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Abstract001

Effective persuasion relies on two distinct pil-002
lars: argumentative logic and rhetorical flu-003
ency. However, existing persuasive genera-004
tion methods often conflate these dimensions005
by optimizing joint reward signals, where006
surface-level fluency dominates logical sub-007
stance. We term this phenomenon Feature008
Entanglement, a pathology where models pri-009
oritize the surface fluency—producing “well-010
formatted hallucinations”—over the underlying011
mechanics of perusasion. To address this, we012
propose P3, a framework designed to decou-013
ple these attributes via latent variable modeling.014
The framework operates in three stages: (1)015
Persuasiveness Reward Estimation employs016
an Expectation-Maximization (EM) algorithm017
to explicitly distinguish latent persuasiveness018
from superficial fluency; (2) Persuasiveness019
Sample Mining leverages these disentangled020
signals to filter out rhetorical noise; and (3)021
Persuasiveness Strategy Optimization intro-022
duces Persuasion Augment Policy Optimiza-023
tion (PAPO), a novel objective that uses decou-024
pled scores to dynamically scale policy updates.025
Experimental results demonstrate that a 13B026
parameter model trained with P3 surpasses the027
efficient commercial models (e.g., Gemini 1.5028
Flash and Claude 3 Haiku) in both automatic029
and human evaluated persuasiveness.030

1 Introduction031

Persuasion is inherently a dual-process phe-032

nomenon: it requires both substantive reason-033

ing and rhetorical fluency (Petty and Cacioppo,034

2012). While Large Language Models (LLMs)035

have achieved near-human proficiency in the latter036

they frequently struggle with the former, generating037

content that is fluency polished but logically inco-038

herent. Through a rigorous analysis of the training039

dynamics, we identify that this failure stems from040

the Feature Entanglement of reward signals. Stan-041

dard RLHF reward models aggregate fluency (ss)042

Figure 1: The impact of feature entanglement. The bot-
tleneck exists in: 1. Signal, 2. Data, 3. Optimization.

and persuasiveness (sd) into a single scalar. Since 043

fluency features are easier to learn than complex 044

logic, models hack this composite reward, over- 045

optimizing ss while neglecting sd. Consequently, 046

models like GPT-4 or Claude 3 often produce “well- 047

formatted hallucinations” of arguments, optimizing 048

for the appearance of persuasion rather than its 049

underlying mechanics (Xiao et al., 2024). 050

This entanglement creates a bottleneck across 051

three distinct dimensions of the learning process: 052

❶ The Signal (Reward Hacking): As illus- 053

trated in Figure 1, conventional reward models and 054

metrics are easily “tricked" by fluency features, dis- 055

proportionately reward fluency mimicry, even if the 056

generated text is self-contradictory. This creates a 057

“distractor” signal where the model learns to mimic 058

the syntax rather than the semantics of persuasion. 059

❷ The Data (Noisy Supervision): This fea- 060

ture entanglement extends to preference datasets. 061

Fluent but logically inconsistent samples may mis- 062

labeled as winners by reward models or careless 063

annotators. In persuasion tasks, where the gap be- 064

tween good and bad arguments is slight, this bias is 065

amplified and the data is polluted by false positives. 066
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❸ The Optimization (Probability Collapse):067

