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Abstract

Natural language explanations have been001
widely employed to convey relations underly-002
ing task outputs; however, existing approaches003
rely on superficial persona formulations, with004
limited use of theoretically grounded personas.005
In this study, we propose a multi-agent self-play006
framework in which a single model assumes007
multiple explanatory personas informed by cog-008
nitive and social sciences theories to generate009
diverse explanation candidates for the same in-010
put. Relative preferences among these candi-011
dates are then induced through a multi-factor012
scoring that jointly accounts for persona logical013
alignment, self-critique factuality from a critic014
agent, and expression diversity. These prefer-015
ences are conveyed to a recomposer agent to016
synthesize an optimal explanation, which is017
subsequently used for self-preference learning,018
enabling the model to strategically learn from019
its own generations. Experiments show im-020
proved logical alignment over single-persona021
attributes and stable DPO training, demonstrat-022
ing that adaptive persona selection can be ef-023
fectively realized at test time.024

1 Introduction025

Since the advent of LLMs, research has moved026

beyond producing task outputs toward generating027

natural language explanations (NLEs) that articulate028

the reasoning behind model decisions. Such ex-029

planations are particularly valuable when the task030

interpretation is inherently ambiguous or subjec-031

tive, or when producing explanatory annotations032

requires substantial human effort (He et al., 2024;033

Yao et al., 2023).034

However, a principled understanding of how035

to guide models to generate reliable explana-036

tions remains underdeveloped. In particular, LLM-037

based NLE generation is highly sensitive to the038

choice of reasoning strategy, and the vast design039

space makes identifying an optimal configuration040

challenging (Gemechu et al., 2025; Kunz and041

Kuhlmann, 2024). Moreover, it is often difficult 042

for human evaluators to determine whether an ex- 043

planation reflects genuine reasoning or merely a su- 044

perficially plausible artifact (Agarwal et al., 2024). 045

In this paper, we introduce the Self-Play Ex- 046

plainer (SPE), a multi-agent framework that decom- 047

poses a single LLM into multiple distinct reasoning 048

agents, as shown in Figure 1. We define theory- 049

grounded personas informed by cognitive and so- 050

cial science theories and analyze their preference 051

relations in NLE generation, rather than treating per- 052

sonas as superficial role variations (Tseng et al., 053

2024). Explanation generation entails qualitatively 054

distinct reasoning processes, such that personas ef- 055

fective for explaining simple factual relations may 056

differ from those better suited for explanations re- 057

quiring scientific background or contextual knowl- 058

edge (Ahn et al., 2025). By distinguishing personas 059

along principled dimensions, our framework en- 060

ables systematic analysis of how distinct reasoning 061

bases are selected and emphasized across tasks. 062

Although an optimal persona for NLE generation 063

lacks explicit ground truth and is difficult to define1, 064

we address this challenge through a multi-factor 065

preference scoring that aggregates relative prefer- 066

ences among persona-generated NLEs. This scoring 067

jointly accounts for logical alignment between the 068

input-output pair and each explanation (Scirè et al., 069

2024; Yang et al., 2024), critique-based penalties 070

from a dedicated critic agent (Li et al., 2025), and 071

expression diversity across explanations, enabling 072

comprehensive evaluation without reliance on ab- 073

solute supervision. 074

Based on the induced preferences, we instruct a 075

recomposer agent to synthesize a final NLE by inte- 076

grating complementary elements from preferred ex- 077

planation candidates (Wang and Atanasova, 2025; 078

1This challenge stems from the inherent subjectivity of hu-
man judgment (Chen et al., 2025), and the absence of guaran-
tees that a single persona yields consistently aligned reasoning
behaviors across different LLMs.
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Wang et al., 2025). This design is motivated by079

