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Abstract

Large Language Models enhanced with Re-001
trieval Augmented Generation show strong po-002
tential in knowledge intensive tasks. How-003
ever, they often encounter knowledge conflicts,004
where retrieved information contradicts the005
model’s internal knowledge or exhibits internal006
inconsistencies. Existing methods treat this as007
a simplistic binary choice, forcing models to008
blindly trust external contexts or rigidly rely009
on memory, resulting in unreliable predictions010
that swing between sycophancy and stubborn-011
ness. We argue that a more principled approach012
is to embrace contradictions as opportunities013
for deeper reasoning. To this end, we intro-014
duce Debate-of-Thoughts (DoT), a framework015
that transforms conflict resolution into an ac-016
tive deliberation process. DoT guides a sin-017
gle model through three phases: 1) hypoth-018
esis generation, which forms competing per-019
spectives; 2) internal debate, where the model020
acts as both a proponent and a critic to stress021
test each view; and 3) adjudication, where a022
judge module evaluates arguments based on ev-023
idence and logical consistency. We implement024
DoT via two complementary strategies: infer-025
ence time prompt chaining and supervised fine026
tuning. Experiments across multiple conflict027
benchmarks show that DoT consistently out-028
performs state-of-the-art methods, while gen-029
erating transparent debate transcripts that ex-030
plain its decisions. By improving both accuracy031
and interpretability under knowledge conflicts,032
DoT establishes a more reliable paradigm for033
retrieval augmented generation systems. We034
will publicly release our code upon acceptance.035

1 Introduction036

Large Language Models (LLMs) have demon-037

strated extraordinary capabilities across various038

tasks that are knowledge intensive (Brown et al.,039

2020; Chowdhery et al., 2023). Retrieval-040

Augmented Generation (RAG) further expands041

their boundaries with real-time, domain-specific042

Document A

ENIAC was completed 
In 1943, used for
WWII calculations.

Document B
ENIAC was completed 
In 1946, and it was 
the first electronic 
digital computer.

Contextual 
Conflict

My internal data clearly indicates that ENIAC was completed in 
1945 and is not the first commercial computer.

Context-Memory 
Conflict

I. External Retrieved Evidence

II. Internal Parametric Memory

User Query: When was ENIAC completed?

Output: [ERROR]/[UNCERTAINTY] 1943? 1945? 1946?

Figure 1: An illustration of Knowledge Conflicts,
where a model faces both Contextual Conflict (from
contradictory retrieved evidence) and Context-Memory
Conflict (between external evidence and internal mem-
ory), posing a critical challenge for LLMs.

external information, effectively mitigating halluci- 043

nations and knowledge obsolescence (Lewis et al., 044

2020; Gao et al., 2023; Guu et al., 2020). However, 045

despite the remarkable progress of RAG, real-world 046

unstructured data is often laden with noise and in- 047

consistencies (Xu et al., 2024b; Ji et al., 2023). 048

For instance, news reports on the same event may 049

present contradictory accounts, or recent web in- 050

formation might conflict with encyclopedic knowl- 051

edge from the model’s pre-training (De Cao et al., 052

2021). When retrieved contexts contain such con- 053

tradictory statements or conflict with the knowl- 054

edge acquired during pre-training, models face 055

the severe challenge of Knowledge Conflicts (Fig- 056

ure 1) (Xu et al., 2024a; Wang et al., 2023; Rashkin 057

et al., 2021). This has become a critical bottleneck 058

constraining the reliability of RAG systems. 059

To address this challenge, recent research has 060

proposed various methods to enhance model faith- 061
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fulness to retrieved contexts. These works can062

be broadly categorized into two streams: 1)063

Prompting-based methods, which design explicit064

instructions or provide few shot examples to pri-065

oritize retrieved information (Wei et al.; Vu et al.,066

2024; Asai et al., 2024); and 2) Decoding-based067

methods, which intervene during generation by ad-068

justing token probabilities or incorporating entropy-069

based constraints, to enforce alignment with the070

context (Li et al., 2023; Shi et al., 2024).071

These methods enforce superficial faithfulness072

by suppressing parametric knowledge rather than073

resolving conflicts, reducing the complex task of074

knowledge integration to a passive binary selection075

that compels the model either to comply unques-076

tioningly with the context or to adhere rigidly to077

its internal memory (Jeong et al., 2024). While078

potentially effective in straightforward scenarios,079

this predominant paradigm of suppression and se-080

lection is intrinsically inadequate for addressing081

the intricate conflicts in real-world applications.082

First, excessive suppression of intrinsic knowl-083

edge impairs the model’s critical reasoning capac-084

ity, leaving it unable to detect subtle errors, biases,085

or logical inconsistencies within retrieved infor-086

mation. Consequently, the risk increases that the087

model will uncritically propagate erroneous con-088

tent, ultimately leading to hallucinations.089

Second, genuine knowledge conflicts are seldom090

dichotomous. A purely selection-based approach091

forces the model into a binary choice, often discard-092

ing nuanced or partially correct information from093

sources deemed less reliable. This simplification094

prevents the model from synthesizing a more accu-095

rate answer from multiple, imperfect sources, effec-096

tively discarding valuable information along with097

the noise (Li et al., 2016). Current suppression-098

based methods cannot emulate the deeper cognitive099

process of nuanced synthesis that balances con-100

flicting information. They capture only the rapid,101

intuitive mode of human cognition, while lacking102

the deliberate, analytical reasoning essential for dis-103

entangling and reconciling complex contradictions.104

To fundamentally move beyond this passive105

paradigm and enable models to critically evaluate106

conflicting information, we propose the Debate-of-107

Thoughts (DoT) framework. It transforms knowl-108

edge conflicts into opportunities for deeper rea-109

soning. Instead of masking contradictions, DoT110

leverages them as catalysts for a structured internal111

debate. The core idea is to guide a single language112

model through a three-phase dialectical process: 1)113

actively generating competitive hypotheses repre- 114

senting different information sources (context vs. 115

memory); 2) subjecting each hypothesis to rigorous 116

stress testing and logical scrutiny via adversarial in- 117

ternal debate involving Proponent and Critic roles; 118

and 3) deriving a final verdict through a Judge mod- 119

ule based on evidential sufficiency and logical con- 120

sistency. In this way, DoT not only resolves com- 121

plex knowledge conflicts more accurately but also 122

generates complete debate transcripts, providing 123

unprecedented interpretability and transparency for 124

the model’s decision-making. The main contribu- 125

tions of this paper are as follows: 126

• Internal Debate Paradigm: We formalize 127

the knowledge conflicts resolution task as an 128

adversarial reasoning process. By simulating 129

defense and critique mechanisms within a sin- 130

gle model, we effectively activate its intrinsic 131

critical thinking and logical reasoning capa- 132

bilities, moving beyond passive selection. 133

• Dual Implementation Mechanisms: We 134

explore two complementary implementation 135

paths: flexible inference time Prompt Chain- 136

ing (DoT-Prompting) and efficient end to end 137

Supervised Fine Tuning (DoT-Tuning). We 138

also provide a comparison of their inference 139

overhead and performance ceilings, thereby 140

supporting diverse application requirements. 141

• Interpretability and Robustness: Extensive 142

experiments show that our method achieves 143

State-of-the-Art performance on multiple con- 144

flict QA benchmarks. Moreover, it outputs 145

human-readable debate transcripts, signifi- 146

cantly enhancing the transparency and trust- 147

worthiness of model decisions under conflict. 148

2 Related Work 149

Knowledge Conflicts. RAG (Lewis et al., 2020) 150

has exacerbated the discrepancies between exter- 151

nally retrieved information and internal paramet- 152

ric knowledge, a phenomenon formally termed 153

Knowledge Conflicts (Longpre et al., 2021; Xu 154

et al., 2024a). When confronted with misleading 155

or counterfactual contexts, models exhibit unpre- 156

dictable behaviors, oscillating between stubbornly 157

ignoring correct information and blindly adher- 158

ing to erroneous evidence sycophancy (Xie et al., 159

2023; Bi et al., 2025). Such conflicts also per- 160

vade mutually contradictory retrieved document 161

fragments Context-Context Conflict (Jiang et al., 162
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2025; Li et al., 2025). Although Chain-of-Thought163

