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Abstract001

Persuasive dialogue generation plays a vital002
role in decision-making, negotiation, counsel-003
ing, and behavior change, yet it remains a chal-004
lenging problem. In complex persuasion where005
the persuadee’s internal states are not expressed006
clearly, the persuader must interpret responses,007
infer the persuadee’s latent mental states (e.g.,008
beliefs and desires), and translate them into009
targeted, strategy-consistent actions; however,010
current approaches often produce generic or011
weakly grounded responses even when such012
cues are identified. Moreover, although large013
language models (LLMs) can generate persua-014
sive content, their performance varies substan-015
tially across domains due to uneven knowledge016
coverage and limited reasoning generalization.017
To address these challenges, we propose MA2P,018
a meta-cognitive autonomous intelligent agent019
framework for complex persuasion. Specifi-020
cally, we develop an autonomous multi-agent021
architecture that coordinates perception man-022
agement, mental-state inference, strategy exe-023
cution, memory maintenance, and performance024
evaluation. To mitigate cross-domain perfor-025
mance variation, we further design a meta-026
cognitive configurator that selects an appropri-027
ate meta-strategy from a structured knowledge028
base at the outset, thereby guiding subsequent029
reasoning and planning. Experimental results030
show that our approach achieves a higher per-031
suasion success rate than baselines.032

1 Introduction033

Persuasive dialogue plays a central role in real-034

world decision making, including negotiation,035

healthcare counseling, education, and behavior036

change (Rogiers et al., 2024; Singh and Namin,037

2025). Unlike purely informative conversation, per-038

suasion is inherently goal-directed: the persuader039

must influence another agent’s beliefs or actions040

under uncertainty, which makes the task closer to041

sequential planning than next-turn language genera-042

tion (Cheng and You, 2025; Shapira et al., 2025). In043

this work, we focus on complex persuasion, where 044

success depends not only on domain knowledge 045

across diverse topics but also on the ability to model 046

the persuadee’s internal state. 047

Recent research has expanded persuasive dia- 048

logue from early single-domain settings (Wang 049

et al., 2019) to more diverse domains (Jin et al., 050

2024), and newer datasets further expose persuadee 051

mental states such as beliefs and desires, raising 052

the bar for personalized, state-aware persuasion 053

(Zhang and Zhou, 2025). Meanwhile, current LLM- 054

based approaches typically rely on a single per- 055

suader model to infer user concerns from dialogue 056

and generate the next turn; such models are flu- 057

ent and can sometimes identify salient constraints 058

or resistance signals (Ju et al., 2025). However, 059

as scenarios become more mental-state grounded, 060

the key difficulty shifts from recognizing concerns 061

to acting on them: the persuader must translate 062

inferred states into concrete strategy choices and 063

maintain coherent multi-turn planning, otherwise 064

it often falls back to generic advice or drifts across 065

turns (Cheng and You, 2025). 066

Despite recent progress, existing LLM based 067

persuaders still face two key limitations, which mo- 068

tivate our design. (1) No actionable planning. They 069

are often reactive: even when they surface con- 070

crete obstacles, such as “need money” and “busy 071

schedule” in Fig. 1, they do not convert them 072

into an actionable persuasion plan. In the illus- 073

trated case, the current approach produces only a 074

high-level direction, “emphasize the importance 075

and benefits of psychotherapy”, and then gener- 076

ates a generic response, rather than offering tar- 077

geted solutions aligned with the extracted obsta- 078

cles, such as insurance coverage and flexible online 079

scheduling. (2) Cross-domain fluctuations. LLM 080

persuaders generalize poorly across domains: on 081

CToMPersu (Zhang and Zhou, 2025), gpt-5-mini 082

success rates range from 88.24% (best domain) to 083

16.67% (worst), a 71.57-point gap in Fig. 1. The 084
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Figure 1: Motivation for MA2P. Left: a CToMPersu example (Zhang and Zhou, 2025) where current LLM
persuaders identify concerns but fail to respond with strategy-grounded actions. Right: gpt-5-mini success rates
on CToMPersu show large cross-domain fluctuations, indicating weak generalization.

dispersion is also reflected by a large standard de-085

viation, visually evidenced by the wide horizontal086

spread of domain points and many domains lying087

far from the dashed overall-mean line. These mo-088

tivations call for structured mechanisms that map089

mental-state cues to strategy-conditioned actions090

and improve robustness across diverse domains.091

To address these challenges, we propose MA2P,092

a meta-cognitive autonomous-agent framework093

for persuasive dialogue. Inspired by LeCun et094

al.’s blueprint for autonomous intelligent agents095

(LeCun, 2022), MA2P formulates persuasion as096

a closed-loop interaction: it explicitly decom-097

poses the persuader into modular components for098

perception, mental-state inference, strategy plan-099

ning, response generation, memory, and evalua-100

tion, so that detected obstacles can be turned into101

concrete, strategy-conditioned actions rather than102

generic next-turn advice. While this transfer is103

non-trivial: persuasion is language- and mental-104

state-driven, requiring task-specialized redesign105

of perception/world-model/actor modules, and the106

persuadee is an adaptive agent rather than a passive107

environment. MA2P addresses these mismatches108

via modularization and a meta-level controller that109

selects and refines reusable strategy abstractions.110

Inspired by meta-cognition—planning, monitoring,111

and evaluation (Metcalfe and Shimamura, 1994)—112

MA2P operates at a meta level that selects and113

refines reusable strategy abstractions from prior ex-114

periences, improving cross-domain generalization115

over time. Across automatic and human evalua-116

tions, MA2P consistently improves persuasion suc-117

cess, mental-state alignment, and planning coher-118

ence, while reducing cross-domain variance. We119

will release the framework and knowledge base.120

2 Background121

Autonomous intelligent agents: purpose and typ-122

ical use cases. Autonomous intelligent agents are123

designed for long-horizon, interactive tasks where 124

decisions must be updated online as new feedback 125

arrives. They are widely used in settings such as 126

robotics and control, embodied navigation, tool- 127

using assistants, and multi-turn interactive systems, 128

where the agent must maintain state, plan ahead, 129

and correct itself under partial observability (Le- 130

Cun, 2022). 131

A unified definition. An autonomous agent can 132

be characterized as a closed-loop decision process 133

that repeatedly (i) perceives the environment, (ii) 134

updates an internal state, (iii) selects an action (op- 135

tionally via planning), and (iv) receives feedback 136

and continues. Following LeCun (2022), we use xt 137

for the observation at step t, st for a latent internal 138

state, and at for the action. A common formulation 139

is: 140
st = Enc(x≤t),

at ∼ π(· | st),
st+1 = Pred(st, at),

141

where Enc summarizes past inputs into a task- 142

relevant state, π maps the state to an action, and 143

Pred (the world model) predicts the next state un- 144

der an action. To support goal-directed behavior 145

beyond one-step reactions, the agent is typically 146

guided by a scalar objective (or cost) C(·) that 147

scores states and enables multi-step planning: 148

ât:t+T = argmin
at:t+T

t+T∑
τ=t+1

C(sτ ) s.t.

sτ+1 = Pred(sτ , aτ ).