the observation that robust explanations arise from080

selectively integrating diverse perspectives rather081

than relying on a single persona. The resulting NLE082

and its aggregated scores are then used to construct083

preference pairs for supervised fine-tuning (SFT)084

and direct preference optimization (DPO) (Rafailov085

et al., 2023), yielding an explanation model aligned086

with integrated persona behavior.087

Our experiments demonstrate that the proposed088

framework improves logical alignment over single-089

persona while preserving expression diversity090

within a controlled range. We observe gains in091

paragraph-level logical alignment alongside re-092

duced sentence-level variability, resulting in more093

coherent NLEs. Further analyses indicate that our094

preference dataset enables stable DPO training and095

the multi-factor scoring process is effective relative096

to the hard negative variant, highlighting the ef-097

fectiveness of our framework for adaptive persona-098

driven NLE generation.099

2 Related Work100

2.1 The Role of101

Natural Language Explanations102

NLEs have become a central component across var-103

ious tasks, supporting interpretability and serving104

as auxiliary supervision. Early studies incorpo-105

rated human-written explanations to justify pre-106

dictions in tasks such as natural language infer-107

ence (NLI) and question answering (QA) (Rajani108

et al., 2019; Camburu et al., 2018). Subsequent109

work has shifted toward automatic generation and110

explanation-aware training, positioning NLEs as111

a cross-task mechanism that supports reasoning,112

evaluation, and learning beyond prediction accu-113

racy (Quan et al., 2025; Wang and Atanasova, 2025;114

Wadhwa et al., 2024).115

Despite recent efforts, explanation-aware ap-116

proaches have relied on fixed source NLEs that de-117

pend on a single reasoning trajectory, limiting their118

effectiveness across diverse contexts (Honda and119

Oka, 2025; He et al., 2024). In practice, NLEs often120

require different theoretical viewpoints depending121

on the context (Ahn et al., 2025). Motivated by122

this, we employ a persona-conditioned self-play123

paradigm within a single model to generate expla-124

nation candidates from multiple perspectives. This125

approach facilitates learning preference relations126

among them, thereby improving the logical consis-127

tency of NLEs through comparative optimization.128

2.2 Persona Conditioning 129

under a Perspectivist Framework 130

Early work employed personas to maintain con- 131

versational consistency in dialogue systems, in- 132

ducing role-specific behavior through prompt de- 133

sign or fine-tuning (Zhang et al., 2018). Recent 134

approaches have leveraged LLMs to elicit diverse 135

perspectives; however they described personas in 136

terms of surface-level attributes, with fewer works 137

defining them based on empirically grounded theo- 138

retical principles (Tseng et al., 2024). 139

We adopt a perspectivist view from cognitive 140

and social sciences, which characterizes NLEs as in- 141

herently dependent on theoretical viewpoints rather 142

than as absolute accounts. Importantly, in our study, 143

perspectivism does not imply arbitrariness but in- 144

stead recognizes that different viewpoints can high- 145

light compatible aspects of the reasoning process 146

within a single model (Lombrozo, 2006). 147

2.3 Recent Advances in 148

Multi-Agent Reasoning 149

Research on multi-agent has emerged to address 150

the limitations of single-pass inference in complex 151

reasoning tasks. Early studies focused on agent de- 152

composition, assigning specialized roles such as 153

planning or verification to enhance reasoning qual- 154

ity (Ma et al., 2025; Hong et al., 2023). Subsequent 155

approaches leveraged agent interactions to explore 156

the alternative reasoning paths and enable mutual 157

refinement (Karthikeyan et al., 2025). 158

In this study, we design a unified multi-agent 159

framework that spans NLE generation, evaluation, 160

and recomposition to optimize reasoning within a 161

single model. Persona-conditioned agents are em- 162

ployed not only to generate explanations, but also 163

to comparatively assess their quality and recombine 164

optimized NLEs (Li et al., 2025; Wang et al., 2025). 165

In this framework, multi-agent reasoning functions 166

as a core mechanism for improving logical consis- 167

tency, rather than as an auxiliary tool. 168

3 Self-Play Explainer 169

3.1 Theory-Grounded Persona Definition 170

We design five explanatory personas with distinct 171

reasoning policies to generate NLEs grounded in 172

cognitive and social science theory. In contrast to 173

prior approaches that rely on straightforward pat- 174

terns (Honda and Oka, 2025; He et al., 2024), we 175

hypothesize that strategically designed personas 176

enable a single model to elicit diverse explanatory 177
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Figure 1: Overview of the proposed Self-Play Explainer (SPE) framework. For a given input-output pair, multiple
theory-grounded explanatory personas generated candidate explanations (§3.1), which are ranked using multi-
factor preference scoring (§3.2). The top-ranked explanations are then recomposed for self-generated preference
optimization (§3.3), resulting in a more logically consistent explanation model.

behavior for the same phenomenon. In this setting,178

multiple reasoning paths are expected to reveal log-179

ical biases that a single NLE may overlook, while180

their comparison facilitates evaluation of the under-181

lying evidential structure.182

Each persona operates as follows: (1) Naive183

Reasoner, relying solely on the model’s in-184

ternal knowledge without external theoretical185

grounding; (2) System-2 Rationalist, ex-186

plicitly expressing chain-of-thought reasoning187

aligned with Kahneman’s dual-process the-188

ory (Kahneman, 2011); (3) Counterfactual189

Analyst, applying ‘what-if’ contrasts inspired190

by Pearl’s causal framework (Pearl, 2009); (4)191

Schema-based Interpreter, providing struc-192

tured interpretations grounded in Bartlett’s schema193

theory (Bartlett, 1995); and (5) Crowd-Wisdom194

Synthesizer, integrating multiple perspectives195

following Surowiecki’s principle of collective in-196

telligence (Surowiecki, 2005)2.197

We define pxy as the task-specific formulation198

text for the x-y pair, and NLE generated by the k-th199

persona as ek. Here, x and y denote the task input200

and output, πk denotes the persona-specific rea-201

soning policy, and the model pLLM is shared across202

personas. We denote by E the set of NLEs generated203

by the K personas for the same pxy.204

ek ∼ pLLM(e | pxy, πk), (1)205

E = {ek | k = 1, ...,K}, (2)206

3.2 Multi-Factor Preference Scoring207

We establish systematic criteria for identifying208

preferable personas, recognizing that the optimal209

2More descriptions of each persona are provided in Ap-
pendix A.1, and their prompts are in Appendix F.

persona choice depends on the reasoning demands. 210

For instance, the persona suited for simple factual 211

verification may differ from the one preferable for 212

scientific justification. Since a single, universally 213

applicable ground truth NLE preference is difficult 214

to define, we focus instead on distinguishing rel- 215

atively preferred NLEs among persona candidates 216

generated by the same model. 217

3.2.1 Persona Logical Alignment 218

Recent studies have adopted NLI-based scores to 219

evaluate the quality of generated texts (Scirè et al., 220

2024; Yang et al., 2024). However, such approaches 221

are limited in capturing neutrality and contradic- 222

tion in persona-generated NLEs, as establishing an 223

absolute persona preference is inherently difficult. 224

To address this, we introduce a logit gap mea- 225

sure that explicitly incorporates supplementary evi- 226

dence, with calibrated hyperparameters to capture 227

meaningful flips. A flip occurs when two NLEs have 228

similar entailment logits but their order is reversed 229

once neutral and contradictory evidence is consid- 230

ered; when this happens under only a marginal 231

difference, we refer to it as a near-tie flip. 232

First, we define ℓxy,k as the NLI logit for a given 233

class between pxy and ek. 234

ℓ
{ENT,NEU,CON}
xy,k = NLI{ENT,NEU,CON}(pxy, ek), (3) 235

In measuring the logit gap, we apply hyperpa- 236

rameters α and β to the supplementary evidence. 237

Rather than treating them as fixed constants, we 238

adaptively calibrate them to the given training data 239

and model. We then select the (α, β) pairs that 240

capture meaningful near-tie flips through a grid 241
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search3. Based on this, we define the entailment242

logit gap between pxy and ek as follows:243

gap(ENT)
xy,k = ℓ

(ENT)
xy,k − α · ℓ(NEU)

xy,k − β · ℓ(CON)
xy,k , (4)244

We apply softmax over the logit gap across differ-245

ent NLEs to model their relative preference, shifting246

the probability distribution from class to candidate-247

wise competition. To avoid distortion from absolute248

logit scale differences, we apply z-score normaliza-249

tion to the logit gaps before softmax.250

SPLA

(
pxy, ek,E

)
= softmax

k
(g̃ap(ENT)