Finally, when the reward signal is entangled, RLHF068

algorithms like DPO suffer from overconfidence,069

pushing the probability of “winning” fluency but070

logically weak responses to 1.0. This phenomenon,071

which we term probability collapse, prevents the072

model from learning the nuances of argumentation.073

To address these structural flaws, we propose P3,074

a theoretical framework that mathematically decou-075

ples the “content logic” from the “surface fluency”076

to optimize them independently. The framework077

proceeds in three stages:078

① Persuasiveness Reward Estimation and079

Modeling (The Deconstruction): We model the080

generation process as a Markov Decision Process081

where the observed reward is a noisy sum of latent082

variables. We employ an EM algorithm to solve083

for the specific action-value of persuasiveness (sd),084

effectively filtering out the noise fluency (ss).085

② Persuasiveness Sample Mining (The Filter-086

ing): Addressing the data noise issue, we utilize087

the disentangled sd scores to re-evaluate the train-088

ing corpus. This allows us to discard “rhetorical089

noise” (fluent but weak samples) from the training090

corpus, thereby purifying the training data.091

③ Persuasiveness Strategy Optimization (The092

Stabilization): Addressing the optimization col-093

lapse, we introduce Persuasion Augment Policy094

Optimization (PAPO). PAPO incorporates the mag-095

nitude of the disentangled score gap (∆sd) into096

the loss function. This acts as a dynamic curricu-097

lum: the model updates its policy aggressively only098

when the logical gap between arguments is clear.099

We evaluate our approach on a wide range of per-100

suasive benchmark. Experimental results demon-101

strate that by explicitly optimizing the decoupled102

sd component, P3 significantly enhances the logi-103

cal rigor of the generated text. Notably, our method104

enables a 13B parameter open-source model to out-105

perform significantly larger commercial models106

(Gemini 1.5 Flash, Claude 3 Haiku) which rely on107

entangled training objectives.108

In summary, our contributions are as follows:109

• We introduce a latent variable formulation110

for persuasion, using EM-based estimation111

to mathematically disentangle logical persua-112

siveness from surface fluency.113

• We propose a mining strategy that utilizes dis-114

entangled scores to filter “rhetorical noise”115

from weak supervision signals, improving116

data efficiency and quality.117

• We develop PAPO, a margin-aware preference 118

optimization algorithm that prevents probabil- 119

ity collapse by scaling learning updates based 120

on the disentangled persuasiveness gap. 121

2 Method 122

2.1 Overview 123

To address the challenges of reward hacking and 124

probability collapse in persuasive generation, we 125

propose a unified training pipeline P3 that pro- 126

gresses from accurate reward modeling to ro- 127

bust policy optimization. The complete method 128

flowchart of P3 is illustrated in Figure 2. 129

2.2 Task Definition 130

We formulate the persuasive debate generation 131

task as a conditional sequence modeling problem. 132

Given an input context X—which concatenates 133

the original post xp and the thread history xh—the 134

model Mθ generates a response argument Y by 135

learning the conditional probability distribution 136

Pθ(Y |X). Unlike standard dialogue tasks that pri- 137

oritize fluency, our primary objective is to max- 138

imize the persuasive impact of the generated ar- 139

gument. Accordingly, the optimization goal is to 140

find the model parameters θ∗ that maximize the ex- 141

pected likelihood of the user changing their view: 142

θ∗ = argmax
θ

EY∼Pθ(·|X) [P (persuasion|X,Y )]

(1)

143

This objective explicitly steers the generation 144

process toward arguments that result in a higher 145

probability of successful persuasion. 146

2.3 Persuasiveness Reward Estimation and 147

Modeling (Stage I) 148

2.3.1 Persuasiveness Modeling 149

Obtaining high-quality annotations for explicit per- 150

suasiveness is notoriously difficult (for example, 151

∆ in the CMV dataset (Tan et al., 2016) is less 152

than 1%). To address this scarcity, we leverage 153

crowdsourced quality scores (denoted as s) as a 154

form of weak supervision. However, utilizing raw 155

scores for training introduces substantial noise un- 156

related to logical persuasiveness. Users often up- 157

vote based on fluency quality (e.g., vocabulary 158

richness, length, sentence complexity) rather than 159

logical persuasiveness. Directly optimizing a re- 160

ward model on raw scores consequently leads to re- 161

ward hacking, where the model prioritizes surface- 162

level features over argumentative logic. 163
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Figure 2: The architecture of the proposed P3 pipeline. We progress from accurate reward modeling to robust
policy optimization through three stages: decoupling logical validity from fluency (Stage I), constructing a high-
quality dataset via reward-based filtering (Stage II), and applying PAPO for dynamic gradient scaling (Stage III).

To disentangle these factors, we model the ob-164

served score as a mixture of two latent components:165

a persuasiveness score and a fluency score. The166

fluency score, ss, depends solely on the intrinsic167

linguistic features of the text, independent of the168

persuasive context. We parameterize this as a func-169

tion of the generated text ŷ:170

ss = fs(ŷ; θs) (2)171

where fs is a learnable mapping (e.g., an MLP or172

reward head) capturing surface-level attributes173

Conversely, the persuasiveness score, sd, is de-174

termined by the logical interaction between the gen-175

erated argument, the original post, and the dialogue176

history. It is defined as a ternary function:177

sd = fd(ŷ, xp, xh; θd) (3)178

where xp represents the OP’s post and xh denotes179

the historical context.180

We posit that the observed score s is sampled181

from a Bernoulli distribution conditioned on the182

audience’s focus. The probability that the observed183

score reflects the true persuasiveness versus the184

fluency quality is governed by a prior α:185

p(s | ŷ, xp, xh) =

{
α, s = fd(ŷ, xp, xh)

1− α, s = fs(ŷ)− fs(xp)

(4)

186

Here, α represents the prior probability that the 187

audience emphasizes logical persuasiveness over 188

surface quality. We quantify the extent to which the 189

candidate text ŷ stylistically outperforms the OP as 190

fs(ŷ)−fs(xp). Explicit subtraction is unnecessary 191

for fd, as its prior definition intrinsically incorpo- 192

rates xp. By enforcing this differential treatment, 193

we induce fs to focus on intrinsic textual attributes, 194

while guiding fd to capture the complex interac- 195

tions between the input and the OP. To make these 196

scores learnable, we employ two distinct Multi- 197

Layer Perceptrons (MLPs) to parameterize fd(·; θd) 198

and fs(·; θs), respectively, inspired by causal dis- 199

entanglement methods (Du et al., 2023, 2024). 200

2.3.2 Persuasiveness Reward Estimation 201

We formulate the persuasive generation task as a 202

Markov Decision Process (MDP), where the envi- 203

ronment comprises the post history (xp, xh), the ac- 204

tion is the generated argument (ŷ), and the reward 205

is derived from the disentangled persuasiveness 206

score sd. 207

However, directly fitting an action-value func- 208

tion using Mean Squared Error (MSE) on raw 209

scores is infeasible for two reasons. First, the non- 210

differentiable nature of the mixture distribution 211

(sampling s from either ss or sd) hinders standard 212

gradient-based optimization. Second, raw vote 213

counts are heavily biased by topic popularity; a 214

high score in a popular thread does not necessarily 215
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imply higher persuasiveness than a lower score in a216

niche thread. Therefore, we adopt a pairwise rank-217

ing approach based on the Bradley-Terry model218

(Bradley and Terry, 1952) to approximate the rela-219

tive persuasiveness.220

The win rate of post ŷ(1) over ŷ(2) depends on221

the difference in their latent scores. Assuming the222

decision basis (persuasiveness vs. fluency) is inde-223

pendent for each post, the probability of observed224

preference y (where ŷ(1) ≻ ŷ(2)) follows a mixed225

Bernoulli distribution:226

p(y) =∑
s(1)∈{s(1)d ,s

(1)
s }

∑
s(2)∈{s(2)d ,s

(2)
s }

p(s(1), s(2))σ(∆s)