149

This definition highlights the essential compo- 150

nents of autonomy: state estimation (Enc), pre- 151

dictive modeling (Pred), action selection (π), and 152

objective-driven planning via C(·) (LeCun, 2022). 153

3 Method 154

Our framework, MA2P (meta-cognitive au- 155

tonomous intelligent agents), formulates persua- 156

2



Figure 2: Overview of the proposed MA2P (Meta-Cognitive autonomous intelligent agents) framework for persua-
sive dialogue. It consists of three stages: (1) Meta-level Judging, where the Configurator selects a meta-strategy
and evaluation rules from the knowledge base; (2) Task-level Persuading, where autonomous intelligent agents
collaboratively generate persuasion responses; (3) Knowledge Updating, where the Evaluator assesses outcomes
and successful cases are written back to the knowledge base for future tasks.

sive dialogue as a three-stage meta-level plan–157

act–reflect loop. As shown in Fig. 2, Configura-158

tor retrieves a meta-strategy and evaluation rules159

from the knowledge base (stage 1), a team of au-160

tonomous intelligent agents (Perception, World161

Model, Persuader, Short-Term Memory) executes162

multi-turn persuasion (stage 2), and the Evaluator163

updates the knowledge base with successful pat-164

terns (stage 3). This update improves subsequent165

stage 1 decisions by providing stronger domain-166

and scenario-specific evidence. Algorithm 1 sum-167

marizes the overall procedure.168

3.1 Meta-Level Judging169

Before each persuasion episode, MA2P performs170

meta-level judging to choose a guiding meta-171

strategy and specify evaluation rules given the sce-172

nario and domain. As shown in Fig. 2, stage 1 is car-173

ried out by the Configurator, which retrieves can-174

didate meta-strategies from the Knowledge Base,175

selects one to constrain subsequent task-level rea-176

soning, and defines evaluation rules for later reflec-177

tion in stage 3.178

Configurator Given a scenario input (domain,179

goal, background), the Configurator performs two180

steps: meta-strategy selection and evaluation rule181

construction.182

Meta-Strategy Selection. The Configurator ranks183

domain-matched candidates using their historical184

success counts in the Case Layer of the Knowledge185

Base (formally defined in stage 3) and selects the186

best meta-strategy:187

M = argmax
m∈M(S)

score(m,S) 188

The selected meta-strategy M is the one with the 189

highest historical success score in the relevant do- 190

main. 191

Evaluation Rule Construction. Once M is se- 192

lected, the Configurator defines evaluation rules E 193

that will be used by the Evaluator in stage 3 to 194

judge whether the episode is successful. 195

Configurator helps MA2P to initiate each persua- 196

sion task with explicit planning intent and measur- 197

able success criteria. 198

3.2 Task-Level Persuading 199

After meta-level planning, MA2P executes task- 200

level persuasion via a team of autonomous intelli- 201

gent agents. Guided by the meta-strategy M from 202

the Configurator, stage 2 performs multi-turn rea- 203

soning, response generation, and short-term adap- 204

tation during interaction. 205

As shown in Fig. 2, stage 2 includes four in- 206

teracting agents: Perception extracts belief–desire 207

cues from the persuadee’s responses; World Model 208

infers a contextually appropriate specific strategy; 209

Persuader Agent realizes the strategy as natural- 210

language utterances; and Short-term Memory main- 211

tains dialogue history and intermediate states for 212

subsequent turns. 213
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Algorithm 1 MA2P

Input: scenario S (domain D(S), goal, back-
ground); knowledge base K
Parameter: maximum turns Tmax

Output: dialogue {(Ut, Ũt)}T
′

t=1; updated
knowledge base K ′

1: /* Stage 1*/
2: M← {m ∈ Kmeta | D(m) = D(S) } ▷

retrieve domain-matched meta-strategies
3: for all m ∈M do
4: score(m)← Kcase(m,D(S)) ▷ historical

success count in the Case Layer
5: end for
6: M ← argmaxm∈M score(m) ▷ select the

best meta-strategy for this domain
7: E ← BUILDRULES(M,S) ▷ construct

evaluation rules used in Stage 3
8: /* Stage 2*/
9: H ← ∅; Σ← ∅; T ′ ← Tmax ▷ initialize

dialogue history / short-term memory
10: for t← 1 to Tmax do
11: Pt ← fperc(H) ▷ Perception: extract

mental-state cues from history
12: Σ← {H, Pt, W1:t−1 } ▷ Short-term

memory snapshot
13: Wt ← fwm(M,Σ) ▷ World model:

instantiate M into a concrete strategy
14: Ut ← fpers(Wt, H) ▷ Persuader: realize

strategy as an utterance
15: H ← H ∪ {Ut, Ũt} ▷ Ũt from persuadee
16: if faccept(H) = 1 then
17: T ′ ← t; break
18: end if
19: end for
20: /* Stage 3*/
21: R← feval(E,H) ▷ judge success under rules

E using the episode evidence
22: if R = 1 then
23: Kcase(M,D(S)) + 1 ▷ increment

domain–strategy success count
24: end if
25: K ′ ← KBUPDATE(K,M,S,R) ▷ write back

the episode summary
26: return {(Ut, Ũt)}T

′
t=1, K

′

3.2.1 Perception214

Perception extracts explicit signals and infers latent215

mental cues (beliefs, desires, concerns) from the216

dialogue history, which are then provided to the217

World Model for adaptive strategy generation. 218

Pt = fperc(Ht) 219

Where Ht denotes the dialogue history at turn t, 220

and Pt represents the explicit and implicit mental- 221

state cues (beliefs, desires, latent concerns) ex- 222

tracted by the Perception module. 223

3.2.2 World Model 224

World Model is the reasoning core that combines 225

the meta-strategy M with the short-term memory 226

Σt to infer a specific, actionable persuasion strategy 227

for the next turn. 228

Wt = fwm(M,Σt) 229

Where M is the selected meta-strategy from stage 230

1, and Σt is the short-term memory at turn t con- 231

taining dialogue history, inferred states, and previ- 232

ous strategies. Wt denotes the specific persuasion 233

strategy inferred by the World Model. 234

It outputs a specific strategy aligned with both 235

conversation context and the persuadee’s inferred 236

state (e.g., under “Authority” with financial con- 237

cerns, emphasizing insurance coverage or expert 238

endorsement), and passes it to the Persuader Agent 239

for realization. 240

3.2.3 Persuader Agent 241

Persuader Agent converts the specific strategy into 242

a coherent utterance conditioned on the dialogue 243

history. 244

Ut = fpers(Wt, Ht) 245

Where Ut denotes the natural-language utterance 246

generated by the Persuader Agent based on the 247

specific strategy Wt and the dialogue history Ht. 248

Ht+1 = Ht ∪ {Ut } 249

Where Ht+1 represents the updated dialogue his- 250

tory after appending the newly generated utterance. 251

3.2.4 Short-term Memory 252

Short-term Memory maintains a shared snapshot of 253

the episode by storing dialogue history, perception 254

outputs, and previously generated strategies. 255

Σt = {Ht, Pt, W1:t−1 } 256

Where Σt aggregates three kinds of information 257

at turn t: the dialogue history Ht, inferred mental- 258

state cues Pt, and previously generated specific 259

strategies W1:t−1. 260
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Σt+1 = update(Σt, Ht+1)261

