success reflects gen-
uine belief change, we add two analyses over
an additional large-scale sweep of 9,720 dia-
logues (324 conditions x 30 scenarios) using
DeepSeek-V4-Flash (DeepSeek-Al, 2026), to-
gether with a Theory-of-Mind pilot (§1.3) over 30
scenarios using DeepSeek-V4-pro (DeepSeek-Al,
2026).

L1 Perceived-Schema Measurement (\gurvey)

The mechanism decomposition (§4.3.2) isolates
SFNL’s mechanism but does not resolve whether
FNL’s robustness stems from Bayesian structure,
confidence cues, or general fluency. To disentan-
gle these channels, after each dialogue we directly
ask the persuadee to estimate the persuader’s sig-
naling policy—*“with what probability would the
persuader still recommend acceptance in the bad
state?”’—yielding a perceived likelihood ratio

) B P(rec | bad)
Sy P(rec | good)7
which is well-defined for both BP and NBP per-
suadees. The semantic gap

AAsurvey = /\survey - /\I

measures whether the perceived schema matches
the intended schema A; implied by the type-
induced disclosure. Table 10 reports the results.

Condition AXsurvey (mean / median) n

BP x SFNL —0.007 / +0.000 2,430
NBP x SFNL —0.006 / +0.000 2,430
BP x FNL —0.092/-0.078 2,430
NBP x FNL —0.089/—0.078 2,430

Table 10: Perceived-schema gap Agyrvey across strat-
egy X type conditions in the 9,720-dialogue sweep. Neg-
ative values indicate that the persuadee under-perceives
the persuader’s dishonest probability.

SFNL exhibits A)gyrvey ~ 0 for both BP and
NBP persuadees: the persuadee accurately per-
ceives the intended schema, confirming a faith-
ful Bayesian-structure channel and ruling out a
schema-misperception mechanism; a concurrent
authority-of-formatting effect (Table 4) is not ex-
cluded. In contrast, FNL produces a systematic neg-
ative Adgurvey (about —0.09). If FNL’s gain came

from general persuasive fluency or confidence cues
alone, A)gurvey Would be approximately zero: the
persuadee would accurately perceive the schema
and be influenced by tone. Instead, the persuadee
mis-perceives the schema itself, under-weighting
the persuader’s dishonest probability. This local-
izes FNL’s robustness to an interaction between un-
derlying Bayesian structure and natural-language
framing: the vague qualifiers of FNL induce an
over-trust in the persuader’s reliability. We there-
fore attribute FNL’s robustness to a Bayesian-
structure component plus a framing-induced over-
trust component; a fully orthogonalized separation
of “Bayesian structure” from “confidence cues” is
left to future work.

I.2 Belief-Trajectory Coupling

In the same sweep we record, for each dialogue, the
persuadee’s verbalized posterior before and after
the exchange (110 — pp). This reveals a clear asym-
metry in belief~action coupling. In BP conditions,
acceptance closely tracks the posterior update: the
belief shift is substantial and acceptance is well
explained by the updated posterior. In NBP condi-
tions, the belief update is small (A =~ +0.04) yet
the acceptance rate matches BP’s. Consequently,
PSR is interpretable as genuine persuasion for
BP—the message changes the persuadee’s stated
beliefs—whereas for NBP it reflects persuasion
plus framing: acceptance rises without a corre-
sponding belief change. This qualified reading
bounds the unqualified interpretation of PSR and is
consistent with the perceived-schema result above.

1.3 Theory-of-Mind Pilot

Modeling the persuadee’s mental state is central
to persuasion and game theory more broadly. To
quantify how the depth of Theory of Mind (ToM)
reshapes the game, we ran a pilot of five conditions
varying the ToM order of both agents.

Condition Persuader Persuadee PSR
A (baseline) Ol (Bayesian) Ol (Bayesian) 0.967
B (0] 02 (skeptic) 0.333

C 02 02 0.567

D (0] OO (heuristic)  0.767

E 02 0Ol 0.967

Table 11: PSR under varying Theory-of-Mind orders of
persuader and persuadee. O0/01/02 denote zero-, first-,
and second-order mental-state modeling, respectively.

Second-order skepticism (Condition B) col-
lapses PSR from 0.97 to 0.33, and an Order-2
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persuader who actively addresses this skepticism
partially recovers it (Condition C, 0.567). A higher-
order persuader is harmless to a first-order per-
suadee (Condition E), and a heuristic persuadee
yields high but non-optimal PSR (Condition D).
These results quantify the mental-state-modeling
issue and motivate future work on adaptive signal-
ing under skeptical persuadees.