(COT) (Wei et al., 2022) enhances general reason-164

ing capabilities, in conflict scenarios, models are165

prone to confirmation bias, often fabricating ratio-166

nalizations for initially erroneous intuitions (Jin167

et al., 2024) . Consequently, effectively resolving168

knowledge conflicts has become a critical bottle-169

neck for improving the robustness of RAG systems.170

Approaches to Conflict Resolution. Existing171

methodologies primarily focus on two strategic im-172

peratives: reinforcing contextual faithfulness and173

bolstering discriminative capabilities. Prompting-174

based methods employ instructions to guide models175

to prioritize retrieved contexts (Zhou et al., 2023),176

while decoding-based methods (e.g., CAD (Shi177

et al., 2024), COIECD (Yuan et al., 2024)) in-178

tervene in inference probabilities to amplify the179

weight of context. Although CoT and its variants180

like CoT-SC (Narang et al., 2023) improve pro-181

cedural transparency, these approaches essentially182

force the model into a passive selection. They lack183

deep investigation into the roots of contradictions184

and struggle to balance the suppression of intrinsic185

memory with compliance to external sources. Re-186

cent attempts involving self-reflection (e.g., Faith-187

fulRAG (Zhang et al., 2025), Self-Refine (Madaan188

et al., 2023)) often face high computational costs189

and lack clear evidential weighting mechanisms.190

To fundamentally overcome this bottleneck, we pro-191

pose the DoT framework. Unlike existing methods192

aimed at making simple choices, DoT transforms193

conflict into a reasoning cue. By enabling struc-194

tured adversarial debate within a single model, it195

achieves a paradigm shift from passive compliance196

to active deliberation.197

3 Methodology198

This section presents the Debate-of-Thoughts199

(DoT) framework for resolving knowledge con-200

flicts in LLMs. We first formalize the problem set-201

ting (Section 3.1), then detail its three core compo-202

nents: Multi-Hypothesis Generation (Section 3.2),203

Adversarial Internal Debate (Section 3.3), and Evi-204

dential Adjudication (Section 3.4), before describ-205

ing the implementation strategies (Section 3.5).206

3.1 Problem Statement207

In Retrieval-Augmented Generation (RAG), given208

a query q and a retrieved context set C =209

{c1, . . . , cN}, knowledge conflicts arise when C con-210

tains internal contradictions or conflicts with the211

LLM’s parametric knowledge Kθ. We aim to learn212

a generative model Pθ that produces both a factu- 213

ally accurate answer a and a structured reasoning 214

trajectory T , maximizing Pθ(a, T |q,C). 215

Our Approach. To resolve such conflicts, we pro- 216

pose the DoT framework, which transforms passive 217

conflict suppression into active dialectical reason- 218

ing. As illustrated in Figure 2, DoT comprises three 219

interconnected components that simulate human- 220

like deliberation: 1) generating multiple competing 221

hypotheses, 2) subjecting them to adversarial inter- 222

nal debate, and 3) synthesizing arguments through 223

evidence-based adjudication. 224

3.2 Multi-Hypothesis Generation 225

To prevent premature convergence to potentially 226

erroneous answers, DoT first generates multiple 227

competing hypotheses that explicitly represent dif- 228

ferent perspectives from conflicting sources. We 229

define a generation functionMgen that takes query 230

q, context C, and parametric knowledge Kθ as in- 231

puts, and outputs a set of M distinct hypotheses: 232

H = {h1, . . . , hM} =Mgen(q,C,Kθ) (1) 233

Mgen is instructed to identify inconsistencies ei- 234

ther within C or between C and Kθ. Each hypothe- 235

sis hi must satisfy two criteria: being distinct, mean- 236

ing it represents a unique perspective compared to 237

other hypotheses, and being grounded, meaning it 238

is explicitly attributed to a specific source, which 239

could be either a retrieved document c j ∈ C or the 240

model’s internal knowledge. This explicit anno- 241

tation transforms implicit conflicts into debatable 242

candidate answers. 243

This phase operates under the Latent Coverage 244

Assumption: the correct answer resides in C ∪ 245

Kθ. ThusMgen aims to maximize recall of diverse 246

viewpoints, ensuring the correct answer enters the 247

debate pool. 248

3.3 Multi-Role Adversarial Internal Debate 249

This phase constitutes the core innovation of DoT, 250

subjecting each hypothesis from Phase 1 to rig- 251

orous stress testing through simulated dialectical 252

reasoning. Unlike conventional methods that rely 253

on a single reasoning trajectory, DoT intentionally 254

introduces structured cognitive conflict by instan- 255

tiating adversarial roles within the same model. 256

This forces the model to confront contradictory 257

evidence from distinct sources, thereby moving be- 258

yond superficial linguistic rephrasing and engaging 259

in substantive deliberation driven by evidence. 260
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User Query: Who is the current official men's marathon world record holder, and what is the time?

C1: Eliud Kipchoge set 2:01:09 official record in Berlin (Sept 2022)

C2: Kipchoge ran fastest 1:59:40 in Vienna challenge (Oct 2019)

C3: Kelvin Kiptum ran 2:00:35 in Chicago, breaking record (Oct 2023)

External Retrieved Evidence Internal Parametric Memory

Memory: Kipchoge is long-time record holder (~2:01)

Constraint Knowledge: 
Kipchoge’s 1:59:40 was unofficial due to aid.

Phase 1
Multi-Hypothesis Generation

H1 (Misleading Trap)
Kipchoge, 1:59:40.

H2 (Outdated Memory)
Kipchoge, 2:01:09.

H3 (Lastest Fact)
Kiptum, 2:00:35.

Phase 2   Multi-Role Adversarial Internal Debate

Proponent Critic

C2 records 
the fastest 
time.

“Official” required, 
1:59:40 was 
unofficial (memory). 
Evidence invalid. 

Proponent Critic

C1 states Kipchoge 
is the official 
holder, matching 
long-term memory.

C1 is 2022. C3(2023) 
states record broken. 
Info is outdated.

Proponent Critic

C3 provides latest 
evidence of new 
official record: 
Kiptum, 2:00:35.

Conflicts with 
established memory of 
Kipchoge. Single source, 
require caution.