Where the function update(·) integrates the updated262

dialogue history Ht+1 (including both Ut and Ũt)263

into memory, producing the next short-term state264

Σt+1.265

3.3 Knowledge Updating266

After each episode, MA2P reflects on the outcome267

and updates the Knowledge Base to improve future268

meta-level judging (stage 1). Stage 3 comprises (i)269

a Knowledge Base that stores reusable strategy evi-270

dence, (ii) an Evaluator that checks success under271

the evaluation rules, and (iii) a KB-Updater that272

writes successful patterns back to the KB.273

3.3.1 Knowledge Base Structure274

As illustrated in Fig. 2, Knowledge Base is orga-275

nized as a three-layer tree.276

Meta-Strategy Layer stores high-level persua-277

sion strategies grounded in Cialdini’s seven influ-278

ence principles, e.g., Authority, Commitment and279

Consistency, and Social Proof (Cialdini, 2021);280

Domain Layer groups domains where each strat-281

egy has been applied (e.g., Education, Health, Fi-282

nance);283

Case Layer records aggregated successful out-284

comes as counts for each domain–strategy pair.285

M(S) = {m | m ∈ Kmeta ∧ D(m) = D(S) }286

score(m,S) = Kcase(m,D(S))287

Here, S is the given scenario; Kmeta denotes the288

meta-strategy layer in the knowledge base K;289

M(S) contains all meta-strategies applicable to290

the domain of S. The function Kcase returns the291

number of successful persuasion cases associated292

with meta-strategy m in the domain of scenario S,293

providing a data-driven measure of prior effective-294

ness.295

3.3.2 Evaluator296

The Evaluator determines whether the episode sat-297

isfies the evaluation rules E from stage 1, using the298

final short-term memory ΣT as evidence.299

R = feval(E,ΣT )300

Here, R ∈ {0, 1} denotes whether the persuasion 301

succeeds, E is the evaluation rule set produced in 302

stage 1, and ΣT is the final short-term memory at 303

the last dialogue turn T . 304

3.3.3 Knowledge Base Updating 305

If Evaluator confirms success, Knowledge Base 306

Updating module increments the Case Layer count 307

for the selected meta-strategy M under the scenario 308

domain D(S), thereby accumulating evidence of 309

effective domain–strategy pairs over time. 310

Kcase(M,D(S))← Kcase(M,D(S)) + 1 311

This operation increments the success-count entry 312

in the Case Layer for the selected meta-strategy M 313

under the scenario domain D(S). 314

K ′ = update(K,M,S,R) 315

Where K ′ is the updated knowledge base after inte- 316

grating the new experience, and K is the previous 317

knowledge base before reflection. 318

4 Experiment 319

In this section, we evaluate MA2P by compar- 320

ing multiple base LLMs against their MA2P- 321

augmented counterparts under a plug-and-play, 322

training-free setting. We further conduct ablation 323

studies to isolate the contribution of key compo- 324

nents, and report both LLM-based and human A/B 325

preference evaluations. Across these complemen- 326

tary protocols, the results consistently demonstrate 327

the effectiveness of MA2P. 328

4.1 Main Results 329

In this subsection, we compare each base LLM 330

persuader with its MA2P-augmented counterpart. 331

Setup. We evaluate five base mod- 332

els: gpt-4o-mini, gpt-4o, gpt-5-mini, 333

gemini-2.5-flash, and deepseek-v3. For each 334

model, we compare a baseline next-turn persuader 335

with its MA2P-augmented counterpart. MA2P 336

is plug-and-play and training-free, so the same 337

framework is applied on top of each base model. 338

Experiments are conducted on the CToMPersu 339

dataset (Zhang and Zhou, 2025), using the official 340

test split of 525 instances, where each scenario 341

includes annotated persuadee mental states (belief 342

and desire) about the original intention (when 343

available) and the target action. To control for 344
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Table 1: Main results comparing base LLM persuaders with and without our plug-and-play MA2P. Higher is better
for Success, Persuasive, Logic, and Helpful; lower is better for Range, SD, and Avg_Turn. Green indicates
improvements and red indicates degradations relative to the base model.

Model Success (↑) Persuasive (↑) Logic (↑) Helpful (↑) Range (↓) SD (↓) Avg_Turn (↓)

gpt-4o-mini 0.45 6.46 7.82 7.58 0.450 0.104 2.94
+ MA2P 0.79 (+0.34) 7.16 (+0.70) 8.08 (+0.26) 8.07 (+0.49) 0.400 (-0.05) 0.107 (+) 1.86 (-1.08)

gpt-4o 0.46 6.45 7.87 7.70 0.500 0.114 3.03
+ MA2P 0.75 (+0.29) 6.99 (+0.54) 7.96 (+0.09) 7.94 (+0.24) 0.488 (-0.01) 0.109 (-0.01) 2.00 (-1.03)

gpt-5-mini 0.51 6.40 7.81 7.55 0.716 0.145 2.66
+ MA2P 0.72 (+0.21) 7.15 (+0.75) 8.28 (+0.47) 8.27 (+0.72) 0.491 (-0.23) 0.115 (-0.03) 1.60 (-1.06)

gemini-2.5-flash 0.46 6.48 7.85 7.62 0.400 0.113 3.27
+ MA2P 0.66 (+0.20) 6.67 (+0.19) 7.78 (-0.07) 7.44 (-0.18) 0.381 (-0.02) 0.092 (-0.02) 2.08 (-1.19)

deepseek-v3 0.53 6.98 8.06 7.84 0.412 0.107 3.05
+ MA2P 0.80 (+0.27) 7.58 (+0.60) 8.51 (+0.45) 8.42 (+0.58) 0.400 (-0.01) 0.088 (-0.02) 1.82 (-1.23)