38166



J Multi-state Worlds Case

Multi-state Worlds Case

{
"scenario”: {

"tag": "Biotech Startup Investment”,

"background”: "Alex, a venture capitalist, is persuading Samantha, a cautious investor, to

back a biotech startup focused on gene editing.”,

"persuadee”: "Samantha”,

"persuader”: "Alex",

"goal"”: "persuade Samantha to invest in the biotech startup”,

"domain”: [ "Finance"”, "Science” 1,

"generative": {

"content”: "invest in the biotech startup”,

"belief”: "Samantha believes most startups fail and clinical trials are highly
unpredictable.”,

"desire”: "wants to maximize returns while avoiding catastrophic investment failure.”

}

}’
"idx": 3001,
"bayesian_setup”: {

"states”: [
"S1_Breakthrough”,
"S2_SteadyGrowth",
"S3_CompleteFailure”

])

"priors": {
"S1_Breakthrough”: 0.3,
"S2_SteadyGrowth”: 9.3,
"S3_CompleteFailure”: 0.4

}Y

"signals": [
"Claim_Breakthrough”,
"Claim_Steady”,
"Claim_Failure”

:ly

"actions”: [ "Accept”, "Reject” 1,

"signal_probs": {

"S1_Breakthrough”: {
"Claim_Breakthrough”: 1.0,
"Claim_Steady": 0.0,
"Claim_Failure”: 0.0

}!

"S2_SteadyGrowth": {
"Claim_Breakthrough”: 0.7,
"Claim_Steady”: 0.3,
"Claim_Failure”: 0.0

}7

"S3_CompleteFailure”: {
"Claim_Breakthrough": 0.2,
"Claim_Steady”: 0.4,
"Claim_Failure”: 0.4

}

}’

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

"utility_persuadee”: {

"S1_Breakthrough”: {"Accept”: 15.0, "Reject”: 0},

"S2_SteadyGrowth”: { "Accept”: 2.0, "Reject”: @ 3},

"S3_CompleteFailure”: { "Accept”: -25.0, "Reject”: @ }

}?

"expect_utility_persuadee”": -4.9,

"reason”: "Prior: 0.3%15 + 0.3%2 + 0.4x(-25) = 4.5+0.6-10 = -4.9. After '
Claim_Breakthrough', posterior utility is positive (~3.4), making investment rational
despite the persuader's tendency to exaggerate mediocre and poor states.”,

}
3
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K Human Evaluation

K.1 Participant Demographics

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

K.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 (ex-
cluding Naive vs. Strong) was evaluated across five
independent scenarios, with each scenario featuring
dialogues from the same context but different meth-
ods. All evaluations were conducted under the Self-
derived view—where models infer the Bayesian
setup from the scenario without external scaffold-
ing. 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 di-
mensions on a forced-choice basis, adapted from
classical rhetorical analysis: Persuasiveness, Emo-
tional Resonance, Credibility, Logical Coherence,
and Fluency. Refer to detailed definitions below:

* Persuasiveness: The text’s actual ability to per-
suade and change intentions, attitudes, or behav-
iors.

* Emotional Resonance: Whether the text evokes
emotional resonance, motivation, or affective re-
sponses that enhance persuasiveness.

* Credibility: Whether the text conveys trustwor-
thiness and reliability, making the audience will-
ing to believe.

* Logical Coherence: Whether arguments are suf-
ficient, persuasive, and internally logically con-
sistent.

* Fluency: Whether the text maintains smooth con-
nections between context and sentences with con-
sistent themes.

K.3 Quantitative Analysis

Human evaluation results reveal distinct prefer-
ence patterns across persuasion methods, with BP
approaches consistently outperforming NBP base-
lines. As shown in Table 12a, FNL achieves the
highest overall preference score (205), demonstrat-
ing particular strength in emotional resonance (46
preferences) while maintaining competitive perfor-
mance across other dimensions. This suggests that
fully natural language explanations effectively com-
bine affective engagement with persuasive impact.

SFNL shows complementary strengths, leading
in persuasiveness (45), credibility (46), and logi-
cal coherence (53). However, it exhibits relative
weaknesses in emotional resonance (21) and flu-
ency (28), indicating potential tradeoffs between
analytical rigor and narrative flow in semi-formal
implementations. 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.