On H3On H2On H1

Phase 3 Evidential Adjudication

Hypothesis 𝑺𝒆𝒗𝒊𝒅 (Support) 𝑺𝒍𝒐𝒈𝒊𝒄 (Consistency) 𝑺𝒔𝒐𝒖𝒓𝒄𝒆 (Reliability)

H1 (Trap) √ High (C2) × Low (Fatal error – unofficial) ~ Med (Older blog)

H2 (Outdated) √ High (C1) ~ Med (Self-consistency) × Low (Outdated)

H3 (Latest) √ High (C3) √ High (Consistent chain) √ High (Latest & authoritative)

Kiptum, 2:00:35.

Final Answer

Figure 2: Overview of the Debate-of-Thoughts (DoT) framework. Given conflicting contexts (C1-C3) and
internal knowledge, DoT generates multiple competing hypotheses (H1-H3). These then undergo adversarial debate
between Proponent and Critic roles, before the Judge evaluates the arguments to select the best supported answer.

For each hypothesis hi ∈ H, we instantiate two261

agent roles with complementary objectives and262

strict information constraints:263

The Proponent (Aprop): Its goal is to maximize264

the credibility of hypothesis hi. Aprop actively265

searches for supportive evidence E+i within con-266

text C or parametric knowledge Kθ, and constructs267

a deductive reasoning chain to argue for the ratio-268

nality of hi, focusing on mining and expanding all269

supportive details within the premise.270

The Critic (Acrit): Its goal is to challenge hi’s271

credibility while strictly avoiding premises used by272

the Proponent. Acrit performs three critical func-273

tions: (a) identifying logical fallacies in the propo-274

nent’s reasoning; (b) assessing evidence reliability275

(e.g., outdated or non-authoritative sources); and276

(c) introducing counter-evidence E−i from alterna-277

tive parts of C or Kθ.278

For each hypothesis hi, the model generates a279

structured debate record Di, containing arguments280

from both sides:281

Di = (Arg(i)
prop, Arg(i)

crit) (2)282

This mechanism ensures that every hypothesis un-283

dergoes rigorous scrutiny from both positive and284

negative angles, thereby effectively suppressing285

Confirmation Bias and preventing the model from286

exhibiting a bias towards initial hypotheses, en-287

suring that Aprop and Acrit engage in substantive288

reasoning rather than mere stylistic confrontation.289

3.4 Evidential Adjudication 290

Following the debate, a neutral Judge (M judge) 291

evaluates each hypothesis through a quantification- 292

first strategy: multi-dimensional scoring precedes 293

explanatory text generation, ensuring transparent 294

decision-making. The Judge scores each debate 295

record Di = (Arg(i)
prop, Arg(i)

crit) across three normal- 296

ized dimensions [0, 1]: 297

• Evidential Support (S (i)
evid): Assesses how 298

well the arguments are grounded in the pro- 299

vided context. This dimension quantifies fi- 300

delity by rewarding precise, verbatim quota- 301

tions and penalizing claims that lack direct 302

support or constitute hallucinations. 303

• Logical Consistency (S (i)
logic): Measures the 304

internal coherence and soundness of the argu- 305

mentation. This score reflects the degree to 306

which the reasoning is self-consistent, effec- 307

tively addresses contradictory evidence, and 308

avoids fallacious patterns. 309

• Source Reliability (S (i)
source): Applies a de- 310

fined reliability hierarchy to evidence, priori- 311

tizing recent over outdated information, spe- 312

cific authoritative sources over vague claims, 313

and direct firsthand accounts over indirect re- 314

ports. This process simulates human judg- 315

ment in situations of evidential conflict. 316
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Each hypothesis receives a score vector, with the317

optimal answer selected via:318

a∗ = arg max
hi∈H

(
S (i)

evid + S (i)
logic + S (i)

source

)
(3)319

The model subsequently generates the final de-320

bate transcript T f inal. This score-first methodol-321

ogy bases decisions on logical deduction instead322

of generative randomness, which strengthens out-323

put trustworthiness. We validated the reliability of324

this automated scoring process, which showed a325

strong correlation with human expert judgments326

(see Appendix C.4).327

Fallback for Coverage Failure. To handle cases328

where no hypothesis is sufficiently reliable (the329

Latent Coverage Assumption is violated), the Judge330

module employs a confidence threshold τ = 0.6.331

If all hypothesis scores fall below τ, the system332

outputs an Uncertain verdict instead of selecting333

a low confidence answer. This prevents forced334

decisions when evidence is universally weak (see335

Appendix D).336

3.5 Implementation Strategies337

We implement the DoT framework through two338

complementary strategies: DoT Prompting, which339

executes the deliberation process via prompt chain-340

ing at inference time, and DoT Tuning, which in-341

ternalizes the process into model parameters via342

supervised fine tuning.343

3.5.1 DoT Prompting344

DoT Prompting leverages the in context learning345

ability of LLMs. It decomposes the DoT process346

into a sequential prompt chain, where the output of347

each phase is formatted as the input context for the348

next. Details are provided in Appendix A.3.349

This approach offers several advantages. First,350

it requires no training and is directly applicable to351

existing LLMs. Second, it is fully interpretable, as352

all intermediate reasoning steps are produced as353

human readable text. Third, it is highly flexible,354

allowing prompt templates to be customized for dif-355

ferent tasks. The primary trade off is the increased356

inference cost due to multi step reasoning.357

3.5.2 DoT Tuning358

To improve inference efficiency, we introduce DoT359

Tuning. This approach internalizes the deliber-360

ative reasoning patterns of DoT into a smaller361

model’s parameters through supervised fine tun-362

ing, enabling it to perform integrated deliberation363

without relying on explicit multi step prompting.364

Data Construction: We first utilize the DoT- 365

Prompting strategy with high-performance teacher 366

models (Qwen3-72B-Instruct and GPT-4) to gen- 367

erate high-quality deliberative reasoning trajecto- 368

ries on conflict datasets. Only trajectories leading 369

to correct final answers are selected as positive 370

examples. We thus construct a training dataset 371

Dtrain = {(x( j), y( j)
DoT )}Ntrain

j=1 , where: 372

• Input x consists of the original query q and 373

conflict context C. 374

• Target output yDoT is a structured text se- 375

quence containing the complete DoT process 376

(hypothesis generation, debate, adjudication). 377

Training Objective: We train the model using the 378

standard negative log likelihood loss overDtrain: 379

LS FT (θ) = −
∑
Dtrain

|yDoT |∑
t=1

log Pθ(yDoT,t|yDoT,<t, x)