xy,k ) (5)251

This enables a more fine-grained assessment of252

each persona’s logical alignment, even when entail-253

ment scores are similar, by flexibly incorporating254

supplementary evidence informed by the data and255

model characteristics used in NLE generation.256

3.2.2 Self-Critique Factuality257

Recent approaches to evaluating the factuality of258

LLM-generated content have prompted models to259

produce self-assessment scores or leverage inter-260

nal feature signals (Zhang et al., 2024b; Parcal-261

abescu and Frank, 2024). However, these meth-262

ods often suffer from limited interpretability or263

high computational cost. To mitigate this, we in-264

troduce a Self-Critique Reviewer agent that265

enables the model to generate claim-level critiques266

of its own NLEs (Li et al., 2025), while we impose267

contradiction-focused penalties to directly capture268

inconsistencies.269

The agent was assigned two subtasks: classify270

the factual relationship between pxy and ek, and271

generate a claim-level critique consistent with the272

selected scale (Chu et al., 2025). The claim-level273

critique generated by the k-th persona, denoted274

ck, is defined as follows, where πcrit denotes the275

self-critique reasoning policy.276

ck ∼ pLLM(c | pxy, ek, πcrit), (6)277

C = {ck | k = 1, ...,K}, (7)278

We segment ek and ck into sentences, denoted279

as ek = {s1, ..., sN} and ck = {t1, ..., tM}. To280

identify counter-argument pairs, we apply the logit281

gap measure under the near-tie flip condition de-282

fined as contradiction. The hyperparameters α and283

β are adaptively determined by the training data284

3 The formal definitions of (near-tie) flips, grid search
procedure, and (α, β) pairs selected for each data and model
are provided in Appendix A.2.

and model3. Based on this, we define the contradic- 285

tion logit gap between sn and tm as follows: 286

gap(CON)
n,m = ℓ(CON)

n,m − α · ℓ(NEU)
n,m − β · ℓ(ENT)

n,m , (8) 287

We focus on the distribution tail capturing the 288

strongest counterarguments, selecting cases with 289

the most pointed critiques. Among the N × M 290

sentence pairs, we define Tq as the subset whose 291

contradiction logit gaps fall within the top q%, and 292

compute the mean over this set. 293

C(ek, ck) =
1

|Tq|
∑

n,m∈Tq

gap(CON)
n,m , (9) 294

We apply softmax over the logit mean across 295

different NLEs to model their relative preference, 296

including z-score normalization before softmax. 297

SSCF

(
ek, ck,E,C

)
= softmax

k
(C̃(ek, ck)), (10) 298

This enables a more controlled evaluation by 299

requiring the model to generate a self-critique 300

proxy from a strictly critical perspective, with 301

contradiction-focused penalties imposed. Supple- 302

mentary evidence is flexibly incorporated accord- 303

ing to the characteristics of the data and model. 304

3.2.3 Expression Diversity 305

We expect different personas to exhibit independent 306

reasoning styles, even when explaining the same 307

x-y relation. Thus, we extend similarity-based di- 308

versity assessment (Zhang et al., 2025; Zhu et al., 309

2018) to the paragraph-level and interpret higher 310

cross-persona similarity as lower relative expres- 311

sion diversity. In this setting, we employ Rouge-L, 312

which captures shared narrative structure through 313

the longest common subsequence. 314

SED

(
ek,E

)
=

1

K − 1

∑
k′ ̸=k

Rouge-L(ek, ek′),

(11)

315

However, length imbalance between NLEs may 316

bias similarity and distort evaluation. To mitigate 317

this, we apply a length-based weighting scheme 318

that down-weights pairs with large discrepancies, 319

using a Laplacian kernel to convert length differ- 320

ences into an attenuation factor that decreases a 321

pair’s contribution as the gap increases (Rahimi 322

and Recht, 2007)4. 323

wkk′ = exp(−γ
∣∣ |ek| − |ek′ |

∣∣), (12) 324

4We set γ = 0.04, so that a one-sentence length difference
halves the weight of a pair of NLEs. Since all personas were
instructed to follow the same length constraint, such deviations
may also indicate inconsistency in instruction following.
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We incorporate this wkk′ into the original325

scheme to derive the expression diversity, enabling326

the assessment of independent reasoning styles by327

evaluating the diversity of multiple NLEs from the328

same model while accounting for length bias.329

SED

(
ek,E

)
=

∑
k′ ̸=k wkk′ · Rouge-L(ek, ek′)∑

k′ ̸=k wkk′
,

(13)

330

3.3 Self-Generated Preference Optimization331

We compute a harmonic mean to discourage candi-332

dates that perform well on only a single score and333

instead prefer NLEs with balanced quality. Since334

SPLA is preferred when larger, whereas SSCF and335

SED are preferred when smaller, this relationship is336

reflected in the formulation5.337

SFinal =
3

1
SPLA

+ 1
1−SSCF

+ 1
1−SED

, (14)338

Rather than relying on the first-ranked result,339

we assume that aggregating diverse perspectives340

yields a more robust and comprehensive NLE.341

To this end, we introduce a Meta-Explanation342

Recomposer agent that identifies commonly sup-343

ported evidences, determines a more reliable inter-344

pretation, and generates a single final NLE (Wang345

and Atanasova, 2025; Wang et al., 2025).346

To incorporate the final preferences, we define347

the NLE produced by the recomposer agent as ewin348

and the one with the lowest SFinal as elose. We first349

perform SFT to generate ewin for each x-y pair, and350

then apply DPO with (ewin, elose) pairs to encode351

the preference signal.352

4 Experimental Results353

4.1 Tasks and Models354

We select extractive QA and NLI because both355

tasks inherently require NLEs to justify multi-step356

evidence-based reasoning or semantic relations be-357

tween premises and hypotheses. For QA, we use358

HotpotQA, which involves multi-document rea-359

soning (Yang et al., 2018), and NQopen, a short-360

answer variant of NaturalQuestions reflecting real361

user queries (Lee et al., 2019). For NLI, we use362

ANLI across its R1, R2, and R3 splits with in-363

creasing reasoning difficulty (Nie et al., 2020) and364

eSNLI, which provides annotated explanations as365

part of supervision (Camburu et al., 2018).366

5Although score weights can be adjusted for specific appli-
cations, we use equal weighting in this study.