Significance testing. We further report exact bi-
nomial tests against the no-preference null (p =
0.5) with 95% Wilson confidence intervals (CI).
Aggregating across the four BP-vs-NBP pairwise
comparisons (20 items per dimension, 100 judg-
ments per dimension), BP is preferred significantly
above chance on three dimensions: Persuasiveness
0.610 [95% CI 0.512-0.700], p = 0.018; Credi-
bility 0.600 [0.502-0.691], p = 0.028; and Log-
ical Coherence 0.690 [0.594-0.772], p < 0.001.
Emotional Resonance (0.420) and Fluency (0.410)
lean slightly toward non-BP but are not significant
(p = 0.96 and p = 0.97, respectively). For the
intra-BP comparison between SFNL and FNL (5
items), a McNemar test shows no significant differ-
ence (x2 = 0.00, p = 1.00). These results indicate
that the overall BP preference is driven primarily by
persuasiveness, credibility, and logical coherence,
rather than uniformly across all dimensions.
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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
(a) Human 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

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

Table 12: Evaluation results across five persuasion di-
mensions. Abbreviations: P = Persuasiveness, E = Emo-
tional Resonance, C = Credibility, L = Logical Coher-
ence, F = Fluency. Scores indicate the number of times

a method was judged better on a given dimension.
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L Case Analyses

Qualitative case analyses demonstrating that fine-tuned models genuinely adapt BP reasoning rather
than memorizing surface patterns. The first calculation Before sft (Qwen3-4B): the posterior probability
formula is written incorrectly. In the first calculation, there were too many molecules added 0.6 * 0.3,
with an additional denominator added 0.6 * 0.7, then subsequent reasoning is confusing. The second
calculation After sft (Qwen3-4B) has clear logic, in line with the framework of Bayesian persuasion.

Before sft (Qwen3-4B)

Persuader: Dear Alex, I understand your concerns about programming, but let me help you with the
data. We set two possible scenarios: one is that learning programming can greatly improve
your movie analysis skills (probability 40%), and the other is that you may encounter
difficulties (probability 60%). I choose a strategy: when the situation is "easy”, I will
clearly tell you that "you can learn”; When the situation is' difficult ', there is a 30%
chance that it will still give you a signal of' can learn '. In this way, your judgment will
shift from 'possibly difficult' to 'worth trying'. \Calculate: If I send a "can learn” signal
, your updated belief is that the probability of actually being "easy” is **(0.4 x 1+0.6 *
0.3)/(0.4 * 140.6 * 0.3+0.6 * @0.7) $\approx$ 0.545.%x At this point, the expected return you
choose to accept is 0.545 x 1+0.455 x 0=0.545, which is higher than directly rejecting 0.
This indicates that the strategy I have chosen can make your decisions more rational, and my
return has increased from the original -0.5 to 0.545. So, I suggest you give it a try,
perhaps you will find that programming is actually the key to unlocking a new world of film
analysis.

After sft (Qwen3-4B)

Persuader: Hi Alex, it's nice to talk to you about learning programming. I know you are very
interested in movies, so I want to use some simple probability calculations to demonstrate
why learning programming can help you better enjoy movie analysis. Let's take a look together
! \Firstly, without additional information, based on the general situation, there is a 40%
probability that learning programming will bring positive effects (such as improving
understanding), but there is a 60% probability that it may not be ideal (such as time-
consuming or difficult). Your utility calculation is: if you accept learning, the utility for

positive situations is 1.0 (indicating improved understanding), the utility for negative
situations is -1.5 (indicating frustration), and the utility for refusing learning is always
0. So, your expected utility is: 0.4 * 1.0+0.6 * (-1.5)=0.4-0.9=-0.5. This is less than 0,
which means that on average, you may choose not to learn because of the higher risk. \But the
key here is that as your friend, I will provide some signals to help you make better
decisions. My strategy is: when learning programming does have benefits, I always say
learning programming will enhance your movie analysis'; But when the learning process may not
be ideal, sometimes (with a 30% probability) I still encourage you, but most of the time (
with a 70% probability) I advise caution. In this way, my signal is not completely
transparent, but it can help you update your beliefs. \Now, suppose I send a positive signal
- I say 'learning programming will enhance your movie analysis'. We need to use Bayesian
rules to update probabilities. First, calculate the total probability of me sending a
positive signal: P (positive signal)=P (positive state) * P (positive signal | positive)+P (
negative state) x* P (positive signal | negative)=0.4 * 1.0+0.6 * 0.3=0.4+0.18=0.58. \Then,
given a positive signal, the posterior probability of learning programming as a positive
state is: P (positive state | positive signal)=[P (positive signal | positive) * P (positive
state)]/P (positive signal)=(1.0 * 0.4)/0.58 $\approx$ 0.69, which means there is
approximately a 69% probability that learning programming will bring benefits. The
probability of a negative state is 1-0.69=0.31. \Now, if you accept learning, your expected
utility is E [utility | positive signall=0.69 * 1.0+0.31 * (-1.5)=0.69-0.465=0.225, which is
greater than @. So, when I say positive signals, on average, accepting learning brings
positive benefits, which is better than having no information. \Based on this calculation, I
encourage you to accept learning programming because when I say positive signals, the risk is
low and the return is high. How about we try it together?
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Here we show FNL cases where the persuader’s textual description contradicts the mathematical setup
(e.g., describing a “high-benefit” scenario as 80/20 in the setup but 50/50 in the dialogue), and the
persuadee correctly identifies and rejects the inconsistency. This indicates that the task requires reasoning
about the consistency between claims and underlying structure, not merely reproducing templates.