(4) 380

The essence of DoT-Tuning is the distillation of 381

structured reasoning patterns, rather than simple 382

textual imitation. By fusing trajectories from mul- 383

tiple teachers, the student model learns the frame- 384

work level deliberation pattern, instead of copying 385

the phrasing style of a specific teacher. Therefore, 386

the student model achieves high decision accuracy 387

on unseen conflict problems, which demonstrates 388

that DoT Tuning is an effective knowledge distilla- 389

tion strategy for reasoning. 390

3.6 Methodological Comparison 391

DoT differs fundamentally from Self-Consistency 392

(SC) (Narang et al., 2023). SC relies on a Fre- 393

quency Assumption that the most frequent answer 394

across sampled paths is correct. However, when 395

conflict contexts systematically mislead the model, 396

the incorrect answer can dominate these paths, 397

causing SC to fail. 398

In contrast, DoT relies on a Dialectical Verifica- 399

tion mechanism. It does not depend on the initial 400

probability distribution but allows the correct an- 401

swer to emerge through superior argumentation 402

quality via a structured debate process, even if it 403

was not the highest-probability option during the 404

initial hypothesis generation phase. This mecha- 405

nism grants DoT greater robustness when facing 406

systematic deception. 407

Furthermore, DoT distinguishes itself from stan- 408

dard CoT extensions through its inherent adver- 409

sarial nature. Standard CoT is typically a single- 410

path self-confirmation process, prone to falling into 411
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Models Methods FaithEval MuSiQue SQuAD
Unanswerable Inconsistent Counterfactual

Llama-3.1-8B-Instruct

No-Context 24.4 17.1 10.2 29.3 28.0
Full-Context 42.5 56.3 35.3 65.1 69.9
CoT 39.7 58.6 39.1 67.6 67.8
CoT-SC 44.3 59.4 34.8 66.9 71.6
Opin(Instr) 46.3 59.7 39.5 68.5 72.1
KRE 37.9 51.4 33.2 59.6 64.7
CAD 46.1 58.6 39.2 71.3 71.9
COIECD 53.3 62.7 46.4 70.1 72.3
FaithfulRAG 44.7 73.4 59.6 77.2 80.1
DoT-Prompting 58.2 82.3 64.9 80.4 82.8
DoT-Tuning 64.7 86.9 69.2 83.6 87.9

Qwen3-8B

No-Context 44.8 49.3 33.7 33.1 34.2
Full-Context 69.1 72.4 56.2 59.6 71.9
CoT 67.8 75.9 58.4 62.3 70.5
CoT-SC 70.5 74.2 56.1 60.7 73.4
Opin(Instr) 72.3 73.8 59.5 61.8 74.5
KRE 65.7 67.1 50.3 54.9 67.3
CAD 73.4 75.7 61.4 63.4 74.1
COIECD 75.2 78.6 69.6 64.3 74.7
FaithfulRAG 70.3 83.6 73.1 70.4 79.3
DoT-Prompting 79.4 87.0 76.3 72.8 81.9
DoT-Tuning 82.8 89.1 79.2 75.6 85.3

Table 1: Main experimental results on Llama-3.1-8B-Instruct and Qwen3-8B. Best results are in bold. DoT-
Tuning significantly outperforms all baselines. The best result is highlighted in bold.

Confirmation Bias. DoT, by enforcing a debate be-412

tween opposing sides, ensures that key hypotheses413

are rigorously challenged, thereby producing more414

reliable and comprehensive reasoning.415

4 Experiments416

4.1 Setup417

Datasets. We conduct experiments on three bench-418

marks. FaithEval (Ming et al., 2024) covers com-419

plex logical conflicts and counterfactual scenarios.420

MuSiQue (Trivedi et al., 2022) and SQuAD (Ra-421

jpurkar et al., 2016) are adapted from KRE (Ying422

et al., 2024), introducing fact-level knowledge con-423

flicts where only contradictory factual statements424

appear in the context. Together, these datasets form425

a comprehensive testbed encompassing context-426

memory conflicts, context-context conflicts, and427

unanswerable boundary scenarios.428

Baselines. We compare DoT against three cate-429

gories of representative approaches: General Rea-430

soning Baselines (e.g., CoT, CoT-SC (Narang et al.,431

2023)), Standard and Prompting Baselines (e.g.,432

Opin(Instr) (Zhou et al., 2023), KRE), and exist-433

ing Conflict-Resolution Frameworks (e.g., Faithful-434

RAG (Zhang et al., 2025), CAD (Shi et al., 2024)435

and COIECD (Yuan et al., 2024)).436

Comprehensive details regarding datasets, base- 437

lines, and implementation settings are provided in 438

Appendix A. 439

4.2 Main Results 440

We evaluated all methods across two open-source 441

models of varying architectures: Llama-3.1-8B- 442

Instruct (Grattafiori et al., 2024) and Qwen3- 443

8B (Yang et al., 2025). For our DoT framework, 444

we report results for both variants: DoT-Prompting 445

and DoT-Tuning. The main results, presented in 446

Table 1, demonstrate that the DoT framework sig- 447

nificantly outperforms all baselines. 448

Superiority across Benchmarks. On Llama-3.1- 449

8B-Instruct model, DoT-Tuning improves upon 450

the best baseline results by substantial margins 451

of 11.4% (Unanswerable), 13.5% (Inconsistent), 452

and 9.6% (Counterfactual) on the three FaithE- 453

val subtasks, respectively. On the MuSiQue and 454

SQuAD datasets, DoT-Tuning also achieves sig- 455

nificant gains of 6.4% and 7.8%. This advantage 456

remains robust on the Qwen3-8B model. 457

DoT-Tuning vs. DoT-Prompting. Experimental 458

results consistently indicate that the DoT-Tuning 459

variant delivers superior performance to the DoT- 460

Prompting variant. This validates that internalizing 461
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Models Methods FaithEval MuSiQue SQuAD
Unanswerable Inconsistent Counterfactual

Qwen3-14B

No-Context 59.1 55.3 42.3 49.9 56.2
Full-Context 76.6 87.5 71.9 80.5 85.8
DoT-Prompting 81.7 92.6 78.2 89.2 91.3
DoT-Tuning 85.3 94.8 81.3 92.1 93.1

Table 2: Scaling performance of DoT to the Qwen3-14B model. The best result is highlighted in bold.

the deliberative process into model parameters not462

only improves inference efficiency but also further463

enhances the model’s capacity to adhere to complex464

dialectical logic, thereby enabling more accurate465

judgments. For a detailed analysis of the trade-off466

between inference efficiency (token consumption)467

and performance, please refer to Appendix B.468

Resilience in Severe Conflicts. DoT exhibits ex-469

ceptional performance in handling severe conflicts,470

especially in the most challenging Counterfactual471

and Inconsistent tasks. This suggests that while472

traditional suppressive approaches often fail with473

highly contradictory information, DoT’s active de-474

bate mechanism effectively dissects conflicts to475

produce more reliable conclusions.476

To further validate the interpretability of our477

framework, We also conducted a human evalua-478

tion to assess the quality and logical coherence of479

the debate process; detailed results are provided in480

Appendix C.481

4.3 Generalization Analysis482

To evaluate the scalability of the DoT framework483

as model size increases, we conducted experiments484

on the larger Qwen3-14B model. The results are485

presented in Table 2.486

Performance Scaling with Model Size. As the487

capabilities of the base model enhance, both vari-488

ants of DoT exhibit further performance improve-489

ments across all datasets. DoT-Tuning achieves490

remarkable results on Qwen3-14B, reaching an ac-491

curacy of 94.8% on the FaithEval Inconsistent task492

and 93.1% on SQuAD.493

Consistent Superiority over Baselines. Even on494

the more powerful Qwen3-14B model, the Full-495

Context baseline continues to demonstrate inher-496

ent limitations when facing conflicts. DoT-Tuning497

yields an average improvement of 8.9 percentage498

points compared to Full-Context. This further ver-499

ifies the universality and effectiveness of the DoT500

framework across models of varying scales.501

4.4 Impact of Context Quality 502

Models Methods MuSiQue SQuAD

Qwen3-8B

Error-Context 21.5 26.7
No-Context 33.1 34.2
Full-Context 59.6 71.9
Right-Context 82.7 87.1
DoT(Error-Context) 32.8 33.6
DoT(Full-Context) 75.6 85.3

Qwen3-14B

Error-Context 24.1 27.8
No-Context 49.9 56.2
Full-Context 80.5 85.8
Right-Context 93.2 95.4
DoT(Error-Context) 47.3 53.7
DoT(Full-Context) 92.1 93.1

Table 3: Model performance under different context-
quality settings. The best result is highlighted in bold.