We employ meta-llama/Llama-3.2-3B(-Instruct) 367

as the base model for all experiments. Although 368

smaller models are more susceptible to halluci- 369

nation, our framework mitigates it by leverag- 370

ing multi-factor preferences and a recomposer 371

agent, enabling the model to self-refine its own 372

NLEs (Wang and Atanasova, 2025). 373

4.2 Evaluation Metrics 374

We first measure the logical alignment between 375

each task input-output pair and its generated NLE us- 376

ing an NLI-based score. We treat them as a premise- 377

hypothesis pair to compute the entailment softmax 378

probability from a pre-trained NLI model10. This 379

design follows recent approaches that leverage NLI 380

scores as a proxy for faithfulness and logical coher- 381

ence (Zhang et al., 2024a). 382

We employ the introduced SED score to evaluate 383

the diversity of generated NLEs. Under a fixed sam- 384

pling setup, this metric measures expression-level 385

similarity among multiple explanations generated 386

for the same input. Lower scores indicate reduced 387

overlap across samples, corresponding to higher 388

explanatory diversity. 389

4.3 Main Results 390

We adopted a persona-conditioned explanation set- 391

ting that includes both individual personas and a 392

Best-of-N selection of their per-sample optimal 393

outputs. Since persona conditioning deliberately 394

shifts the model’s typical token distribution through 395

counterfactual assumptions or schema-level con- 396

straints (Lutz et al., 2025), this setup enables us to 397

assess whether such deviations are applied appro- 398

priately when required6. 399

We report the performance comparison in Ta- 400

ble 1. Across tasks, the performance of individ- 401

ual explanatory personas exhibits largely con- 402

sistent trends. The Crowd-Wisdom Synthesizer 403

attains the highest logical alignment, whereas 404

the Schema-based Interpreter performs the 405

weakest, with the largest logical alignment gap 406

of 39.84 observed on HotpotQA. The remain- 407

ing personas generally show intermediate perfor- 408

mance; while their results are comparable on NLI, 409

the Counterfactual Analyst demonstrates a 410

clear advantage on QA tasks over the System-2 411

Rationalist. These results indicate that the effec- 412

tiveness of personas for NLE generation depends on 413

task-specific characteristics. 414

6Further details on dataset curation and training configura-
tion are provided in Appendix B.
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ANLIDataset HotpotQA NQopen
R1 R2 R3

eSNLI

Metric P (ENT) ↑ SED ↓ P (ENT) ↑ SED ↓ P (ENT) ↑ SED ↓ P (ENT) ↑ SED ↓ P (ENT) ↑ SED ↓ P (ENT) ↑ SED ↓
System-2 Rationalist 48.50 28.26 41.54 29.94 47.02 30.50 44.88 30.18 43.79 27.61 36.75 27.49
Counterfactual Analyst 57.56 28.50 54.22 30.29 45.77 25.71 44.48 25.80 43.69 24.65 36.34 24.79
Schema-based Interpreter 30.00 30.15 31.24 30.67 30.32 29.93 29.84 29.76 32.53 28.81 25.25 27.74
Crowd-Wisdom Synthesizer 69.84 24.66 63.89 26.34 44.64 26.11 45.50 25.94 53.15 24.81 48.27 23.46
Best-of-Personas 91.04 21.63 88.92 23.30 81.29 22.23 81.12 22.19 82.41 21.02 77.47 20.58
Self-Play Explainer (SFT) 66.39 20.79 67.32 28.72 47.96 28.62 47.70 26.90 48.35 26.93 32.29 21.81
Self-Play Explainer (DPO) 75.71 30.04 76.29 33.24 47.22 35.08 50.02 34.83 54.48 34.90 68.02 32.95

Table 1: Performance comparison of the proposed Self-Play Explainer (SPE) framework under the persona-
conditioned explanation setting. P (ENT) represents the entailment probability, where higher values indicate better
logical consistency, while SED measures expression diversity, where lower values indicate higher diversity. We report
the average scores computed over three sampling runs for diversity scores.

Analysis of the proposed framework shows that415

SPE (SFT) yields task-dependent variations in log-416

ical alignment, resulting in gains for some tasks417

or degradations for others. In contrast, applying418

SPE (DPO) consistently improves logical alignment419

across all tasks, outperforming configurations that420

rely on individual personas. Although SPE (SFT)421

alone provides modest gains, it effectively aligns422

persona-informed NLEs within the model’s behav-423

ioral space, thereby shaping a model distribution424

that facilitates subsequent SPE (DPO) training.425

Under the Best-of-Personas, all explanatory per-426

sonas are sampled and the highest-scoring instance427

is selected (Rafailov et al., 2023), yielding high428

logical alignment across tasks. However, this ap-429

proach is computationally impractical, as it requires430

K sampling completions and corresponding metric431

evaluations per test instance. The persona distribu-432

tions favored by this strategy vary across tasks, and433

are further discussed in §5.2.434

Regarding expression diversity, individual per-435

sonas exhibit comparable scores, with the436

Crowd-Wisdom Synthesizer showing slightly437

lower values, likely due to its simulation of multi-438

ple expert perspectives that encourages more varied439

narrative structures. Compared to SPE (SFT), the440

score increases after applying SPE (DPO), reflect-441

ing a trade-off introduced by aligning the model’s442

token distribution toward persona-specific behav-443

iors. Nonetheless, this increase is not markedly444

larger than that observed in single-personas.445

5 Discussion446

5.1 Granularity Effects in Logical Alignment447

Our main results measure logical alignment of448

the generated NLE at the paragraph level. To ana-449

lyze alignment at finer granularity, we additionally450

compute sentence-level alignment by decompos-451

Figure 2: Boxplot distributions of sentence- (left) and
paragraph-level (right) logical alignment scores for SFT
(orange) and DPO (blue) models in the SPE.

ing each explanation into sentences and evaluating 452

them against the input-output pair. This enables a 453

more precise characterization of whether observed 454

gains stem from individual sentence-level accuracy 455

or from coherent organization at the paragraph- 456

level. The results are presented in Figure 2. 457

While SPE (SFT) and SPE (DPO) exhibit com- 458

parable alignment at the sentence level, with aver- 459

age scores of 27.03 and 27.72 respectively, DPO 460

achieves substantially higher alignment at the para- 461

graph level, achieving an average score of 61.01, 462

compared to 51.67 for SFT7. This pattern suggests 463

that DPO improves global coherence and cross- 464

sentence consistency. Moreover, DPO exhibits re- 465

duced variability in sentence-level scores, indicat- 466

ing more stable behavior and demonstrating its ef- 467

fectiveness in aligning NLEs. 468

5.2 Persona Selection 469

Dynamics in Best-of-Personas 470

To characterize persona contributions within the 471

best-of-personas, we analyze the proportion of in- 472

7Detailed sentence-level alignment scores for each task
and related statistics are reported in Table 5 of Appendix C.1.
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Figure 3: Persona selection ratios for each QA task
under the best-of-personas with logical alignment.