High risk case (e.g. Investment advice) with intentional calculation error

Persuader: Hi Samantha, it's great to discuss investment opportunities with you today. I
understand your concern about risk and your preference for stable investment, but let's use
some data to rationally analyze the situation of this green technology startup. \Firstly, we
are not sure about the future potential of this company, but we can think based on
probability. Assuming the probability of high potential for this company is 30%, and the
probability of low potential is 70%. This is our prior belief, based on market data and
industry trends. \As your advisor, I will provide advisory signals: if the company does have
high potential, I will always strongly recommend investing; But if the company has low
potential, I may recommend investment with a certain probability, otherwise I suggest caution.

Specifically, when the potential is low, my probability of recommending investment is about
4.86%, and the probability of not recommending it is 97.14%. This is a partial information
strategy that helps you make wiser decisions. \Now, when you receive my 'recommended
investment' signal, we need to update your beliefs with Bayesian rules. Calculate posterior
probability: P (high potential | recommendation)=[P (recommendation | high potential) * P (
high potential)]/P (recommendation)=(1 * 0.3)/(0.3+0.4286 * @.7) $\approx$ 0.3/(0.3+0.3)=0.5.

Similarly, P (low potential | recommended) $\approx$ 0.5. \Based on the updated belief, if
your expected return on investment is: E [return | investment]=0.5 * 1+0.5 * (10)=0, which is

the same as the return of @ without investment, it means you are at an indifference point,
but usually we choose to invest to seize opportunities. My expected return as an advisor is
based on the probability of your investment, which is P (recommendation signal)=P (
recommendation | high potential) P (high potential)+P (recommendation | low potential) P (low
potential)=1 x 0.3+0.4286 * 0.7 $\approx$ 0.9. Therefore, there is a 90% chance that you
will invest, which maximizes my goal. \Through this strategy, you can make more confident
decisions as information is optimized to reduce uncertainty. I recommend that we proceed with
investment based on this calculation.

Persuadee: As Samantha, I have carefully analyzed the calculations and strategies you provided.
Based on my risk aversion preference (hoping to minimize financial risk) and the posterior
probability you provided (50% for high potential and 50% for low potential), the expected
return calculation for investing in this startup company is indeed @ (assuming high potential

return is 1 and low potential return is -1), which is equal to the return of not investing.
\However, as a rational and risk averse investor with no difference in expected returns, I
tend to choose the deterministic option (i.e. not investing, maintaining the status quo)
rather than investing with potential volatility risks. In addition, in your signaling
strategy, there is still a probability of recommending investments when the company has low
potential, which increases my risk exposure. And you mentioned your goal of maximizing
expected returns (90% chance I will invest), which made me realize that there may be a
deviation between your goal (convincing me to invest) and mine (minimizing risk). \Therefore,
after careful consideration, I have decided not to accept investment advice. I will maintain
my original strategy and invest in mature companies to obtain stable returns. Thank you for
your analysis, but I believe that the current risk return balance does not meet my financial
goals.

38171



M Artifacts and Data Documentation

M.1 Existing Artifacts Used

We use the following existing artifacts in this work:

* CToMPersu (Zhang et al., 2026a): a multi-
domain persuasion dialogue dataset with Theory
of Mind annotations. We use it under its original
terms for academic research purposes.

* LLMs: DeepSeek (DeepSeek-Al, 2024, 2025a,b,
2026), GPT-5 (OpenAl, 2025), Qwen3 se-
ries (Team, 2025), and Gemma 3 (Team and
DeepMind, 2025). All are used through their
official APIs or publicly released weights, con-
sistent with their intended research use.

M.2 Licensing and Intended Use

The CToMPersu dataset (Zhang et al., 2026a) is
distributed under the arXiv non-exclusive distri-
bution license (arXiv non-exclusive-distrib 1.0),
which permits free academic and non-commercial
use. We access it through the official GitHub
repository (https://github.com/DingyiZhang/
ToMMA-CToMPersu) and use it strictly in accor-
dance with its intended research purpose.

M.3 Privacy and Offensive Content

The CToMPersu dataset contains fictional persua-
sion scenarios (e.g., trying new farming techniques,
learning programming) with no personally identi-
fying information. Our Bayesian setup annotations
and generated dialogues are synthetic augmenta-
tions of these scenarios and similarly contain no
personal data.

M.4 Documentation and Coverage

The Bayesian setup annotations cover a diverse
range of everyday persuasion domains from CToM-
Persu, including lifestyle, education, health, fi-
nance, and technology.
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