= α2σ(s
(1)
d − s

(2)
d ) + α(1− α)(s

(1)
d − s(2)s )

+ α(1− α)(s(1)s − s
(2)
d ) + (1− α)2σ(s(1)s − s(2)s )

(5)

227

Here, ∆s = s(1) − s(2), σ denotes the sigmoid228

function. This formulation treats the active score229

component as a latent variable. We employ the230

Expectation-Maximization (EM) algorithm to max-231

imize the likelihood.232

In the aforementioned model, the observed win233

rate is a probabilistic parameter model contain-234

ing hidden variables ss (persuasiveness score) and235

sd (fluency score). This can be solved using the236

EM algorithm and maximum likelihood estimation237

(MLE) (Dempster et al., 1977). In the E-step, we238

compute the posterior distribution q of the active239

score components for the pair, given the observed240

win outcome y:241

q(s(1), s(2)) = p(s(1), s(2)|y)

=
p(s(1), s(2))σ(s(1) − s(2))

p(y)

(6)242

In the M-step, we maximize the expected log-243

likelihood with respect to the model parameters:244

L(s(1) ≻ s(2)) =∑
s(1)∈{s(1)d ,s

(1)
s }

∑
s(2)∈{s(2)d ,s

(2)
s }

q(s(1), s(2))ϕ(s(1), s(2))

(7)

245

ϕ(s(1), s(2)) = log
(
p(s(1), s(2))σ(s(1) − s(2))

)
(8)

246

where s(1) is the winner among each pair of posts.247

To provide stable supervision, we construct the 248

final objective function using the win rate derived 249

from discounted cumulative rewards g of the posts: 250

J = ED

[
σ(g(1) − g(2))L(s(1) ≻ s(2))

+σ(g(2) − g(1))L(s(2) ≻ s(1))
] (9) 251

where D is the dataset, and g(1) and g(2) are the 252

discounted cumulative rewards of the two posts. 253

This process allows us to explicitly estimate the 254

pure persuasiveness score sd, effectively filtering 255

out noise from fluency surface features. 256

2.4 Persuasiveness Sample Mining (Stage II) 257

With the disentangled persuasiveness reward model 258

fd established in Section 2.3.2, we now possess a 259

reliable metric to assess argument quality. In this 260

stage, we utilize fd to purify the training data for 261

the Supervised Fine-Tuning (SFT) phase. Standard 262

SFT often results in models that overfit to fluency 263

features (ss) if the training data contains “high- 264

score” but logically weak arguments. 265

We introduce a filtering mechanism to retain 266

only samples where the ranking induced by the 267

predicted persuasiveness score sd aligns with the 268

ground truth ranking. We formulate this as find- 269

ing the longest subsequence L within a dialogue 270

context D that preserves the monotonic order of 271

persuasiveness and original score: 272

L = argmax
D′⊆D

|D′|

s.t. ∀i, j ∈ D′,

sign(s(i) − s(j)) = sign(s(i)d − s
(j)
d )

(10) 273

This optimization problem is equivalent to the 274

Longest Increasing Subsequence (LIS) problem 275

and is solved via Dynamic Programming (Algo- 276

rithm 1, Appendix A) with a time complexity of 277

O(n log n). LIS preserves the relative improve- 278

ment trajectory of a dialogue thread while remov- 279

ing local outliers. 280

2.5 Persuasiveness Strategy Optimization 281

(Stage III) 282

Leveraging the high-quality initialization provided 283

by sample mining in Stage II, we employ Direct 284

Preference Optimization (DPO) (Rafailov et al., 285

2023) to further align the model with the objec- 286

tive of persuasion. However, standard DPO can 287

suffer from instability on small datasets or sparse 288
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preference pairs. Defining the implicit reward ratio289

as r(y) = π(y|xp,xh)
π0(y|xp,xh)

, the gradient of the standard290

DPO loss:291

∇LDPO ∝ β

(
1− σ

(
β log

r(ŷ(1))

r(ŷ(2))

))
(11)292

can remain constantly positive for the winning sam-293

ple if the discriminator becomes overconfident,294

driving π(ŷ(1)) toward 1 and causing overfitting295

(divergence).296

To mitigate this, we introduce Persuasion Aug-297

ment Policy Optimization (PAPO). We inject a298

smoothing term coefficient based on the magni-299

tude of the persuasiveness score difference. The300

PAPO objective is defined as:301

LPAPO = ED

[
σ(s

(1)
d − s

(2)
d ) log σ

(
β log

r(ŷ(1))

r(ŷ(2))

)

+ σ(s
(2)
d − s

(1)
d ) log σ

(
β log

r(ŷ(2))

r(ŷ(1))

)]
(12)

302

The gradient of this objective introduces a dy-303

namic scaling factor:304

∇LPAPO ∝

[
σ
(
s
(1)
d − s

(2)
d

)
F
(
ŷ(1), ŷ(2)

)
− σ

(
s
(2)
d − s

(1)
d

)
F
(
ŷ(2), ŷ(1)

)]
(13)