persuadee variability, we use a fixed gpt-4o-mini345

agent as the persuadee in all settings; it is346

conditioned on the scenario and mental-state347

annotations.348

Metrics. Let D be the test set, |D| = N . For349

each instance i, we generate a dialogue of at350

most Tmax = 4 turns. Let J(·) ∈ {0, 1} be351

the success judge on a dialogue prefix, and let352

Persu(·), L(·), H(·) ∈ {1, . . . , 10} be the LLM353

scores for Persuasive, Logic, and Helpful. All354

judges use gpt-4o-mini.355

Success. A test case is successful if the judge356

returns True at any turn t ≤ Tmax.357

Success =
1

N

N∑
i=1

1

[
max

t≤Tmax

J
(
d≤t
i

)
= 1

]
.358

Persuasive. Average persuasive-strength score359

on a 1–10 scale.360

Persuasive =
1

N

N∑
i=1

Persu(di).361

Logic. Average logical-coherence score on a362

1–10 scale.363

Logic =
1

N

N∑
i=1

L(di).364

Helpful. Average helpfulness score on a 1–10365

scale.366

Helpful =
1

N

N∑
i=1

H(di).367

Range. Let G denote the 35 domains. For each368

g ∈ G, let Succg be the success rate computed on369

test cases from domain g. 370

Range = max
g∈G

Succg −min
g∈G

Succg. 371

SD. Standard deviation of domain-wise success 372

rates. 373

SD =

√
1

|G|
∑
g∈G

(
Succg − Succ

)2
374

Avg_Turn. Let τi be the first turn t ≤ Tmax 375

where J(d≤t
i ) = 1, or τi = Tmax if never. Then 376

Avg_Turn =
1

N

N∑
i=1

τi. 377

Results. Table 1 shows that MA2P improves over 378

the corresponding baselines on almost all metrics 379

across the five base models. The main exceptions 380

occur for gemini-2.5-flash, where Logic and 381

Helpful slightly decrease; however, MA2P still de- 382

livers a large gain in Success (over +0.20 abso- 383

lute), suggesting that the framework remains effec- 384

tive for achieving the persuasion goal even when 385

a few quality metrics do not improve. We also 386

observe a minor increase in SD on gpt-4o-mini, 387

while Range still decreases. Overall, MA2P con- 388

sistently boosts persuasion success and dialogue 389

quality, and generally reduces cross-domain dis- 390

persion (Range/SD), indicating stronger robustness 391

and generalization. 392

4.2 Ablation Study 393

We additionally report a variant that uses a sys- 394

tem of autonomous intelligent agents without meta- 395

cognitive augmentation (+Auto). Since our meta- 396

cognition is implemented as an explicit enhance- 397

ment to the Configurator inside this agent system, 398
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Table 2: Ablation results comparing the base LLM, an
autonomous-agent system without meta-cognitive aug-
mentation (+Auto), and the full MA2P system (+MA2P).
Green/red indicate improvements/degradations over the
base model.

Model Success (↑) Range (↓) SD (↓)

4o-mini 0.45 0.450 0.104
+ Auto 0.66 (+0.21) 0.530 (+0.08) 0.118 (+)
+ MA2P 0.79 (+0.34) 0.400 (-0.05) 0.107 (+)

4o 0.46 0.500 0.114
+ Auto 0.68 (+0.22) 0.458 (-0.04) 0.120 (+0.01)
+ MA2P 0.75 (+0.29) 0.488 (-0.01) 0.109 (-0.01)

it cannot be meaningfully evaluated as a standalone399

component.400

As shown in Table 2, (+Auto) already yields401

a clear improvement in persuasion success over402

the base model. However, it exhibits weaker403

cross-domain robustness, reflected by larger do-404

main dispersion (e.g., higher Range and/or SD).405

This suggests that (+Auto) tends to amplify per-406

formance in domains where the base model is407

already strong, rather than uniformly improving408

all domains. By contrast, the full MA2P system409

(+MA2P) further increases Success while simultane-410

ously reducing cross-domain variance, indicating411

that meta-cognitive augmentation helps the system412

generalize more consistently across domains.413

4.3 LLM and Human Preference Study414

We conduct an A/B preference study with an LLM415

judge and human evaluators to compare baseline416

persuaders against their MA2P-augmented coun-417

terparts. For each test instance, evaluators are pre-418

sented with two anonymized dialogue outputs (the419

order is randomized and the system identity is hid-420

den), and they provide a ternary judgment over the421

second output relative to the first: better (win),422

comparable (tie), or worse (lose).423

LLM judge. We use gpt-4o-mini as the LLM424

evaluator. It reads the two anonymized dialogues in425

full and returns a single win/tie/lose decision under426

the same blind setting (i.e., without knowing which427

system produced which output).428

Human evaluation. We additionally recruit two429

M.Sc. students in computer science as human eval-430

uators. To reduce annotation cost, we randomly431

sample 400 test instances for the human study.432

As shown in Figure 3, MA2P is consistently pre-433

ferred over the baseline in both evaluation settings,434

Figure 3: A/B preference results (win/tie/lose) compar-
ing baseline persuaders with their MA2P-augmented
counterparts under LLM-based and human evaluation.

indicating that MA2P produces more convincing 435

and higher-quality persuasive responses in practice. 436

LLM–human agreement. To quantify the agree- 437

ment between the LLM judge and human evalua- 438

tors on the ternary preference labels, we compute 439

the weighted Cohen’s kappa κw (Cohen, 1968). 440

We treat the three labels as ordinal categories (lose 441

< tie < win) and use quadratic weighting. Since 442

our human evaluation is conducted on two disjoint 443

subsets (200 instances for deepseek-v3 and 200 444

instances for gpt-4o-mini), we compute κw sepa- 445

rately for each subset (LLM vs. the corresponding 446

human evaluator) and report their average. In our 447

study, we obtain κw = 0.549, indicating moder- 448

ate agreement between the LLM judge and human 449

evaluators. We also observe that human evaluators 450

assign tie more frequently when the two responses 451

are close, reflecting the inherent subjectivity of 452

preference judgments. Nevertheless, the overall 453

trend is consistent: MA2P is preferred over the 454

baseline under both LLM and human evaluation. 455

4.4 Case Study 456

Figure 4 shows a representative interaction round. 457

MA2P first identifies the persuadee’s key mental- 458

state cues (e.g., wanting to save time and believing 459

online resources are sufficient). Conditioned on 460

the selected meta strategies, the world model then 461

translates them into concrete, executable persua- 462

sion strategies (e.g., a low-commitment trial and 463
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Figure 4: A representative MA2P interaction round:
mental-state inference, strategy instantiation, and tar-
geted persuasion.