To delve into the impact of context quality on 503

model decision-making, we constructed four con- 504

trol scenarios on the MuSiQue and SQuAD datasets 505

(Table 3): Error-Context (containing only nega- 506

tive context), No-Context (no external information), 507

Full-Context (containing negative and golden con- 508

text), and Right-Context (containing only golden 509

context). Our analysis reveals three key insights: 510

Knowledge Conflicts Significantly Impair Per- 511

formance. The notable performance gap between 512

the ideal Right-Context scenario and the realistic 513

Full-Context scenario highlights a critical problem: 514

the presence of conflicting information does not 515

merely add neutral noise but actively introduces in- 516

terference that degrades reasoning. By quantifying 517

this interference, we underscore the necessity for 518

mechanisms that can actively resolve, rather than 519

passively suffer from, such conflicts. 520

DoT Effectively Resists Misleading Information. 521

In the conflict-laden Full-Context scenario, DoT 522

significantly outperforms standard baselines and 523

approaches the performance of the ideal Right- 524

Context. Moreover, in the Error-Context scenario, 525

DoT refrains from directly utilizing erroneous infor- 526

mation, instead relying more on its internal knowl- 527
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Module FaithEval MuSiQue SQuAD Average Drop
Unanswerable Inconsistent Counterfactual

w/oMgen 76.2 81.7 72.1 68.4 79.7 75.6 ↓6.8
w/o Debate 74.3 76.9 64.8 66.1 76.3 71.7 ↓10.7
w/oM judge 79.6 84.6 74.9 72.9 81.4 78.7 ↓ 3.7
w/oAcrit 72.4 75.1 62.1 63.8 73.5 69.4 ↓13.0
DoT-Tuning 82.8 89.1 79.2 75.6 85.3 82.4 0.0

Table 4: Ablation study of DoT-Tuning on Qwen3-8B. We systematically remove individual components:Mgen

(no multi-hypothesis generation), Debate (no adversarial debate),Acrit (no Critic), andM judge (no adjudication).
The superior performance of the full model demonstrates the synergistic importance of all components.

edge, resulting in performance approximating that528

of the No-Context scenario. This robustness stems529

from the framework’s internal deliberation process,530

which equips it with the capability to effectively531

distinguish truth from falsehood within noisy con-532

texts and precisely extract correct information. For533

instance, the case studies (Tables 6 and 7) illustrate534

how DoT resists misleading documents by identify-535

ing factual inaccuracies and logical inconsistencies536

through structured debate, ultimately arriving at537

well-supported conclusions.538

Dialectical Integration, Not Simple Fallback.539

A critical finding is that DoT’s performance in Full-540

Context is far superior to the No-Context scenario541

where the model relies solely on internal knowl-542

edge. Simultaneously, in the extreme Error-Context543

scenario, DoT exhibits the capacity to reject mis-544

leading information. This strongly evidences that545

DoT does not mechanically fall back to internal546

memory during conflicts. Instead, through its de-547

bate mechanism, it dynamically evaluates source548

reliability, achieving a dialectical unity of external549

evidence and internal knowledge.550

4.5 Ablation Study551

Our ablation studies, summarized in Table 4, vali-552

date the synergistic design of DoT and reveal the553

distinct function of each component.554

The most striking finding concerns the Critic.555

Removing it (Acrit) leads to a more severe perfor-556

mance drop (13.0%) than removing the entire de-557

bate module (10.7%). This reveals a crucial insight:558

without adversarial critique, the model’s reason-559

ing defaults to unilateral self verification, which560

actively reinforces confirmation bias. Instead of561

challenging its initial hypothesis, the model over-562

confidently rationalizes it. This failure mode is563

clearly illustrated in our case study (Table 9), where564

the model without a Critic fails to cross examine565

facts and incorrectly trusts a fabricated document. 566

The other components each fulfill essential roles. 567

Eliminating multi hypothesis generation (Mgen) 568

causes the overall decline (6.8%), confirming its 569

foundational role in providing diverse perspectives 570

for deliberation and preventing premature conver- 571

gence. The debate process itself provides the nec- 572

essary rigorous scrutiny (10.7%), while the Judge 573

ensures a principled, evidence based synthesis that 574

is superior to a simplistic winner takes all outcome. 575

These results demonstrate that DoT forms an in- 576

tegrated pipeline where generation seeds diversity, 577

debate ensures rigor, and adjudication provides a 578

well reasoned synthesis. Each component proves 579

indispensable for transforming the model from a 580

passive selector to an active deliberator. 581

5 Conclusion 582

In this paper, we propose the Debate-of-Thoughts 583

(DoT) framework, a novel method designed to re- 584

solve the complex knowledge conflicts inherent in 585

Retrieval-Augmented Generation systems. Moving 586

beyond traditional, suppressive approaches, DoT 587

fundamentally reframes contradiction as a catalyst 588

for deeper reasoning, simulating a cognitive delib- 589

eration process. Through its core mechanism of 590

Generation, Debate, and Adjudication, the frame- 591

work orchestrates a paradigm shift from passive 592

source selection to active, structured deliberation. 593

Comprehensive experiments across multiple bench- 594

marks demonstrate that DoT not only consistently 595

and significantly outperforms existing state-of-the- 596

art methods, but more critically, provides unprece- 597

dented interpretability via its transparent debate 598

transcripts. This dual advancement in performance 599

and explainability directly enhances the trustwor- 600

thiness of large language models when handling 601

contradictory information. DoT thus establishes a 602

robust foundation for building more reliable and 603

scrutable knowledge intensive AI systems. 604
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Limitations605