305

where F (ŷ(1), ŷ(2)) = β(1 − σ(β log r(ŷ(1))

r(ŷ(2))
)).306

This ensures the gradient sign is not constant, pre-307

venting probability collapse. Furthermore, the sta-308

tionary point of this objective ensures the policy309

converges to the optimal solution form:310

π(ŷ|xp, xh) ∝ π0(ŷ|xp, xh) exp
(
1

β
sd

)
(14)311

thus providing good interpretability.312

2.6 Training and Inference313

To provide a holistic view of our proposed frame-314

work, we summarize the end-to-end training proce-315

dure in Algorithm 2 in Appendix B. The process is316

structured into a sequential pipeline where the out-317

put of each stage serves as a refined initialization318

or supervision signal for the next.319

3 Experimental Setting 320

3.1 Dataset 321

We utilize ChangeMyView (CMV) (Tan et al., 322

2016) and DDO (Durmus and Cardie, 2019) 323

datasets. CMV is a standard persuasion benchmark 324

sourced from Reddit where users invite challenges 325

to their viewpoints. Successful persuasion is ex- 326

plicitly marked by a “delta” (∆) symbol. Given 327

its scale and the high quality of argumentative text, 328

CMV serves as a standard benchmark for persua- 329

sion and debate generation tasks. To validate gen- 330

eralizability, we also employ DDO, a corpus of 78k 331

debates from debate.org (2007–2017) covering 23 332

topics. Detailed statistics and samples are provided 333

in Appendix C. 334

3.2 Evaluation Metrics 335

Automated Evaluation Metrics. As discussed in 336

Section 1, traditional n-gram metrics (e.g., BLEU, 337

ROUGE) correlate poorly with logical persuasive- 338

ness. Therefore, we employ OpenAI’s reasoning 339

specific o1 and o3 model API to simulate human as- 340

sessment; we refer to these metrics as the o1-Score 341

and o3-Score. Consistent with recent work on 342

LLM-based evaluation (Hu et al., 2023; Liu et al., 343

2023), our preliminary analysis (Figure 3) demon- 344

strates strong Pearson correlations between human 345

judgments and the automated scores (r = 0.67 for 346

o1-Score and r = 0.65 for o3-Score), validating 347

their utility as proxies. Detailed configurations are 348

provided in Appendix D. 349

Human Evaluation Metrics. Following the 350

persuasiveness evaluation protocol outlined in the 351

OpenAI o1 system card (Jaech et al., 2024), we 352

recruited three expert annotators with debate back- 353

grounds to evaluate 500 stratified test instances. 354

The protocol comprised two tasks: 355

(i) Persuasiveness Rating, where arguments are 356

scored on a scale from 0 to 5; 357

(ii) Pairwise Comparison, a blind side-by-side 358

assessment (Win/Tie/Loss) against baselines. 359

Detailed information about the annotators is 360

listed in Appendix D. 361

3.3 Baselines 362

We compare our method against a diverse set of 363

strong baselines categorized into four groups: 364

• Open-Source Instruct Models: LLaMA3- 365

instruct (8B, 70B) (Grattafiori et al., 2024) 366

and Qwen2-instruct (Team et al., 2024) (13B, 367

72B), representing foundation capabilities. 368
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Figure 3: Pearson correlation between various evalua-
tion metrics and persuasiveness.

• Trained Instruct Models: Qwen2-13B-SFT369

and Qwen2-13B-DPO, isolating the impact370

of supervised fine-tuning and preference opti-371

mization. The training dataset is the same as372

our P3 method.373

• Domain-Specific Methods: PESA (Xiao374

et al., 2024), the SOTA method in specialized375

debate generation task.376

• Commercial Models: Gemini 1.5 Flash,377

Claude 3 Haiku, and GPT-4o mini. We utilize378

CoT prompting for these models to ensure a379

fair comparison.380

3.4 Implementation Details381

We train the base model with the help of Hugging382

Face, DeepSpeed and trlx. The base model of our383

approach is Qwen2-13B. We train the model in 5384

epochs. The batch size per device is set to 8. All385

experiments are conducted with NVIDIA A100.386

4 Results and Analysis387

4.1 Main Results388

Analysis of Reward Disentanglement. Figure 3389

shows that standard metrics (e.g., BLEU, ROUGE)390

correlate poorly with human persuasiveness, high-391

lighting their susceptibility to reward hacking. In392

contrast, our disentangled scores demonstrate clear393

efficacy. While the raw score (s) shows only mod-394

erate correlation (0.35) due to noise, the separated395

persuasiveness score (sd) aligns strongly with hu-396

man preference (0.67), whereas the fluency score397

(ss) is negligible (0.15). This confirms our module398

successfully filters fluency to isolate core logic.399

Perturbation experiments on 100 P3 samples (Ta-400

ble 1) further validate this decoupling. Logic cor-401

ruption significantly dropped sd without affecting402

ss, while fluency refinement increased ss leaving403

Perturbation
Method sd ss o1-Score o3-Score Human-

Eval

Original 0.21 0.65 81.02 82.13 4.70

Logic-Inv,
Fluency-Var 0.25 0.85 82.17 83.05 4.78

∆ w.r.t Original +0.04 +0.20 +1.15 +0.92 +0.08

Fluency-Inv,
Logic-Var 0.07 0.66 43.02 45.87 1.05

∆ w.r.t Original -0.14 +0.01 -38.00 -36.26 -3.65

Table 1: Results of perturbations with delta analysis
relative to the original. Color intensity indicates the
magnitude of the change (Green: +, Red: -).