Figure 4: Persona selection ratios for each NLI task
under the best-of-personas with logical alignment.

stances in which each persona produces the highest-473

scoring NLE. This offers a quantitative view of per-474

sona dominance for each task, capturing how fre-475

quently different reasoning styles yield preferred476

NLEs beyond aggregate performance scores. The477

results are presented in Figures 3 and 48.478

The selected personas across QA tasks reflect479

the structural properties of the underlying datasets.480

HotpotQA requires explicit multi-hop reasoning,481

which favors the System-2 Rationalist due to482

its deliberate, stepwise reasoning style. In con-483

trast, NQopen involves open-ended queries that484

benefit from broad knowledge aggregation, making485

the Crowd-Wisdom Synthesizer more effective.486

These results indicate that effective persona selec-487

tion in QA is closely tied to task-specific reasoning488

and knowledge requirements.489

In contrast, persona selection in NLI tasks is490

less consistent, with no clear stratification by dif-491

ficulty observed in ANLI. Within this context, the492

Schema-based Interpreter achieves the highest493

logical alignment, as NLI emphasizes abstract re-494

lational reasoning over knowledge aggregation. Its495

schema-driven approach aligns naturally with the496

structured premise-hypothesis relations, resulting497

8Although the best-of-personas includes the Naive
Reasoner, we exclude its results in this section to focus on
comparisons across the theoretical personas.

Figure 5: DPO training dynamics across QA tasks, with
the training loss and reward margin between chosen and
rejected responses.

Figure 6: DPO training dynamics across NLI tasks, with
the training loss and reward margin between chosen and
rejected responses.

in more consistent alignment. These greedy best- 498

of-persona results represent an upper bound attain- 499

able in the absence of computational constraints. 500

However, the proposed framework learns sample- 501

conditioned persona preferences, enabling adaptive 502

persona selection at test time. 503

5.3 Training Stability Analysis 504

We examine both the loss and the reward margin 505

between chosen and rejected responses during DPO 506

training, as shown in Figures 5 and 6. The reward 507

margin is computed as the difference between the 508

chosen and rejected implicit rewards, and serves as 509

a direct indicator of preference alignment during 510

DPO optimization. 511

We observe consistent loss convergence and 512

steadily increasing reward margins across all tasks. 513

While the reward margin reaches approximately 514

4-6 for NLI tasks, it converges to a higher value 515

of around 10 for QA tasks. Since the two hyper- 516

parameter settings differ only in batch size due to 517

their dataset scale, these results suggest that our 518

preference dataset enables stable DPO training. 519
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ANLIDataset HotpotQA NQopen
R1 R2 R3

eSNLI

Metric P (ENT) ↑ SED ↓ P (ENT) ↑ SED ↓ P (ENT) ↑ SED ↓ P (ENT) ↑ SED ↓ P (ENT) ↑ SED ↓ P (ENT) ↑ SED ↓
Schema-based Interpreter 30.00 30.15 31.24 30.67 30.32 29.93 29.84 29.76 32.53 28.81 25.25 27.74
Crowd-Wisdom Synthesizer 69.84 24.66 63.89 26.34 44.64 26.11 45.50 25.94 53.15 24.81 48.27 23.46
Self-Play Explainer (SFT) 66.39 20.79 67.32 28.72 47.96 28.62 47.70 26.90 48.35 26.93 32.29 21.81
Self-Play Explainer (DPO) 75.71 30.04 76.29 33.24 47.22 35.08 50.02 34.83 54.48 34.90 68.02 32.95
Self-Play Explainer (SFT)

w Hard Negative
49.82 27.33 50.49 25.81 40.31 25.76 39.07 25.38 42.81 25.60 38.86 22.68

Self-Play Explainer (DPO)
w Hard Negative

31.35 28.74 26.31 29.05 37.87 22.42 38.12 23.75 38.51 22.39 30.54 19.84

Table 2: Performance comparison of the proposed Self-Play Explainer (SPE) framework and its hard negative
variant. Here, the single-persona baselines correspond to the two personas with the highest and lowest logical
alignment across all tasks in the original results in Table 1. P (ENT) represents the entailment probability, where
higher values indicate better logical consistency, while SED measures expression diversity, where lower values
indicate higher diversity. We report the average scores computed over three sampling runs for diversity scores.