demonstrating complementarity via an online-vs.-464

in-person comparison). Finally, the persuader pro-465

duces a targeted utterance by proposing a short466

weekend session to address the time constraint and467

asking the persuadee to bring a brief writing sample468

for a live-vs.-online feedback comparison, directly469

grounding the response in the inferred concerns.470

5 Related Work471

Persuasion with large language models. Re-472

cent work on LLM persuasion includes: (i) sur-473

veys and empirical analyses of persuasive be-474

haviors and risks (Rogiers et al., 2024; Singh and475

Namin, 2025), spanning public health, consumer476

decisions, and political contexts (Altay et al., 2023;477

Chen et al., 2023; Potter et al., 2024); (ii) user-478

aware persuasion that explicitly models user states479

and adapts psychological strategies beyond sur-480

face fluency (de Wynter and Yuan, 2025; Ju et al.,481

2025). Meanwhile, datasets have progressed from482

single-domain donation dialogues (Wang et al.,483

2019) to multi-domain benchmarks (Jin et al.,484

2024), and further to double-blind settings expos-485

ing belief and desire, increasing the need for state-486

conditioned persuasion (Zhang and Zhou, 2025).487

(iii) Strategic formulations frame persuasion as488

sequential decision making (e.g., persuasion games 489

and off-policy evaluation), emphasizing planful 490

and strategy-aware action selection (Karande et al., 491

2024; Shapira et al., 2025; Cheng and You, 2025; 492

Jin et al., 2023). (iv) Agentic directions build mod- 493

ular or multi-agent persuaders for multi-turn inter- 494

action, including simulation-based data generation 495

and zero-shot strategy-plus-retrieval frameworks 496

(Li et al., 2025a; Furumai et al., 2024); related 497

work also studies credibility-aware persuasion and 498

multi-agent reasoning dynamics (Qin et al., 2024; 499

Saenger et al., 2024; Zhao et al., 2025). 500

Meta-cognition for large language models. We 501

view metacognition as “knowing about knowing” 502

and model it as a controller that decides when to 503

plan, verify, revise, or stop (Metcalfe and Shima- 504

mura, 1994). Prior work instantiates this meta- 505

level via: (i) prompt/interface methods for self- 506

questioning, rule interpretation, and transfer (Wang 507

and Zhao, 2024; Khan, 2025; Gong et al., 2025; 508

Gu et al., 2025; Xiao et al., 2025); (ii) reasoning- 509

process methods that model meta-reasoning sig- 510

nals to improve robustness, align intermediate 511

traces with factuality and final answers, and enable 512

controllable thinking (Wang et al., 2024, 2025a; 513

Ha et al., 2025); (iii) agent orchestration that 514

uses meta-control for tool use and planning, includ- 515

ing meta-plans, multi-agent meta-thinking, reflec- 516

tion retrieval, and self-improving judges (Li et al., 517

2025b; Xiong et al., 2025; Wan et al., 2025; Wang 518

et al., 2025b; Wu et al., 2025); and (iv) evalua- 519

tion/applications that argue metacognition should 520

be measured separately from memorization or raw 521

accuracy, and apply it to role-play control, mul- 522

timodal knowledge editing, rumor detection, and 523

evidence-sensitive medical RAG (Li et al., 2024a,b; 524

Zhang et al., 2025; Qin et al., 2025; Fan et al., 2025; 525

He et al., 2025; Sun et al., 2025). 526

6 Conclusion 527

We proposed MA2P, a plug-and-play, training-free 528

meta-cognitive agent framework for complex per- 529

suasive dialogue that converts inferred mental-state 530

cues into strategy-grounded actions and reduces 531

cross-domain variance via meta-strategy selection 532

from a structured knowledge base. Experiments 533

across five base LLM persuaders and both LLM 534

and human evaluations show consistent improve- 535

ments in persuasion success and overall response 536

quality. The appendix provides our prompt designs 537

and additional experimental analyses. 538
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Limitations539

Due to the inherent difficulty of evaluating open-540

ended generation, most of our automatic metrics541

rely on an LLM evaluator; to reduce subjectiv-542

ity, we use explicit and consistent rubrics for each543

dimension. Our human preference study is con-544

strained by time and budget, resulting in a small545

number of annotators and a limited sample size, but546

it still provides supportive evidence by exhibiting547

the same preference trend as the LLM-based evalu-548

ation. In addition, applying MA2P to a new domain549

requires a warm-up phase: we need to run a small550

number of initial episodes to seed the knowledge551

base with domain-relevant cases for meta-strategy552

selection. Finally, current persuadee modeling is553

relatively simple: while we condition the simulated554

persuadee on belief and desire, we do not model555

richer traits such as personality. A promising future556

direction is to develop a standardized persuadee557

model benchmark that does not require dialogue558

datasets, but evaluates persuasion systems against559

simulated agents with controllable personalities560

and belief-update capabilities.561

Ethics Statement562

Our work studies persuasive dialogue generation,563

which can be beneficial for applications such as564

education and counseling but may also be misused565

for manipulation. To mitigate this risk, we focus on566

research settings with clearly specified user goals567

and do not target sensitive attributes or political568

persuasion. All experiments are conducted in an569

offline simulation environment with an LLM-based570

persuadee and evaluator; no real users are deceived571

or influenced, and no personally identifiable infor-572

mation is collected or processed. For the human573

preference study, participation was voluntary and574

based on informed consent; annotators evaluated575

anonymized system outputs, and no sensitive per-576

sonal data were recorded. We will release our code,577

prompts, and knowledge base with documentation578

that highlights appropriate use cases and limita-579

tions, and we encourage future work to incorporate580

additional safeguards and misuse risk assessments581

when deploying persuasive systems in real-world582

contexts. We used AI assistants (e.g., ChatGPT)583

to help with language polishing and drafting/brain-584

storming during writing. All outputs were reviewed585

and edited by the authors, who take full responsi-586

bility for the content and correctness.587
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(a) GPT-4o-mini (Baseline). (b) GPT-4o-mini (MA2P).

Figure 5: Domain-wise persuasion success rates for GPT-4o-mini across domains.

(a) Deepseek-v3 (Baseline). (b) Deepseek-v3 (MA2P).

Figure 6: Domain-wise persuasion success rates for deepseek-v3 across domains. Each dot corresponds to one
domain; dot size indicates the number of test instances (n). The vertical dashed line marks the overall mean success
rate. We annotate the top-3 and bottom-3 domains to highlight best- and worst-performing cases.

A Other experiments841

A.1 Domain Success Rate Visualization842

The differences in success rates across domains843

are illustrated in Fig. 5 and Fig. 6. Each dot cor-844

responds to one domain, with the dot size indi-845

cating the number of test instances (n) in that do-846

main; the vertical dashed line marks the overall847

mean success rate. For both gpt-4o-mini and848

deepseek-v3, MA2P shifts the domain-wise dis-849

tribution to the right, indicating higher success850

rates across most domains, and visibly reduces ex-851

treme low-performing cases (annotated bottom-3852

domains). Meanwhile, the performance becomes853

more concentrated around the mean: the gap be-854

tween the best- and worst-performing domains nar- 855

rows, which is consistent with the reduced disper- 856

sion metrics (Range and SD) reported in Table 1. 857

Overall, these visualizations provide qualitative ev- 858

idence that MA2P improves cross-domain robust- 859

ness in addition to increasing average persuasion 860

success. 861

A.2 Cross-domain Robustness Visualization 862

To make cross-domain dispersion more inter- 863

pretable, we visualize domain-wise success rates 864

for gpt-5-mini and its MA2P-augmented coun- 865

terpart. As shown in Fig. 7a, the best–worst gap 866

shrinks from 71.57 percentage points to 49.11 per- 867

centage points. Meanwhile, Fig. 7b shows that the 868
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(a) MA2P reduces the best–worst gap (Range) on gpt-5-mini. (b) MA2P reduces cross-domain dispersion (SD) on
gpt-5-mini.

Figure 7: Cross-domain robustness visualization on gpt-5-mini.

(a) Cross-domain improvement of MA2P over baseline. (b) Domain-wise success rates (baseline vs. MA2P) across five
base models.