sd stable. These orthogonal responses confirm that 404

sd captures deep semantics while ss tracks surface 405

cues. Additionally, o1 and o3-Scores showed ro- 406

bustness against fluency variations (All the above 407

perturbations are performed by LLM API, Specific 408

settings are in Appendix E. 409

Performance and Efficiency Analysis. As de- 410

tailed in Table 2, the automatic evaluation results 411

confirm that our method effectively transcends fea- 412

ture entanglement, specifically mitigating reward 413

hacking and probability collapse. Notably, our ap- 414

proach demonstrates superior parameter efficiency. 415

When compared to mainstream open-source base- 416

lines (Qwen2-72B, LLaMA3 70B), our method in- 417

creases the o1-score by an average of 5.3 points and 418

o3-Score 7.1 points. More critically, our model out- 419

performs baselines requiring task domain training 420

(e.g., Qwen2-13B-DPO and PESA), showing the ef- 421

ficiency of our training approach. Even when pitted 422

against closed-source commercial models, our ap- 423

proach achieves a competitive edge, increasing the 424

o1-score by an average of 3.5 points and o3-Score 425

3.1 points, suggesting that rhetorical alignment 426

contributes more to persuasiveness than model 427

scale alone. For the out-domain dataset DDO, our 428

method achieves even greater gains on average, 429

demonstrating the superior generalization ability. 430

Human Evaluation and Robustness. Table 2 431

and Figure 4 present the human evaluation metrics, 432

which strongly corroborate the automatic findings. 433

Our method produces arguments that human re- 434

viewers consistently judge as more persuasive than 435

those from strong baselines (p < 0.05). We calcu- 436

late the Fleiss’ Kappa among the five annotators 437

and obtain a kappa of 0.79, which means substan- 438

tial agreement (Landis and Koch, 1977) 439

Against state-of-the-art closed-source commer- 440

cial models, our method exhibits remarkable ro- 441

bustness. While the average improvement is 0.18 442
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Method Params CMV (In-Domain) DDO (Out-of-Domain)

o1-score o3-score Human-Eval o1-score o3-score Human-Eval

Open-Source Instruct Models
Qwen2-13B 13B 73.57 74.38 4.13 74.32 76.51 4.23
Qwen2-72B 72B 75.73 75.96 4.38 75.02 77.41 4.29
LLaMA3-8B 8B 72.12 72.97 3.87 73.37 74.59 3.92
LLaMA3-70B 70B 76.07 76.99 4.43 76.43 77.71 4.36

Trained Instruct Models
Qwen2-13B-SFT 13B 71.26 71.56 3.70 69.58 70.44 3.59
Qwen2-13B-DPO 13B 74.02 75.06 4.11 70.21 70.96 3.62

Commercial Models
Gemini 1.5 Flash API 77.01 77.53 4.64 79.79 79.98 4.61
Claude 3 Haiku API 77.85 79.27 4.61 78.23 79.08 4.58
GPT-4o mini API 78.20 80.51 4.62 79.35 79.61 4.67

Domain-Specific Methods
PESA 13B 76.32 76.77 4.52 72.37 72.75 3.94
Ours 13B 81.23† 82.20† 4.81† 80.10† 83.59† 4.77†

Table 2: Experimental results on CMV (In-Domain) and DDO (Out-of-Domain) datasets. We report o1-score,
o3-score, and Human-Eval metrics. “Params” denotes the parameter size. Bold indicates the global best, and
underlined indicates the best within each category. For automatic evaluation metrics, we perform non-replacement
sampling 3 times on the test set, each time sampling 10%, and report the average results. For human evaluation
metrics, we sample 500 instances for assessment. † means statistically significant difference (paired t-test, p<0.05).

Figure 4: P3 compared to other baselines.

points in-domain and 0.15 points out-domain, a443

paired t-test test confirms this gain is statistically444

significant. As illustrated in Figure 4, this is further445

evidenced by a “non-loss” rate of 79% (25% win446

rate, 54% tie rate). This indicates that our method447

successfully bridges the capability gap, allowing a448

13B parameter model to effectively compete with449

proprietary APIs in complex reasoning and persua-450

sion tasks.451

4.2 Ablation Study452

Impact of Reward Estimation. Replacing our453

scorer with a standard reward model causes a 9.1-454

point drop in o3-score (Table 3). Without our dis-455

entanglement, the model collapses into hacking456

Figure 5: Fine-grained persuasive evaluation using eval-
uation metrics in PESA.

the system, generating text without core persua- 457

siveness. This confirms our module is a necessary 458

regularizer against reward hacking. 459

Impact of Strategy Optimization. Reverting to 460

the original DPO algorithm leads to a significant 461

performance drop. Our strategy optimization sta- 462

bilizes training, ensuring proper credit assignment 463

for high-quality persuasive structures. 464

Impact of Sample Mining. Utilizing the sparse 465

persuasion labels (∆) from the original CMV 466
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Method o3-score Human-Eval

Ours 81.23 4.72
-w/o Reward Estimation 72.19 4.02
-w/o Strategy Optimization 75.03 4.40
-w/o Sample Mining 76.02 4.36

Table 3: The results of ablation experiments. Bold
numbers denote the best performance.