5.4 Ablation Study520

To evaluate the functional contribution of the pro-521

posed framework, we conduct an ablation study522

with a hard negative variant. In this setting, ewin is523

defined as the persona ranked fourth according to524

the multi-factor scoring, while elose is selected us-525

ing the same procedure as in the prior setting. The526

same SFT and DPO training pipelines are applied,527

and the results are provided in Table 2.528

Under the standard framework, logical align-529

ment improves steadily from SFT to DPO training,530

whereas the hard negative variant exhibits degraded531

performance. As SFT progresses, scores fall below532

those of the previously strongest single persona,533

the Crowd-Wisdom Synthesizer. This degrada-534

tion is further amplified after DPO training and,535

on NQopen, the logical alignment falls below that536

of the weakest single persona, the Schema-based537

Interpreter. Although diversity scores show im-538

provements across tasks, they are accompanied by539

a substantial decline in logical alignment.540

These results indicate that aggressively con-541

structed preference signals can impair NLE opti-542

mization, resulting in excessive degradation in log-543

ical alignment. We demonstrate that strategically544

leveraging the relations induced by multi-factor545

scoring enables effective DPO training that criti-546

cally improves the logical consistency of NLEs.547

6 Conclusion548

We propose a multi-agent self-play framework549

based on a single model, where NLEs are gener-550

ated from multiple theoretical perspectives for the551

same input-output pair. These explanations are eval-552

uated using a multi-factor scoring that measures553

persona logical alignment, self-critique factuality554

with the reviewer agent, and expression diversity to555

derive relative preferences. The recomposer agent 556

then synthesizes the explanations and enables self- 557

optimization through DPO training. Experimental 558

results demonstrate that our framework improves 559

logical alignment across all tasks compared to 560

single-persona baselines. While no single persona 561

consistently dominates across tasks, our framework 562

achieves stable DPO training and implicitly enables 563

adaptive persona selection at test time. 564

Limitations 565

Persona generalization Our study assumes the 566

utility of persona-conditioned NLEs, without ex- 567

plicitly modeling when personas are required or 568

dynamically assigning them to specific contexts. 569

Instead, by jointly evaluating multiple personas, 570

our approach enables self-optimization in NLE gen- 571

eration and implicitly captures adaptive persona 572

selection behavior. Further exploration is required 573

to assess whether alternative personas may be more 574

effective in other domains. 575

Metric dependency In the absence of ground 576

truth NLEs, our approach relies on multi-factor scor- 577

ing to infer relative preferences rather than imply- 578

ing an optimal metric aligned with human annota- 579

tion9. For more rigorous evaluation, future work is 580

required to develop dedicated metrics that explic- 581

itly reflect persona-conditioned preferences. 582

Computational cost Although our framework 583

introduces training-time overhead from repeated 584

multi-agent inference, we observe stable learning 585

even with the relatively small model, and expect 586

similar trends to larger and more diverse models. 587

9We report GPT-4 win rates in Appendix C.3, along with
an analysis and also its limitations for persona evaluation.
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Ethics Statement588

Persona conditioning is used to explore diversity589

in NLEs and does not represent real individuals or590

social groups. Personas are not tied to demographic591

or sensitive attributes and should be interpreted as592

modeling tools rather than sources of authority. We593

used an LLM with model outputs constrained by594

explicitly defined system prompts, and the model595

was not deployed in ways that introduce safety596

risks. All datasets used in this work are publicly597

available and do not contain personal or sensitive598

user information.599
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A Further Details in Self-Play Explainer 838

A.1 Theory-Grounded Persona Definition 839

• System-2 Rationalist suppresses intuitive 840

judgment (System 1) and promotes analytical 841

reasoning (System 2) to exhibit the model’s 842

internal logical capability. 843

• Counterfactual Analyst assumes alterna- 844

tive scenarios in which specific input elements 845

are altered, introducing causal directionality. 846

• Schema-based Interpreter applies schema 847

structures to interpret the input and identifies 848

conceptual mismatches within them. 849

• Crowd-Wisdom Synthesizer enumerates the 850

perspective of hypothetical experts and aggre- 851

gates commonly supported evidence. 852

A.2 Multi-Factor Preference Scoring 853

Definition of (near-tie) flips We distinguish per- 854

sona selection based on either the target-class logit 855

alone or with the logit gap measure10. 856

kℓ = argmax
k

ℓ
(ENT)
xy,k , (15) 857

kgap = argmax
k

gap(ENT)
xy,k , (16) 858

We define a near-tie flip as follows. 859

i ∈ DNT ⇐⇒


kℓ ̸= kgap

ℓ
(ENT)
xy,kℓ

− ℓ
(ENT)
xy,kgap

≤ ϵ

gap(ENT)
xy,kgap

> gap(ENT)
xy,kℓ

(17) 860

This case occurs when a persona is not selected 861

as the top choice under a margin ϵ based solely on 862

the target-class logit, but becomes preferred once 863

the logit gap measure is applied. We set ϵ to the 864

lower 30% quantile of the top-2 target-class logit 865

margin distribution, where smaller margins indicate 866

ambiguity near the decision boundary. 867

Grid search procedure We evaluate 91 (α, β) 868

combinations by discretizing each pair over the 869

range [−1, 1] with a step size of 0.25. For each 870

training dataset, we compute the flip rate and near- 871

tie flip rate among the flipped cases, and select the 872

best pair that best trades off these two conditions 873

by maximizing the f1 score under the selected ϵ, as 874

reported in Table 3. 875

10https://huggingface.co/MoritzLaurer/
mDeBERTa-v3-base-xnli-multilingual-nli-2mil7
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Dataset SPLA SSCF

ϵ (α, β) ϵ (α, β)

HotpotQA 0.409 (0.75, 0.75) 0.321 (0.50, 0.50)
NQopen 0.455 (1.00, 1.00) 0.314 (0.50, 0.50)
ANLI-R1 0.459 (0.75, 0.75) 0.344 (-0.25, -0.25)
ANLI-R2 0.457 (1.00, 1.00) 0.341 (0.75, 0.75)
ANLI-R3 0.476 (1.00, 1.00) 0.350 (0.75, 0.75)
eSNLI 0.525 (1.00, 1.00) 0.347 (0.50, 0.50)

Table 3: Dataset-specific metric hyperparameters for
defining (near-tie) flips.

B Experimental Details876

B.1 Dataset Curation877

We merged and re-split the datasets into train, dev,878

and test sets with an 8:1:1 ratio using a fixed seed879

to ensure reproducibility. For ANLI, all rounds880

were aligned to the label distribution and sam-881

ple size of R1. For eSNLI, we retained only the882

premise-hypothesis pair with the longest human-883

annotated explanation per pair and kept samples884

whose lengths fell within the top 25% of their dis-885

tributions, indicating higher difficulty.886

Dataset #Train : #Dev : #Test
HotpotQA (Yang et al., 2018) 78,281 : 9,785 : 9,786
NQopen (Lee et al., 2019) 73,228 : 9,153 : 9,154
ANLI (Nie et al., 2020) 15,156 : 1,894 : 1,896
eSNLI (Camburu et al., 2018) 11,118 : 1,389 : 1,391

Table 4: Sample proportions for each dataset used in our
experiments.