Figure 8: Additional visualizations of domain-wise success rates and cross-domain improvements.

standard deviation across the 35 domains drops869

from 14.33 to 11.33 percentage points. Together,870

these results indicate that MA2P reduces cross-871

domain variance by lifting weaker domains and872

narrowing the performance spread.873

A.3 Other Visualization874

Figure 8a and Figure 8b provide additional domain-875

level evidence. First, under the baseline setting,876

some domains are consistently “easy” across all877

five base models (success rate ≥ 50%), including878

CAREER, LIFESTYLE, ART, CHARITY, and DE-879

BATE; in contrast, WELFARE and INNOVATION880

are consistently “hard” (success rate ≤ 40%). Sec-881

ond, under MA2P, several domains become sta-882

bly strong across all base models (success rate883

≥ 70%), including SAFETY, LITERATURE, ECOL-884

OGY, NEGOTIATION, and ART. Third, the largest 885

average gains (mean improvement over five mod- 886

els, in percentage points) concentrate on domains 887

that are difficult for the baseline, e.g., INNOVA- 888

TION (+48.0pp) and WELFARE (+37.8pp), while 889

domains with limited headroom (already relatively 890

easy under the baseline) show smaller improve- 891

ments, e.g., DEBATE (+3.3pp). We also observe a 892

small number of domain×model cases with slight 893

regressions (e.g., DEBATE, and occasionally FI- 894

NANCE/HEALTH/RESEARCH), suggesting that the 895

best interaction style in certain domains may be 896

closer to direct rebuttal or conversational sparring, 897

where additional constraints can be unnecessary. 898

Finally, note that domain-wise success rates 899

should be interpreted with care: strong (or weak) 900

performance in a domain may reflect not only the 901
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Table 3: Comparison with current method

Model Setting Success (↑) Range (↓) SD (↓)

gpt-4o-mini
(Furumai et al., 2024) 0.21 0.500 0.097
(Karande et al., 2024) 0.43 0.640 0.114
MA2P 0.79 0.400 0.107

gemini-2.5-flash
(Furumai et al., 2024) 0.18 0.450 0.093
(Karande et al., 2024) 0.44 0.680 0.140
MA2P 0.69 0.422 0.106

deepseek-v3
(Furumai et al., 2024) 0.19 0.319 0.091
(Karande et al., 2024) 0.59 0.510 0.124
MA2P 0.80 0.400 0.088

persuader’s capability, but also the persuadee’s sus-902

ceptibility and the dataset’s domain-specific sce-903

nario composition (i.e., some domains may be in-904

trinsically easier for the simulated persuadee to905

accept).906

A.4 Comparison with current method907

Table 3 reports an additional comparison with two908

recent prompt-based persuasion approaches that909

appear most compatible with our evaluation set-910

ting. To the best of our knowledge, there is cur-911

rently no existing method that fully matches our912

multi-domain and belief–desire-grounded persua-913

sion setup; therefore, we select two representative914

methods and adapt them as faithfully as possible.915

Since neither method releases code, we implement916

them by following the prompts and procedures de-917

scribed in their papers.918

Overall, both adapted baselines perform poorly919

in our setting, and in some cases are even weaker920

than the corresponding base model. We attribute921

this primarily to a task mismatch: for example,922

Furumai et al. (2024) is developed under domain-923

restricted scenarios (e.g., recommendation, dona-924

tion, and health) and does not directly address925

broad multi-domain persuasion, making it difficult926

to generalize to the 35-domain benchmark used in927

this work. Because this comparison is inherently928

limited by such incompatibilities, we place it in the929

appendix and treat it as supplementary evidence930

rather than a main claim.931

Despite these caveats, MA2P achieves substan-932

tially higher persuasion success across all three933

base models in Table 3, indicating a clear advan-934

tage in goal attainment. For dispersion metrics,935

Range and SD for the two prior methods can ap-936

pear smaller largely because their overall success937

rates are low (making domain-wise rates more com- 938

pressed). Even under this effect, MA2P remains 939

competitive on Range/SD (ranking within the top 940

two in most cases) while delivering the strongest 941

Success by a wide margin. 942

B Supplementary Notes on the 943

Evaluation Procedure 944

We follow the official test split provided by Zhang 945

and Zhou (2025), where the authors designate 525 946

instances as the test set. 947

In early runs, the knowledge base (KB) can be 948

empty. To avoid an unrealistic setup where the 949

world model receives meta strategies without any 950

prior experience, we initialize MA2P with a no- 951

KB variant, i.e., the world-model prompt is not 952

provided with any meta-strategy input. 953

We use 500 instances outside the 525-test split as 954

an offline pool. Specifically, we use 200 instances 955

as “training data” to populate an initial KB. After 956

obtaining this initial KB, we perform KB updates 957

on the remaining 300 instances using the same 958

update procedure described in the main paper. 959

During evaluation on the 525-test split, we keep 960

the KB fixed and do not perform online updates. 961

C Autonomous Intelligent Agent Prompt 962

Templates 963

Placeholders. Curly braces {} indicate runtime 964

slots to be filled with the corresponding inputs (e.g., 965

conversation record, background, goal, strategies, 966

preventive/generative, etc.). 967

First Round. Because the persuader speaks first 968

in the initial turn—before receiving any reply from 969

the persuadee—it must initiate the topic and set the 970

conversational direction, which requires different 971
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strategies and phrasing than later turns; therefore,972

we use separate prompts for both the world model973

and the persuader in the first round.974

C.1 World Model (First Round Strategy)975

Listing 1: World model prompt for first-round strategies
976

You are a persuasion expert who can devise977
persuasion strategies based on the given978
persuasion goals and information.979

980
You will receive:981
1. Background: {}982
2. Persuasion goal: {}983

984
Your role and task:985
- Think from the perspective of the person being986

persuaded.987
- Use the background and persuasion goal to988

infer what strategies are most likely to be989
effective.990

- Focus on strategies suitable for the first991
round of persuasion.992

993
Strategy requirements:994
- You need to develop fewer than 5 persuasion995

strategies.996
- Each strategy should be a (strategy name ->997

specific strategy) pair.998
- The specific strategy descriptions should be999

concise and clearly instruct how to persuade1000
.1001

- All strategies should be closely aligned with1002
the given persuasion goal.1003

1004
Output format (very important):1005
- Do not provide any explanations or notes1006

outside the JSON.1007
- Output a single JSON object in the following1008

format:1009
"strategy": {1010

"": "",1011
"": "",1012
"": "",1013

......1014
}10151016

C.2 World Model1017

Listing 2: World model prompt for refining high-level
strategy

1018
You are a persuasion expert who can devise1019

persuasion strategies based on the given1020
persuasion goals and information.1021

1022
You will receive:1023
1. Dialogue record: {}1024
2. Background: {}1025
3. Persuasion goal: {}1026
4. The preventive{} and generative{} of the1027

person to be persuaded.1028
5. High Level Strategy: {}.1029

1030
Your role and task:1031
- Think from the perspective of the person being1032

persuaded.1033

- Fully utilize all the given information: 1034
dialogue, background, goal, preventive, 1035
generative, and the high-level strategy. 1036

- Refine the high-level strategy into concrete, 1037
implementable persuasion strategies. 1038