dataset degrades performance. In contrast, our467

Sample Mining strategy effectively curates high-468

quality, persuasion-dominant samples, preventing469

the incorporation of noise.470

Impact of Hyperparameter. We performed ad-471

ditional ablation experiments on the parameter α in472

Appendix F, which reveal that the o1-Score follows473

a unimodal pattern with optimal performance near474

α = 0.1. This suggests that in actual Reddit dis-475

cussions, only a minority of the audience evaluates476

persuasiveness based on textual content, while the477

majority rely more on superficial features.478

4.3 Fine-grained Persuasive Evaluation479

Using the fine-grained PESA metrics (Xiao et al.,480

2024) (Figure 5), P3 outperforms baselines in481

Validity of Reasoning, Credibility of Evidence,482

and Overall Persuasiveness. This confirms that483

P3 effectively distills argumentative signals from484

weakly supervised data to enhance logical coher-485

ence. Lower Language and Rhetoric scores validate486

our design: P3 treats fluency as a surface cue (Ss),487

intentionally deprioritizing rhetorical flourishes in488

favor of substantive reasoning.489

4.4 Case Study490

In Appendix C, we present a complete sample in-491

cluding outputs from all baselines and our model.492

In this example, the original post (OP) was frus-493

trated by the prevalent use of milk bags in Ontario494

instead of cartons and wanted to be persuaded. As495

seen, both our model and the closed-source com-496

mercial models can provide appropriate arguments497

and a complete reasoning process. However, our498

model’s arguments and reasoning more directly499

address the OP’s original post, while the outputs500

from Gemini and Claude contain many generalized501

or unproven arguments, such as “the prevalence502

of milk bags in Eastern Canada suggests a suc-503

cessful, albeit different, system established through504

consumer preference or logistical efficiencies over505

time”, “While milk bags may not be as widely re-506

cycled, they generally have a lower environmental507

impact than cartons”, which weaken the persuasive- 508

ness of the generated results. 509

5 Related Work 510

5.1 Debate and Persuasion Generation 511

Recent studies leverage LLMs to generate argu- 512

mentative content. Approaches range from con- 513

trollable sentence-level generation based on aspect 514

and position (Schiller et al., 2021) to utilizing argu- 515

mentation knowledge graphs for prompt formula- 516

tion (Al Khatib et al., 2021). Regarding resources, 517

Bao et al. (2022) introduced ArgEssay, a large- 518

scale generation dataset. More recently, Xiao et al. 519

(2024) integrated proving principles into LLM plan- 520

ning to enhance the persuasiveness. 521

5.2 Counter Argument Generation 522

Targeting opposition to specific posts, current 523

works often employ multi-agent frameworks to 524

synthesize rebuttals through agent interaction (Hu 525

et al., 2023; Xiong et al., 2023; Wang et al., 526

2023). Alternatively, others utilize self-reflection 527

and Chain-of-Thought (CoT) to identify and target 528

logical flaws (Verma et al., 2024; Hu et al., 2023). 529

Beyond generation methods, Zeng et al. (2025) 530

investigated the ecological impact of AI-aided re- 531

buttals on online debate communities. 532

6 Conclusion 533

In this paper, we have addressed a fundamental 534

structural problem in current debate generation: 535

the feature entanglement within standard reward 536

signals. To resolve this, we proposed P3, a latent 537

variable framework that mathematically decouples 538

these dimensions, allowing for the precise isola- 539

tion of “true persuasiveness” from surface-level 540

noise. By integrating this disentangled signal into 541

our novel PAPO, we successfully mitigated the re- 542

ward hacking and probability collapse inherent in 543

standard DPO, ensuring the model does not become 544

overconfident on ambiguous, noisy data. Crucially, 545

we demonstrate that a 13B open-source model, 546

when aligned with this purified signal, surpasses 547

state-of-the-art commercial models like Gemini 1.5 548

Flash and Claude 3 Haiku, suggesting that precise 549

alignment objectives are as critical as parameter 550

scale for complex reasoning tasks. 551

7 Limitation 552

Since our method utilizes crowdsourced rating data 553

(s), applying it to tasks beyond debates and per- 554
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suasion may be challenging. It might be necessary555