Despite DoT’s impressive performance in mitigat-606

ing knowledge conflicts, there are still some limita-607

tions that can be addressed in future work:608

• Inference Efficiency: While the multi-stage609

reasoning architecture of DoT-Prompting im-610

proves performance, it also introduces addi-611

tional computational overhead, which may612

pose challenges in latency-sensitive scenarios.613

Although DoT-Tuning significantly reduces in-614

ference latency by internalizing the reasoning615

patterns into model parameters, there remains616

room for optimization in applications with617

stringent low-latency requirements. Future618

work will explore more efficient debate struc-619

tures, such as dynamic role pruning, early-exit620

mechanisms, or integration with model archi-621

tecture optimizations (e.g., sparse attention),622

to further enhance efficiency.623

• Reliance on Latent Coverage Assumption:624

The efficacy of DoT hinges on the premise625

that the Phase 1 hypothesis set captures the626

correct answer. In knowledge vacuum sce-627

narios where both external context and in-628

ternal memory are severely insufficient or er-629

roneous, the debate may proceed on flawed630

premises. This can lead to confident halluci-631

nations, underscoring the fundamental impor-632

tance of enhancing base model factuality and633

self-knowledge.634

Ethics Statement635

This work focuses on resolving knowledge con-636

flicts in Large Language Models, which inherently637

yields positive societal impacts by significantly en-638

hancing the reliability of AI systems in high-stakes639

domains such as healthcare and law. While the640

proposed DoT framework involves the generation641

of adversarial arguments, its core objective is to642

bolster factuality through the adjudication mech-643

anism, rather than to produce misleading content.644

Furthermore, all datasets and models utilized in this645

study are publicly available resources that adhere646

to academic standards; they involve no copyright647

infringement issues and contain no private, sensi-648

tive, or Personally Identifiable Information. Finally,649

consistent with the conference policy, we acknowl-650

edge the use of LLMs to assist in refining the clarity651

of the writing. The authors have reviewed all AI-652

assisted content and bear full responsibility for the 653

validity and originality of the paper. 654
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A Experimental details843

A.1 Dataset Details844

We categorize the evaluation datasets into three845

types: Context-Memory Conflict, Context-846

Context Conflict, and Boundary Scenarios.847

FaithEval. (Ming et al., 2024) FaithEval serves848

as a benchmark for assessing the faithfulness of849

LLMs and RAG systems, comprising 4,900 high-850

quality questions. Knowledge conflicts in this851

dataset often extend beyond the entity level to in-852

volve more complex logical relationships. It covers853

three subtasks:854

• Counterfactual(Context-Memory Conflict):855

Constructed based on ARC-Challenge (a856

grade-school level multiple-choice science857

QA dataset). It introduces contexts that con-858

tradict world knowledge, testing whether the859

model adheres to its internal commonsense.860

• Inconsistent(Context-Context Conflict):861

Contains mutually contradictory fragments862

within the retrieved context, testing the863

model’s ability to handle inconsistencies in864

external information.865

• Unanswerable(Boundary Scenarios): Tests866

the model’s performance under insufficient867

information.868

MuSiQue (Trivedi et al., 2022) & SQuAD (Ra-869

jpurkar et al., 2016) (KRE-based Construc-870

tion (Ying et al., 2024)). Following the method-871

ology of KRE, we adapted MuSiQue and SQuAD872

to introduce fact-level knowledge conflicts, where873

only contradictory factual statements appear in the874

context. The data covers tasks involving factual875

knowledge and commonsense reasoning.876

Each sample includes two types of contexts:877

1. Negative Context: Contains fabricated infor-878

mation with knowledge conflicts.879

2. Golden Context: The original, unmodified880

context containing correct information.881

Based on these, we constructed three experimen-882

tal settings:883

• Main Experiment (Context-Context Con-884

flict): We concatenate the Negative Context885

and Golden Context as input. This setting886

simulates a conflict scenario with mixed truth887

and falsehood, used to evaluate model perfor-888

mance under context-context conflicts.889

• Right-Context Setting: We use only the 890

Golden Context. 891

• Error-Context Setting: We use only the Neg- 892

ative Context. 893

Detailed statistics of the datasets used for train- 894

ing and testing are presented in Table 5.

Dataset Train Test

FaithEval(counterfactual) 700 300
FaithEval(inconsistent) 1050 450
FaithEval(unanswerable) 1744 748
MuSiQue 1691 726
SQuAD 4146 1778

Table 5: Dataset information with train and test set sizes.

895

A.2 Baseline Method Details 896

We compared DoT with representative baselines 897

categorized into three groups: 898

1. General Reasoning Baselines 899

• Chain-of-Thought (CoT) (Wei et al., 2022): 900

Standard chain-of-thought reasoning. We use 901

prompts to elicit intermediate reasoning steps 902

from the model before generating the final 903

answer. In our experiments, CoT serves as 904

a benchmark to evaluate the effectiveness of 905

unidirectional linear reasoning in resolving 906

knowledge conflicts. 907

• Self-Consistency (CoT-SC) (Narang et al., 908

2023): An enhancement strategy based on 909

CoT. This method samples multiple reason- 910

ing paths (we sample k = 5 paths in our 911

experiments) for the same question and se- 912

lects the final answer based on majority vot- 913

ing. This baseline validates the robustness 914

of DoT against traditional frequency-based 915

voting mechanisms in scenarios of systematic 916

deception (where the majority of reasoning 917

paths are misled by the incorrect context). 918

2. Instruction & Prompting Baselines 919

• KRE (Ying et al., 2024): A knowledge con- 920

flicts evaluation framework that also serves 921

as a baseline strategy. It constructs Model 922

Memory vs. Context/Prompt conflict data and 923

measures whether the model tends to trust its 924

internal parametric memory or the external 925
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context under conflict conditions. We use this926