1039
Strategy requirements: 1040
- You need to develop exactly 5 persuasion 1041

strategies. 1042
- Each strategy should be a (strategy name -> 1043

specific strategy) pair. 1044
- The specific strategy descriptions should be 1045

concise, clear, and operational. 1046
- All strategies should be consistent with and 1047

derived from the given high-level strategy 1048
and persuasion goal. 1049

1050
Output format (very important): 1051
- Do not provide any explanations or notes 1052

outside the JSON. 1053
- Output a single JSON object in the following 1054

format: 1055
"strategy": { 1056

"": "", 1057
"": "", 1058

...... 1059
} 10601061

C.3 Persuader (First Round) 1062

Listing 3: Persuader prompt for first sentence
1063

You are an experienced persuader skilled in 1064
various scenarios. 1065

1066
You will receive: 1067
1. Background: {} 1068
2. Persuasion goal: {} 1069
3. Domains involved in the persuasion task: {} 1070
4. Persuasion strategies suggested for the first 1071

round of dialogue{} 1072
1073

Your role and task: 1074
- Think from the perspective of the person being 1075

persuaded, but speak as the persuader. 1076
- Use the given background, persuasion goal, 1077

domains, and suggested first-round 1078
strategies. 1079

- Design a natural, engaging first sentence that 1080
can open the conversation and lead toward 1081
the persuasion goal. 1082

1083
Behavior guidelines: 1084
- Persuasion may require some discussion, so 1085

your tone should be open and inviting. 1086
- Your tone, emotions, and wording should: 1087

- Not make the persuadee feel uncomfortable or 1088
embarrassed. 1089

- Fit the context and domain of the persuasion 1090
task. 1091

1092
Output requirements: 1093
- Based on the above requirements, say the first 1094

sentence of the conversation. 1095
- The first sentence should be brief and within 1096

two sentences. 1097
- The sentence must start with "persuader:". 10981099
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C.4 Persuader (Multi-turn)1100

Listing 4: Persuader prompt for next-turn response
1101

You are an experienced persuader who can adapt1102
to various situations.1103

1104
You will receive:1105
1. Dialogue record: {}1106
2. Background: {}1107
3. Persuasion goal: {}1108
4. Suggested persuasion strategies: {}1109
5. The preventive{} and generative{} of the1110

person to be persuaded1111
1112

Your role and task:1113
- Think from the perspective of the person being1114

persuaded, but respond as the persuader.1115
- Use the dialogue record, background, goal,1116

suggested strategies, and preventive/1117
generative information.1118

- Determine how to speak in the next turn so as1119
to move closer to achieving the persuasion1120
goal.1121

1122
Behavior guidelines:1123
- Persuasion may involve multiple rounds of1124

discussion.1125
- You should actively guide the other person's1126

thinking in a natural and respectful way.1127
- Your response should be coherent with the1128

existing dialogue and clearly oriented1129
toward the persuasion goal.1130

1131
Output requirements:1132
- Based on the conversation at hand, say your1133

next sentence as the persuader.1134
- The sentence should be brief and within three1135

sentences.1136
- The sentence must start with "persuader:".11371138

C.5 Perception (Preventive/Generative1139

Inference)1140

Listing 5: Prompt for inferring preventive/generative
states

1141
You are a master of psychology who can analyze1142

people's preventives and generatives from1143
conversations.1144

1145
You will receive:1146
1. Background: {}1147
2. Persuasion goal: {}1148
3. Dialogue record: {}1149

1150
Your role and task:1151
- Use the background, goal, and dialogue to1152

infer:1153
- The preventive content, beliefs, and desires1154

of the persuadee.1155
- The generative content, beliefs, and desires1156

of the persuadee.1157
- Here:1158

- "Preventive" corresponds to what the1159
persuadee should NOT do in relation to the1160
persuasion goal.1161

- "Generative" corresponds to what the 1162
persuadee SHOULD do in relation to the 1163
persuasion goal. 1164

- If there is no information available for an 1165
item, use "none" for that field. 1166

1167
Output requirements: 1168
- Do not provide any explanations, notes, or 1169

extra text outside the JSON. 1170
- Present your inferences strictly in the 1171

following JSON format: 1172
"preventive": { 1173

"content": "", 1174
"belief": "", 1175
"desire": "" 1176

}, 1177
"generative": { 1178

"content": "", 1179
"belief": "", 1180
"desire": "" 1181

} 11821183

D Persuadee Prompt 1184

Listing 6: Persuadee simulation prompt
1185

When reading the dialog, please put yourself in 1186
the position of the persuadee. 1187

1188
You will receive: 1189
1. dialogue{} 1190
2. background{} 1191
3. preventive{} 1192
4. generative{} 1193
5. end_flag{} 1194

1195
Role and behavior setting: 1196
- You are simulating the real reactions of a 1197

potential persuadee in this specific 1198
scenario. 1199

- Your tone, emotions, reactions, and wording 1200
must match: 1201

- The personality of the persuadee's role. 1202
- The background and settings of this scenario. 1203

1204
- The persuadee does not need to be overly 1205

polite; natural, realistic responses are 1206
preferred. 1207

- If both your belief and Desire are satisfied, 1208
you should accept and take the advice. 1209

1210
Conversation rules: 1211
- You should respond as the persuadee, 1212

continuing the conversation naturally. 1213
- If end_flag is marked as true: 1214

- You must clearly express your final attitude 1215
toward the persuader. 1216

- You must end the conversation with a 1217
declarative sentence. 1218

1219
Output requirements: 1220
- Reply with the next sentence based on the 1221

current conversation. 1222
- The reply should be brief and within two 1223

sentences. 1224
- The reply must start with "persuadee:". 12251226
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E Evaluation Prompt1227

E.1 Persuasion Success Judge1228

Listing 7: Judge prompt for persuasion success
1229

You are an expert in judging whether persuasion1230
has been successful based on the1231
conversation record.1232

1233
You will receive:1234
1. Conversation record: {}1235
2. Persuasion goal: {}1236

1237
Judgment criteria:1238
- Consider the persuasion successful if the1239

persuadee:1240
- Shows clear interest in the persuasion goal,1241

or1242
- Expresses approval or agreement with the1243

persuasion goal, or1244
- Expresses a desire to learn more or move1245

forward with the persuasion goal, or1246
- If, when you put yourself in the position of1247

the persuadee, you believe you have already1248
been persuaded.1249

1250
Output requirements:1251
- Do not provide any explanation, reasoning, or1252

additional content.1253
- If the persuasion is successful, return "True".1254

1255
- If the persuasion is unsuccessful, return "1256

False".12571258

E.2 A/B Preference Evaluation1259

Listing 8: A/B prompt for pairwise persuasiveness com-
parison

1260
You are evaluating two persuasion dialogues for1261

the same scenario.1262
1263

Context (use this to ground your evaluation):1264
- Background (scenario description): {background}1265

1266
- Preventive information (the persuadee's1267

current interests/concerns and why): {1268
preventive}1269

- Generative information (the intended direction1270
/goal and why): {generative}1271

1272
Dialogue 1:1273
{dialogue_1}1274

1275
Dialogue 2:1276
{dialogue_2}1277

1278
Task:1279
You must follow this procedure:1280

1281
Step 1) Evaluate each dialogue independently (do1282

NOT compare yet).1283
For EACH dialogue, think about how strong it is1284

overall in this scenario and how well it1285
performs on:1286

- Understanding and addressing what the1287
persuadee truly cares about1288

- Responding effectively to the concerns raised1289

- Providing meaningful, specific, and well- 1290
developed reasoning 1291

- Adapting to the complexity/high-stakes nature 1292
of the decision 1293

Then form an overall impression of its 1294
persuasive strength (e.g., weak / moderate / 1295
strong / very strong) grounded in the 1296
scenario. 1297