to explore alternative crowdsourced features, such556

as view counts or shares, though their effective-557

ness remains to be verified. However, thanks to the558

development of LLM Agent methods (Park et al.,559

2023), using agent-base user simulators to calcu-560

late the number of likes and dislikes for posts and561

subsequently estimating scores presents a viable562

alternative solution.563

8 Ethical Consideration564

The ethical risks of our proposed methods and mod-565

els are low. We will analyze ethical risks from two566

aspects: Dataset Sourcing and Compliance, and567

Risks of Persuasion and Safety Mechanisms.568

8.1 Dataset Sourcing and Compliance569

Our research utilizes the ChangeMyView (CMV)570

dataset. CMV is a widely established benchmark571

in debate generation research (Dönmez and Falen-572

ska, 2025; Nabhani et al., 2025; Guo et al., 2024)573

due to its volume, topic diversity, and low ethical574

risk. This dataset was published at the WWW Con-575

ference and strictly adheres to the ACM Code of576

Ethics, specifically Section 1.2 (“Avoid Harm”), en-577

suring that our data aggregation does not introduce578

safety risks. The dataset was originally published579

in compliance with the ACM Policy Against Ha-580

rassment and is not classified as a “Deprecated581

Dataset” under ACL guidelines. Furthermore, our582

parameter estimation process relies on aggregated583

statistical signals (upvotes/downvotes); it does not584

process, store, or reveal individual user identities or585

sensitive personal information, thereby preserving586

user privacy.587

8.2 Risks of Persuasion and Safety588

Mechanisms589

We analyze the ethical safety of our proposed per-590

suasion method through three aspects:591

1. Focus on Logical Validity: Our core moti-592

vation is to improve the logical validity and593

evidence utilization of the model, rather than594

its manipulative capacity. By grounding the595

model in reasoning, we aim to reduce hallu-596

cinations and improve the factual quality of597

arguments.598

2. Inherited Safety Guardrails: Our approach599

is built upon the Qwen2 open-source model600

foundation. The training methodology pro-601

posed herein does not compromise the base602

model’s robust, pre-existing safety mecha- 603

nisms. Post-training verification confirms that 604

the model continues to reject harmful prompts 605

effectively. 606

3. Alignment with Industry Standards: Re- 607

search into measuring and enhancing persua- 608

siveness is consistent with current best prac- 609

tices in safety research, as seen in technical 610

reports for systems like o1 and Claude (Jaech 611

et al., 2024; Durmus et al., 2024). We posit 612

that studying persuasion in a controlled en- 613

vironment is essential for understanding and 614

aligning future AI systems with human values. 615
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A Algorithm for Persuasiveness Sample746

Mining747

The persuasiveness sample mining is equivalent748

to the Longest Increasing Subsequence (LIS) al-749

gorithm and is solved via Dynamic Programming750

with a time complexity of O(n log n). The detailed751

algorithm is listed in Algorithm ??752

Algorithm 1 :Persuasiveness Sample Mining

Require :Dataset D = {s, sd}
|D|
i=1, where s repre-

sents weak supervised label ’scores’ and
sd represents persuasiveness scores for
All Posts

Ensure :Selected Sequence L
1 Sort the dataset D in descending order by sd value,

and by s value if sd values are the same
2 Initialize an empty array L to store the longest

sequence
3 foreach element d in the sorted dataset D do
4 Use binary search to find the first element in L

that is greater than d.s if such position exists
then

5 Replace the value at that position with d.s
6 else
7 Append d.s to the end of L

8 return L as the longest sequence

B Algorithm for P3753

Our algorithm framework operates in three cas-754

caded stages:755

1. Persuasiveness Reward Estimation (Stage756

I): We first construct a Reward Disentangle-757

ment model that decouples logical validity758

from surface-level fluency, providing a noise-759

free supervision signal sd.760

2. Persuasiveness Strategy Optimization761

(Stage II): Utilizing sd, we filter the training762

corpus to construct a high-quality dataset of763

“logically winning” arguments.764

3. Persuasiveness Strategy Optimization765

(Stage III): Finally, we employ Persuasion766

Augment Policy Optimization (PAPO), a767

novel preference learning objective that uses768

the disentangled reward signal to dynamically769

scale gradient updates, preventing the model770

from collapsing into trivial solutions.771

Algorithm 2 :P3 Framework
Input: Raw Dataset Draw = {(xp, xh, s)}, Prior α
Output: Optimized Policy πθ
// Stage I: Persuasiveness Reward

Estimation and Modeling
9 Initialize reward parameters θs, θd

10 while not converged do
// EM Algorithm

11 Compute posterior q(s(1), s(2)) using Eq. (7)
θs, θd ← argmaxθ J using Eq. (9);

12 Let f∗
d (·) = fd(·; θd) be the converged persuasive-

ness model
// Stage II: Persuasiveness Sample Mining

13 Dclean ← ∅ for each dialogue thread T ∈ Draw do
14 Compute scores S = {f∗

d (ŷ) | ŷ ∈ T} L ←
LongestIncreasingSubsequence(T, S)
Dclean ← Dclean ∪ L

// Stage III: Persuasiveness Strategy
Optimization

15 Initialize πθ
16 for each batch B ∈ Draw do
17 Calculate margin weight w = σ(f∗

d (Yw) −
f∗
d (Yl)) Compute loss LPAPO using Eq. (11)

weighted by w Update θ ← θ − η∇LPAPO

// Inference Phase
18 Function Generate(Context X)
19 return ŷ ∼ NucleusSample(πθ(·|X))

C Data Examples and Statistics of CMV 772

Datasets 773

In this section, we present the statistics of the CMV 774

dataset in Table 4, including the number of dis- 775

cussion trees and the number of discussion nodes, 776

among other metrics. Additionally, we provide an 777

example of a discussion tree from the classic CMV 778

dataset in Figure 6. 779

Type # Discussion # Nodes # OPs # Unique
Trees Participants

Training 18,363 1,114,533 12,351 69,965
Test 2,263 145,733 1,823 16,923

Table 4: The data statistics for the CMV datasets.
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Figure 6: A fragment of a “typical” /r/ChangeMyView discussion tree—typical in the sense that the full discussion
tree has an average number of replies. Colors indicate distinct users. “∆” character indicate the persuasive label.
The figure is cited from (Tan et al., 2016)