as a benchmark to assess the model’s capa-927

bility to handle conflicts without specialized928

intervention.929

• Opin(Instr) (Zhou et al., 2023): A930

prompting-based approach that employs931

rewrites such as opinionated questioning or932

narrator perspective to encourage model re-933

liance on the given context. Furthermore, it934

leverages counterfactual few-shot examples to935

reinforce the model’s adherence to context in936

conflict scenarios.937

3. Decoding and Specialized Conflict-Resolution938

Frameworks939

• CAD (Context-Aware Decoding) (Shi et al.,940

2024): A decoding enhancement method. By941

contrasting output probability distributions942

with and without context during inference, it943

amplifies the probability gain brought by the944

context. This method aims to mitigate knowl-945

edge conflicts by suppressing the model’s946

parametric memory and improving faithful-947

ness to the context.948

• COIECD (Yuan et al., 2024): An adaptive949

decoding method. It utilizes information en-950

tropy constraints to dynamically detect con-951

flicts during generation. Upon detecting a con-952

flict, it enhances the dependency on the con-953

text distribution; when no conflict is present,954

it maintains regular decoding to minimize side955

effects on generation fluency.956

• FaithfulRAG (Zhang et al., 2025): A frame-957

work tailored for RAG conflicts. It involves958

three steps: first, externalizing the model’s959

internal facts; second, aligning them with re-960

trieved contexts to pinpoint conflict points;961

and finally, instructing the model to explic-962

itly reason about and integrate these conflict-963

ing facts before generation. This method964

aims to avoid both ignoring context (Stubborn-965

ness) and blindly following erroneous context966

(Sycophancy).967

A.3 Implementation Details968

All experiments were conducted on a compute clus-969

ter equipped with 4 NVIDIA A100 GPUs. For the970

DoT-Tuning variant, we employed LoRA (Hu et al.,971

2021) for parameter-efficient fine-tuning. The mod-972

els were trained for 4 epochs with a global batch973

size of 64 and an initial learning rate of 5 × 10−4, 974

utilizing a cosine annealing learning rate scheduler. 975

Detailed statistics for the training and test datasets 976

are presented in Table 5. 977

For evaluation, we adopted Accuracy as the pri- 978

mary metric, results are reported from a single run 979

of each experiment. To ensure a fair comparison, 980

all baseline methods were reproduced strictly ad- 981

hering to the official settings or default hyperpa- 982

rameters reported in their original papers and open- 983

source repositories. 984

The DoT-Prompting approach sequentially exe- 985

cutes three reasoning phases via prompt chaining. 986

The specific prompts for each phase are shown 987

in figs. 4 to 6. Figue 4 guides the model to gener- 988

ate multiple competing hypotheses from different 989

perspectives. Figue 5 orchestrates an adversarial 990

debate between Proponent and Critic roles for each 991

hypothesis. Finally, Figue 6 acts as an impartial 992

Judge to evaluate and select the best hypothesis 993

based on evidential support, logical consistency, 994

and source reliability. 995

B Efficiency Analysis 996

To verify that the performance gains of DoT are de- 997

rived from superior reasoning structures rather than 998

merely increased computational overhead (i.e., gen- 999

erating more tokens), we analyzed the average out- 1000

put token length across different methods. Figure 3 1001

presents the comparison of accuracy and token con- 1002

sumption on MuSiQue and SQuAD datasets. 1003

1. High ROI of Dialectical Reasoning. In con- 1004

trast to the comparable token consumption between 1005

DoT-Prompting and CoT (e.g., 294 versus 311 on 1006

MuSiQue), DoT-Prompting yields a substantial ac- 1007

curacy gain of 12.8%. This demonstrates that the 1008

adversarial debate reasoning structure is signifi- 1009

cantly more efficient and effective than a linear 1010

chain of thought. 1011

2. Successful Internalization via Tuning. Most 1012

notably, DoT-Tuning dramatically reduces the to- 1013

ken consumption to a level comparable to the 1014

vanilla Full-Context baseline (e.g., 133 vs. 116 1015

on MuSiQue), while retaining the SOTA accuracy. 1016

This empirically proves that the fine-tuning process 1017

successfully internalizes the complex deliberative 1018

patterns into the model’s parameters, allowing it 1019

to output reliable answers instinctively without the 1020

explicit, verbose debate process during inference. 1021
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Figure 3: Efficiency vs. Performance Analysis. The scatter plots illustrate the trade-off between inference cost and
accuracy on MuSiQue and SQuAD. DoT-Tuning (Red Star) occupies the optimal top-left region, achieving SOTA
accuracy with minimal token consumption comparable to the standard Full-Context baseline.

C Human Evaluation1022

C.1 Participant Recruitment and Payment1023

Recruitment: We recruited three expert annota-1024

tors with advanced degrees in computational lin-1025

guistics or related fields to evaluate the reasoning1026

trajectories. All annotators were affiliated with our1027

research institution and participated voluntarily as1028

part of their research duties.1029

Payment: Participants were not financially com-1030

pensated, as their involvement fell under their pro-1031

fessional research responsibilities. This arrange-1032

ment was reviewed and approved by our institu-1033

tion’s internal research ethics guidelines, ensuring1034

no exploitation or undue burden.1035

C.2 Instructions Given to Participants1036

All annotators were provided with a detailed in-1037

struction document prior to the evaluation. The1038

instructions included:1039

Objective: To assess the logical coherence and1040

clarity of the debate transcripts generated by our1041

model.1042

Task Description: Annotators were shown ran-1043

domly sampled model outputs (debate chains) and1044

asked to score them on a scale of 1–5 for logical1045

clarity and coherence.1046

Disclaimer: The instructions explicitly stated that1047

the task involved no personal, sensitive, or harmful1048

content, and participants could pause or withdraw1049

at any time without penalty.1050

C.3 Annotation Process and Results 1051

To assess the quality of the debate process, we con- 1052

ducted a human evaluation involving 100 instances 1053

randomly sampled from across all datasets. We re- 1054

cruited expert annotators to evaluate the reasoning 1055

trajectories. The results indicate that 93% (average) 1056

of the generated debate chains exhibit high logical 1057

clarity and coherence (score ≥ 4). Representative 1058

qualitative examples illustrating these reasoning 1059

processes are presented in Tables 6, 7, and 8. 1060

C.4 Validation of the Adjudication Module 1061

In this section, we present a targeted analysis to 1062

validate the scoring mechanism of the Adjudication 1063

module. The objective is distinct from the broader 1064

human evaluation of debate quality; here, our sole 1065

aim is to determine if the numerical scores assigned 1066

by the LLM Judge are a reliable proxy for human 1067

assessment. 1068

To achieve this, we tasked our three human ex- 1069

perts to act as judges themselves. For each of the 1070

100 sampled debates, they were given the final hy- 1071

potheses along with the complete debate transcript. 1072

Following the same scoring rubric defined for the 1073

LLM Judge, they independently assigned scores 1074

for Evidential Support, Logical Consistency, and 1075

Source Reliability. We first confirmed the qual- 1076

ity of these human-assigned scores by measuring 1077

inter-annotator agreement, which resulted in a sub- 1078

stantial Fleiss’ Kappa of 0.84. 1079

To validate the reliability of our Adjudication 1080
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module, we measured the agreement between its1081

automated scoring and human evaluations using1082

Fleiss’ Kappa. The resulting score of 0.79 indi-1083

cates substantial agreement, demonstrating that the1084

Judge’s quantitative assessment operates in close1085

alignment with human evaluators. This finding1086

confirms the reliability of this critical component1087

within the Debate-of-Thoughts framework.1088

D Error Analysis1089

Table 10 illustrates a critical boundary case where1090

the latent coverage assumption is violated: the cor-1091

rect answer is absent from both retrieved contexts1092

and the model’s parametric knowledge. In this1093

scenario, retrieved documents contain systematic1094

factual errors, such as assigning male actors to a1095

female role.1096

The standard DoT workflow remains operational:1097

candidate answers are enumerated, contradictions1098

are identified, and the Judge correctly assigns low1099

scores to all hypotheses. This case highlights a fun-1100

damental challenge: without a fallback mechanism,1101

a system would be forced to select from these low1102

scoring candidates, inevitably leading to error.1103

To address this, our DoT framework incorporates1104

a straightforward yet crucial rule: if the highest hy-1105

pothesis score falls below a predefined confidence1106

threshold (0.6), the system outputs Uncertain in-1107

stead of choosing an unreliable answer. As demon-1108

strated in the outcome of Table 10, this rule enables1109

the framework to gracefully abstain when confi-1110

dence is universally low, transforming a potential1111

failure into a transparent and trustworthy response.1112

This ability to recognize and communicate uncer-1113

tainty is essential for the reliable deployment of1114

reasoning systems in open world environments.1115
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You are a rigorous research analyst. Please analyze the following information, deeply mine potential knowledge conflicts, and
generate reasonable candidate hypotheses from different perspectives.