B.2 Training Configuration887

We fine-tuned the base model using SFT with888

LoRA adapters, updating only adapter weights.889

Training was conducted in bfloat16 precision with890

a maximum length of 1024 tokens. We used a co-891

sine lr schedule and a warmup ratio of 0.03, setting892

the lr to 5e-6 for QA and 1e-6 for NLI datasets.893

We used a per-device batch size of 2 with gradient894

accumulation steps of 64/32 for QA/NLI datasets,895

and a weight decay of 0.05. For DPO, we set the896

parameter β to 0.05, and kept other configurations897

identical to those of SFT. Both SFT and DPO were898

performed for one training epoch.899

C Additional Experimental Results900

C.1 Granularity Effects in Logical Alignment901

We present the per-task detailed scores correspond-902

ing to Figure 2 in Table 5.903

Dataset Sentence-lev.
SPE (SFT) SPE (DPO)

HotpotQA 17.29 25.90
NQopen 11.28 14.41
ANLI-R1 35.01 33.13
ANLI-R2 32.91 32.63
ANLI-R3 39.49 33.70
eSNLI 26.21 26.54
avg (stddev) 27.03 (0.099) 27.72 (0.067)

Dataset Paragraph-lev.
SPE (SFT) SPE (DPO)

HotpotQA 66.39 75.71
NQopen 67.32 70.63
ANLI-R1 47.96 47.22
ANLI-R2 47.70 50.02
ANLI-R3 48.35 54.48
eSNLI 32.29 68.02
avg (stddev) 51.67 (0.120) 61.01 (0.108)

Table 5: Logical alignment scores at the sentence and
paragraph levels with mean (standard deviation) for each
dataset using the SPE framework.

C.2 Persona Selection 904

Dynamics in Best-of-Personas 905

We present the per-task detailed ratios correspond- 906

ing to Figure 3 and 4, in Table 6. 907

Dataset k=1 k=2 k=3 k=4
HotpotQA 25.84 14.36 14.00 4.71
NQopen 17.83 30.33 11.38 40.44
ANLI-R1 21.62 5.74 36.33 5.95
ANLI-R2 28.00 28.11 14.34 29.53
ANLI-R3 23.31 10.49 31.11 4.79
eSNLI 19.91 11.43 25.52 6.47

Table 6: Persona selection ratios for each task under the
best-of-personas with logical alignment. k denotes the
theoretical persona index.

C.3 Analysis of GPT-4 Win Rate 908

Although we obtain competitive win rates, GPT- 909

based evaluation favors generic and concise out- 910

puts (Wataoka et al., 2024), underscoring the need 911

for LLM-as-a-judge approaches that better assess 912

logical reasoning across theoretical perspectives. 913

Dataset HotpotQA NQopen ANLI-R1 ANLI-R2 ANLI-R3 eSNLI
win (%) 51.0 39.7 49.0 47.7 45.4 45.1

Table 7: GPT-4.1-mini win rates of the DPO compared
to the SFT under the proposed framework.
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D Prompt Constructions 914

# Naive Reasoner Agent
You are the Naive Reasoner, an explanation-oriented agent that relies on your own internal knowledge
and intuitive associations.
{shared system-instructions}

915

# System-2 Rationalist Agent
You are the System-2 Rationalist, an explanation-oriented agent grounded in dual-process theories
of human cognition.
Your role is to generate explanations for a task’s prediction using slow, deliberate, and analytically
structured reasoning.
Your explanations must reflect the characteristics of system-2 thinking: provide step-by-step
justification, maintain logical coherence, and avoid relying on intuitive shortcuts into a coherent
interpretation.
{shared system-instructions}

916

# Counterfactual Analyst Agent
You are the Counterfactual Analyst, an explanation-oriented agent grounded in causal inference and
counterfactual reasoning.
Your role is to generate explanations for a task’s prediction by exploring how the outcome would
change under alternative causal conditions.
Your explanations must reflect the characteristics of counterfactual thinking: focus on the causal
factors behind the prediction, avoid irrelevant details, and use clear "what-if" contrasts into a
coherent interpretation.
{shared system-instructions}

917

# Schema-based Interpreter Agent
You are the Schema-based Interpreter, an explanation-oriented agent grounded in schema theory and
frame semantics.
Your role is to generate explanations for a task’s prediction by identifying the conceptual schema
and explaining how it guides the meaning-making process.
Your explanations must reflect the characteristics of schema-based reasoning: highlight the
underlying structure, map input elements to its schema components, and show how this structure
yields a coherent interpretation.
{shared system-instructions}

918

# Crowd-Wisdom Synthesizer Agent
You are the Crowd-Wisdom Synthesizer, an explanation-oriented agent grounded in principles of
collective intelligence.
Your role is to generate explanations for a task’s prediction by simulating multiple expert
perspectives and combining their insights into a unified account.
Your explanations must reflect the characteristics of crowd-wisdom thinking: generate diverse
hypothetical viewpoints, identify shared or recurring cues, and synthesize shared insights into a
coherent interpretation.
{shared system-instructions}

919

Figure 7: System prompts used for our theory-grounded explanatory personas.

# Naive Reasoner Agent
{task-specific instructions}

{shared user-instructions}
920

# System-2 Rationalist Agent
{task-specific instructions}

Generate a System-2-style explanation that justifies the predicted output using slow, deliberate,
analytically structured reasoning.

Use the following structure as your internal reasoning guideline (do not output):

<structure>
1. Identify the key input factors that are relevant to the output.

921
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2. For each factor, provide a clear reasoning step that connects it to the output in a sequential
manner.
3. After laying out the steps, arrive at intermediate conclusions and see how they progressively
narrow toward the output.
4. Use these intermediate conclusions to justify why the output is the most reasonable result.
</structure>

{shared user-instructions}
922

# Counterfactual Analyst Agent
{task-specific instructions}

Generate a Counterfactual-style explanation that justifies the predicted output by exploring how
the outcome would change under alternative causal conditions.

Use the following structure as your internal reasoning guideline (do not output):

<structure>
1. Identify the key input factors that causally influence the output.
2. Explain how each factor contributes to or enables the output.
3. Present at least one counterfactual scenario showing how altering a key factor would change the
output.
4. Use this contrast to justify why the output is the most reasonable result.
</structure>

{shared user-instructions}
923

# Schema-based Interpreter Agent
{task-specific instructions}

Generate a Schema-based explanation that justifies the predicted output by identifying the
conceptual schema and explaining how it guides the meaning-making process.