D Detailed Setting of Evaluation780

D.1 The o1-Score/o3-Score Setting781

The detailed o1-Score/o3-Score prompt template is782

listed in Figure 7. The temperature and top_p are783

set to 0.1.784

D.2 Human Evaluation Criteria785

The detailed human evaluation criteria are listed in786

Figure 8.787

D.3 Information of Human Annotators788

We recruited three well-educated annotators pro-789

ficient in English. To ensure their capability in790

evaluating persuasive texts, we required each to791

have participated in at least one national-level on-792

line debate during their undergraduate studies. We793

require all annotators to maintain a neutral posi-794

tion on the annotation tasks, without favoring any795

viewpoint. All annotators were compensated in796

compliance with legal standards.797

E Perturbation Setting798

Specifically, we implement two distinct strategies:799

(1) Logic-Inv, Fluency-Var: We prompt the800

model to polish the linguistic expression and im-801

prove fluency while strictly maintaining the core802

reasoning.803

(2) Fluency-Var, Logic-Inv: We instruct the804

model to compromise logical validity by inject-805

ing fallacies or contradictory evidences, without 806

degrading surface-level fluency. 807

Human verification confirms that these strategies 808

successfully decouple the two attributes, manipulat- 809

ing one while keeping the other relatively invariant. 810

We adopt this asymmetric approach—enhancing 811

fluency but degrading logic—because preliminary 812

tests indicate that prompting models to generate 813

intentionally dysfluent text or highly persuasive ar- 814

guments yields suboptimal results. The detailed 815

prompt of perturbation experiment is listed in Fig- 816

ure 9. We use OpenAI o1 API to serve perturbation, 817

the temperature and top_p are set to 0.1. 818

F Hyperparameter Experiment 819

In this section, we present the effect of the hyper- 820

parameter α on the o1-Score in Table 5. 821

Alpha o1-Score

0.1 81.23
0.2 79.35
0.3 79.23
0.4 78.29
0.5 75.01

Table 5: Performance comparison with different of α.

G Example of Outputs 822

The output of baselines and our method is listed in 823

Table 6 824
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Figure 7: The Detailed o1-Score/o3-Score Prompt Tem-
plate.

Figure 8: The Detailed Human Evaluation Criteria.

Figure 9: The Detailed Human Perturbation Prompt
Template.
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Original Post: I moved out to Ontario in 2011 from Alberta, both in Canada, and the first thing I
encountered that pissed me off was milk in bags. In Alberta, milk is sold in cartons, and I find it pretty
convenient to carry milk around in a fixed-shape container. In Ontario, however, milk almost always
comes in a flexible plastic bag. The problems I have with this are:* The shape makes it difficult to store. I
have to not only keep unused bags in the fridge, but whatever bag is open needs its own place in the fridge
too, AND needs a pitcher to contain it* Cartons are resealable, bags arent́. The number of times that my
milk has gone bad since moving here has exploded compared to when I used cartons. The fact that I cant́
re-close my milk bag means it expires faster, and I get less moneyś worth out of it* No other liquids are
sold in bags, so why milk? It seems strange that milk is the only drinkable liquid that comes in a bag here.
Any other drink thatś in anything resembling a bag, such as Capri Sun or wine, is packaged specifically to
optimize consumption (wine in a bag in a box; Capri Sun pouch shaped for drinking), but milk? Itś just in
a lazy, unresealable, lame-ass bag.* Bags are bad for the environment. These bags cant́ be re-used, are
often not recycled, and I imagine are a huge waste compared to cartons. I know that plastic gallon jugs
take more plastic than three bags, but Iv́e always known those jugs to be recycled. Iv́e never seen anyone
recycle a milk bag.CMV!

Gemini: While the inconvenience of milk bags is understandable, your argument overlooks key economic
and environmental factors. The bag system, while less convenient, likely reflects lower transportation and
manufacturing costs, resulting in a lower overall price for consumers. Furthermore, the environmental
impact isn’t solely determined by recyclability; lifecycle assessments comparing bag and carton production,
including energy consumption and transportation emissions, might reveal a different overall environmental
footprint. Finally, the prevalence of milk bags in Eastern Canada suggests a successful, albeit different,
system established through consumer preference or logistical efficiencies over time.
Claude3: The blogger’s criticism of milk bags in Ontario is understandable, but there are several
compelling reasons why the bag system is preferable to cartons: Milk bags are significantly more cost-
effective for producers and retailers, allowing them to pass on those savings to consumers. The flexible
packaging requires less material and is less expensive to transport, making it a more economical option.The
smaller, flexible bags allow for better portion control and reduced waste compared to larger, fixed-size
cartons. Consumers can easily pour out the exact amount they need without having to store an open
carton. Environmental impact: While milk bags may not be as widely recycled, they generally have a
lower environmental impact than cartons. The production and transportation of bags require less energy
and resources, and the lighter weight of the packaging reduces fuel consumption.
Ours: While it’s understandable to feel frustrated about the recycling habits in your area, it’s important
to recognize that the recyclability of milk bags is a feature of their design, and the issue might lie more
with local recycling infrastructure and consumer behavior rather than the product itself. In many regions,
including parts of Ontario where milk bags are common, there are established systems for recycling
these bags, even if they may not be as visible or widely recognized as those for milk jugs or cartons., the
benefits of milk bags extend beyond just being recyclable—they are indeed more efficient in terms of
material use and transportation. The reduced weight and volume of milk bags mean fewer resources are
needed to produce and transport them, leading to lower overall environmental impact. This includes less
fuel consumption during transportation, which translates into a smaller carbon footprint.your concerns
about practicality, such as storage and reuse, there are ongoing efforts to improve the user experience.
Innovations in refrigerator design, as mentioned, could eventually accommodate milk bags more effectively.
Additionally, using a dedicated, reusable, and sealable container for pouring and storing milk from bags is
a practical workaround that addresses your specific needs.essence, while the transition to milk bags might
require some adjustment, the underlying advantages—both economic and environmental—are significant.
By adopting a solution-oriented approach, we can leverage the benefits of milk bags while mitigating any
inconveniences.

Table 6: Output example of different baselines and ours.
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