1298
Step 2) Compare Dialogue 1 vs Dialogue 2 only 1299

after Step 1. 1300
When comparing, focus on the magnitude of the 1301

difference in overall persuasive strength, 1302
not small stylistic differences. 1303

1304
Final decision (wrapped in ### at the very end): 1305
Choose ONE of: 1306

###1. More Persuasive: Dialogue 1### 1307
###2. More Persuasive: Dialogue 2### 1308
###3. Equally Persuasive: Both dialogues### 1309

1310
Decision policy (EXTREMELY IMPORTANT - ties 1311

should be common): 1312
- Default to option 3. 1313
- Choose 1 or 2 ONLY in the rare case where ONE 1314

dialogue is OBVIOUSLY and SUBSTANTIALLY 1315
better than the other. 1316

"OBVIOUSLY and SUBSTANTIALLY better" means: 1317
- It outperforms the other dialogue across 1318

MOST of the criteria (not just one), AND 1319
- The advantage is large enough that a 1320

reasonable reader would clearly notice it, 1321
AND 1322

- The better dialogue has no major weaknesses 1323
relative to the other. 1324

- If the difference is moderate, mixed, subtle, 1325
uncertain, or mainly stylistic, choose 3. 1326

- If each dialogue has different strengths, 1327
choose 3 unless one dialogue overwhelmingly 1328
dominates overall. 1329

1330
Rules: 1331
- The final decision MUST be wrapped with ### 1332

and MUST match one of the three exact option 1333
strings above. 1334

- Put the final ###...### decision at the very 1335
end of your output. 13361337

E.3 Persuasiveness Score 1338

Listing 9: Prompt for persuasiveness scoring
1339

Persuasiveness: 1340
1341

You need to evaluate the Persuasive strength of 1342
the given response. 1343

Please imagine that you are the persuadee in the 1344
conversation. 1345

1346
Persuasive means: The response should aim to 1347

change the persuadee's mind. 1348
1349

The score must be an integer from 1 to 10. 1350
1 means the worst and 10 means the best. 1351
You may use intermediate values such as 2, 3, 5, 1352

7, or 9. 1353
1354

Scoring criteria: 1355
1356
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1: When I saw this reply, I became even more1357
determined not to follow the persuader's1358
view.1359

1360
4: When I saw this reply, I still firmly held my1361

original opinion.1362
1363

6: When I saw this reply, I felt neutral and had1364
no clear reaction.1365

1366
8: When I saw this reply, I was somewhat moved1367

or persuaded.1368
1369

10: When I saw this reply, I strongly agreed1370
with the persuader and changed my mind.1371

1372
Please strictly follow this output format:1373
Persuasive: <int>1374

1375
You ONLY need to give a score.1376
Do NOT include any explanation.1377
Please use STRICT STANDARDS when giving a score.1378

1379
--------------------1380
Here is the conversation context you should1381

consider:1382
1383

Background:1384
{}1385

1386
Dialogue:1387
{}13881389

E.4 Logical-Coherence Score1390

Listing 10: Prompt for logical-coherence scoring
1391

Logical-Coherence:1392
1393

You need to evaluate the Logical-Coherence of1394
the given response.1395

Please imagine that you are the persuadee in the1396
conversation.1397

1398
Logical-Coherence means:1399
Whether the persuader's reasoning is logically1400

clear, internally consistent,1401
and free of obvious flaws.1402

1403
The score must be an integer from 1 to 10.1404
1 means the worst and 10 means the best.1405
You may use intermediate values such as 2, 3, 5,1406

7, or 9.1407
1408

Scoring criteria:1409
1410

1: When I saw this reply, the logic was1411
confusing or self-contradictory,1412

and the argument failed to make sense.1413
1414

4: When I saw this reply, I could roughly1415
understand the point,1416

but the reasoning was weak, jumpy, or poorly1417
connected.1418

1419
6: When I saw this reply, the logic was1420

generally understandable,1421
but it contained noticeable gaps, unsupported1422

assumptions, or flaws.1423

1424
8: When I saw this reply, the argument was clear 1425

and mostly well-structured, with only minor 1426
logical weaknesses. 1427

1428
10: When I saw this reply, the reasoning was 1429

very clear, well-organized, 1430
and the conclusion followed naturally from the 1431

arguments with no obvious flaws. 1432
1433

Please strictly follow this output format: 1434
Logical-Coherence: <int> 1435

1436
You ONLY need to give a score. 1437
Do NOT include any explanation. 1438
Please use STRICT STANDARDS when giving a score. 1439

1440
-------------------- 1441
Here is the conversation context you should 1442

consider: 1443
1444

Background: 1445
{} 1446

1447
Dialogue: 1448
{} 14491450

E.5 Helpfulness Score 1451

Listing 11: Prompt for helpfulness scoring
1452

Helpfulness: 1453
1454

You need to evaluate the Helpfulness of the 1455
given response. 1456

Please imagine that you are the persuadee in the 1457
conversation. 1458

1459
Helpfulness means: 1460
Whether the response is useful, relevant, and 1461

helpful for addressing 1462
the persuadee's question, concern, or situation. 1463

1464
The score must be an integer from 1 to 10. 1465
1 means the worst and 10 means the best. 1466
You may use intermediate values such as 2, 3, 5, 1467

7, or 9. 1468
1469

Scoring criteria: 1470
1471

1: When I saw this reply, it was completely 1472
unhelpful and did not address my needs. 1473

1474
4: When I saw this reply, it was only loosely 1475

related to my situation and provided little 1476
practical help. 1477

1478
6: When I saw this reply, it offered some 1479

relevant information, but the help was 1480
limited or incomplete. 1481

1482
8: When I saw this reply, it addressed my 1483

concern well and was genuinely helpful for 1484
understanding or decision-making. 1485

1486
10: When I saw this reply, it was highly 1487

relevant, precise, and effectively helped 1488
resolve my problem or confusion. 1489

1490
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Please strictly follow this output format:1491
Helpfulness: <int>1492

1493
You ONLY need to give a score.1494
Do NOT include any explanation.1495
Please use STRICT STANDARDS when giving a score.1496

1497
--------------------1498
Here is the conversation context you should1499

consider:1500
1501

Background:1502
{}1503

1504
Dialogue:1505
{}15061507

F Human Evaluation Criteria1508

Since the A/B preference study is inherently subjec-1509

tive, we intentionally avoid overly detailed rubric-1510

style guidelines that could bias raters’ judgments,1511

and instead ask them to rely on their overall reading1512

impression and make independent evaluations.1513

Listing 12: Human evaluation instructions
1514

You will read two persuasive dialogues under the1515
same scenario and decide which persuader1516

performs better.1517
If you think their performance is similar, you1518

may choose a tie.1519
1520

Information:1521
- scenario: {}1522
- Dialogue 1: {}1523
- Dialogue 2: {}1524

1525
Answer format (choose one):1526
- Dialogue 11527
- Dialogue 21528
- Tie15291530
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