Use the following structure as your internal reasoning guideline (do not output):

<structure>
1. Identify the conceptual schema or frame that the input most naturally activates.
2. Map the relevant elements of the input to the appropriate components within this schema.
3. Explain how the relationships encoded in this schema shape the interpretation of the input and
output.
4. Use this process to justify why the output is the most reasonable result.
</structure>

{shared user-instructions}
924

# Crowd-Wisdom Synthesizer Agent
{task-specific instructions}

Generate a Crowd-wisdom-style explanation that justifies the predicted output by simulating
multiple expert perspectives and combining their insights into a unified account.

Use the following structure as your internal reasoning guideline (do not output):

<structure>
1. Simulate several expert viewpoints, each offering a distinct interpretation of the input and
output.
2. Identify the cues or reasoning patterns that consistently recur across these viewpoints.
3. Treat these recurring elements as collectively supported insights and merge them into a unified
account.
4. Use this synthesis to justify why the output is the most reasonable result.
</structure>

{shared user-instructions}
925

Figure 8: User prompts used for our theory-grounded explanatory personas.
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# Self-Critique Reviewer Agent
# system prompt
You are the Self-Factuality Critic, an explanation-evaluating agent that assesses the reasoning
faithfulness of an explanation with respect to the given input-output relationship.
Your role is to critically evaluate the factuality and plausibility of the given model-generated
explanation.
Your final response must contain exactly two components: a single scale from the three predefined
scales, and a claim-level critique that justifies why the explanation fits that scale.

# user prompt
{task-specific instructions}

Explanation: {explanation}

First, assign the given explanation to exactly one of the following three scales.

[Substantially unsupported] Most of the claims in the explanation do not faithfully reflect
the relationship between the input and output, and several claims rely on hallucinated, incorrect,
or contradictory information.
[Partially unsupported] Some claims in the explanation appropriately reflect aspects of the
input-output relationship, but the explanation also contains speculative or partially hallucinated
information.
[Fully supported] The claims in the explanation faithfully describe the relationship between the
input and output, with no major factual inconsistencies or hallucinations.

Second, provide a claim-level critique that justifies why the selected scale is appropriate
and specifies the grounds on which the explanation is being critically evaluated.

Now write your claim-level critique as a short paragraph that must not exceed five sentences.
Do not repeat or restate the input, output, or explanation, and do not use bullet points or numbered
lists.
Output only the scale and the critique text.

Scale: <one of the three scales>

Claim-level critique: <a short paragraph>
926

# Meta-Explanation Recomposer Agent
# system prompt
You are the Meta-Explanation Recomposer, a constrained aggregation agent that synthesizes multiple
explanations into a single, coherent, and faithful final explanation aligned with the given
input-output relationship.
Your role is to rigorously analyze the provided explanations, identify mutually supported reasoning,
eliminate contradictory or unsupported elements, and construct a refined explanation.
Your refined explanations must maximize reliability, interpretability, and human-readable
naturalness while avoiding any hallucinated content.
If the candidate explanations conflict, you must explicitly resolve the conflict and adopt only
one consistent interpretation, discarding the other.

# user prompt
{task-specific instructions}

Synthesize these candidate explanations into a single final explanation that is faithful to
the input–output relationship and strictly grounded in the reasoning contained within the
candidates above.

Use the following structure as your internal reasoning guideline (do not output):

<structure>
1. Extract the key reasoning elements from candidate explanations.
2. Compare the reasoning to identify overlapping evidence, consistent elements, and any
contradictions or incompatible interpretations between the candidates.
3. If conflicting interpretations exist, explicitly decide which interpretation is more coherent
and better supported, and discard the other.
- Do NOT present the discarded interpretation as partially valid, plausible, or still relevant; it
must be fully excluded from the refined explanation.
- Consistency is strictly prioritized over coverage.
4. Based on this analysis, generate one final recomposed explanation that supports exactly one
coherent interpretation that is:

927
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- faithful to the input-output relationship,
- logically consistent and evidence-grounded,
- reliable, interpretable, and natural to read,
- free from hallucinated or speculative contents.
5. When appropriate, you may reuse or adapt portions of the expressions from the candidate
explanations for better refined explanation.
</structure>

{shared user-instructions}
928

Figure 9: System and user prompts used for the Self-Critique Reviewer and Meta-Explanation Recomposer
agents.

# Shared system-instructions
Do NOT include any acknowledgement or meta text (e.g., "Okay", "I understand", "Sure", "I will",
"Here is", etc.).
Do NOT paraphrase, summarize, or quote the input or the output; refer to them only implicitly
through abstract reasoning.
Output only a single explanatory paragraph of at most five sentences, and nothing else.

929

# Shared user-instructions
Now write your {agentic}-style explanation as a short paragraph that must not exceed five sentences.
Do not use bullet points or numbered lists; output only the explanation text.

Write the explanation now. Start directly with the explanation content.
930

# Task-specific instructions: Generating NLEs
You are given a question and its appropriate answer. Assuming the answer is correct, generate a
well-justified explanation that clearly articulates the relationship between the question and the
answer.
(or) You are given a premise and a hypothesis, along with their appropriate logical label.
Assuming the label is correct, generate a well-justified explanation that clearly articulates the
relationship between the premise-hypothesis pair and the label.

# Task-specific instructions: Self-Critique Agent
You are given a question and its appropriate answer. Your task is to evaluate whether the claims in
the explanation faithfully and sufficiently justify the relationship between the input and output.
(or) You are given a premise and a hypothesis, along with their appropriate logical label. Your
task is to evaluate whether the claims in the explanation faithfully and sufficiently justify the
relationship between the input and output.

# Task-specific instructions: Meta-Explanation Recomposer Agent
You are given a question and its appropriate answer. Among multiple generated explanations, two
priority candidates have been selected according to their relevance to the given input–output
relationship.
(or) You are given a premise and a hypothesis, along with their appropriate logical label. Among
multiple generated explanations, two priority candidates have been selected according to their
relevance to the given input–output relationship.

# Shared format
Input: {input}
Output: {output}

931

Figure 10: Shared system and user instructions, along with task-specific instructions. These are used for all multi-
agents in our study.
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