**Input Information**:
- Context: {context}
- Question: {question}

**Task Requirements**:

**Step 1: Deep Conflict Mining**
Carefully analyze all context documents and identify the following types of knowledge conflicts:
- Explicit contradictions between different documents
- Inconsistent statements within the same document
- Conflicts between document information and common knowledge
- Any statements that raise doubts or require verification

**Step 2: Dynamic Hypothesis Generation**
Based on conflict analysis results, generate reasonable candidate answers as needed:
- **If clear conflicts exist**: Generate corresponding hypotheses from conflicting perspectives
- **If information is consistent but questionable**: Generate mainstream views and skeptical perspectives
- **If information is clear and consistent**: Generate one main hypothesis
- **If information is insufficient**: Generate reasonable hypotheses based on reasoning

**Optional Hypothesis Perspectives** (select applicable ones based on actual situation):
- Document-dominant perspective (based on the most authoritative or detailed document)
- Opposing perspective (based on conflicting documents)
- Comprehensive reasoning perspective (attempting to reconcile conflicts or based on logical reasoning)
- Common sense perspective (based on universal knowledge and logical consistency)
- Skeptical perspective (raising reasonable doubts about seemingly consistent information)

**Key Instructions**:
1. **Be Truthful**: Only generate hypotheses with substantive content and evidence support, do not fabricate for quantity.
2. **Quality First**: Each hypothesis must have clear viewpoint and specific evidence.
3. **Dynamic Adjustment**: Decide the number of hypotheses (1-4) based on actual conflict situation.

Multi-Hypothesis Generation Prompt

Figure 4: Prompt for Multi-Hypothesis Generation.
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You are a rigorous debate analyst conducting an internal debate session. Based on the multiple hypotheses generated previously, you need to
generate comprehensive supporting and opposing arguments for each hypothesis.

**Input Information**:
- Context: {context}
- Question: {question}
- Identified Conflicts: {conflicts}
- Candidate Hypotheses: {hypotheses}

**Debate Task Instructions**:
**Role Assignment**:
For each hypothesis, you will play two roles:
1. **Defense Attorney**: Generate strong supporting arguments
2. **Critical Analyst**: Generate forceful opposing arguments

**Argument Quality Requirements**:
**Supporting Arguments (Proponent Role)**:
- Focus on mining evidence within the primary source (e.g., if Hypothesis A relies on Doc 1, fully exploit Doc 1).
- Use logical reasoning and common sense
- Reference specific information from the context
- Explain why this hypothesis is plausible and reasonable
- Each argument should be specific, evidence-based, and persuasive

**Opposing Arguments (Critic Role)**:
- Do NOT simply negate the Proponent. You MUST introduce contradictory evidence from OTHER documents or internal knowledge.
- Identify weaknesses, contradictions, and logical flaws
- Cross-examine by highlighting conflicts with other specific documents (e.g., "Doc 2 refutes this").
- Point out insufficient evidence or missing information
- Highlight conflicts with other hypotheses or known facts
- Challenge assumptions and identify potential biases
- Each argument should be targeted, critical, and substantive

**Key Guidelines**:
1. **Specificity**: All arguments must reference specific evidence or reasoning
2. **Completeness**: Ensure every hypothesis gets both supporting and opposing perspectives
3. **Quality over Quantity**: Focus on strong, substantive arguments rather than many weak ones
4. **Structural Adversariality**: Ensure Proponent and Critic use DISTINCT information sources to avoid mere linguistic disagreement.

Adversarial Debate Prompt

Figure 5: Prompt for Multi-Role Adversarial Internal Debate.
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You are an impartial Judge in the framework.  
Your task is to evaluate the debate transcripts through a **Quantification-First Strategy** and derive the final verdict.

**Input Information**:
- Context: {context}
- Question: {question}
- Identified Conflicts: {conflicts}
- Debate Transcripts: {debate_records}

### Adjudication Process Instructions

#### **Step 1: Multi-Dimensional Scoring** 
For each hypothesis, evaluate the arguments from both the Proponent and Critic based on three specific dimensions. Assign a score from **0.0 to
1.0** for each dimension:

1. **Evidential Support**:
   - Assess the correspondence between arguments and the retrieved context.
   - **Criteria**: High scores require *verbatim support* (direct quotes) from the text. Low scores are given if arguments rely on hallucinated or
context-detached claims.

2. **Logical Consistency**:
   - Assess the resilience of the reasoning chain.
   - **Criteria**: Did the Proponent effectively respond to the Critic's counter-examples? Is the argument self-consistent without circular reasoning?

3. **Source Reliability**:
   - In cases of conflict, evaluate the meta-attributes of the information source.
   - **Priority Rules**:
     - **Recency**: Later timestamps > older timestamps.
     - **Authority**: Official/Authoritative sources > Vague sources.
     - **Directness**: Primary accounts > Indirect reporting.

#### **Step 2: Weighted Aggregation & Verdict**
- Calculate a **holistic score** for each hypothesis based on the three dimensions.
- Select the hypothesis with the **highest aggregated score** as the winner.

**Scoring Guidelines**:
- 0.9-1.0: Perfect match with verbatim evidence + logical perfection.
- 0.7-0.8: Strong support, minor logical gaps.
- 0.5-0.6: Plausible but relies on weak/indirect sources.
- 0.0-0.4: Contradicted by Critic, hallucinatory, or unreliable source.

**Key Decision Rules**:
1. Score First, Decide Later: Your decision must be the mathematical result of the scores.
2. Cite Specific Rules: In your justification, explicitly mention why one source won.
3. Justification must reference specific arguments from the debate
4. If the score < 0.6, you should not choose any hypothesis and should output 'uncertain'.

Evidential Adjudication Prompt

Figure 6: Prompt for Evidential Adjudication.
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SQuAD Example Ground Truth: U.S.

Question Which country was thinking about going to war to forcibly take Middle Eastern oil fields?

Doc Doc1: "In 2004, declassified documents revealed that the U.S. was so distraught by the rise in oil prices and
being challenged by under-developed countries that they briefly considered military action to forcibly seize
Middle Eastern oilfields in late 1973. Although no explicit plan was mentioned, a conversation between U.S.
Secretary of Defense James Schlesinger and British Ambassador to the United States Lord Cromer revealed
Schlesinger had told him that ’it was no longer obvious to him that the U.S. could not use force.’ British Prime
Minister Edward Heath was so worried by this prospect that he ordered a British intelligence estimate of U.S.
intentions, which concluded America ’might consider it could not tolerate a situation in which the U.S. and
its allies were at the mercy of a small group of unreasonable countries,’ and that they would prefer a rapid
operation to seize oilfields in Saudi Arabia and Kuwait, and possibly Abu Dhabi in military action was decided
upon. Although the Soviet response to such an act would likely not involve force, intelligence warned ’the
American occupation would need to last 10 years as the West developed alternative energy sources, and would
result in the total alienation of the Arabs and much of the rest of the Third World.’"
Doc2: "In 2004, declassified documents revealed that Russia was so distraught by the rise in oil prices and
being challenged by under-developed countries that they briefly considered military action to forcibly seize
Middle Eastern oilfields in late 1973. Although no explicit plan was mentioned, a conversation between Russian
Secretary of Defense Ivan Schlesinger and British Ambassador to Russia Lord Cromer revealed Schlesinger had
told him that ’it was no longer obvious to him that Russia could not use force.’ British Prime Minister Edward
Heath was so worried by this prospect that he ordered a British intelligence estimate of Russian intentions,
which concluded Russia ’might consider it could not tolerate a situation in which Russia and its allies were at
the mercy of a small group of unreasonable countries,’ and that they would prefer a rapid operation to seize
oilfields in Saudi Arabia and Kuwait, and possibly Abu Dhabi if military action was decided upon. Although
the Russia. response to such an act would likely not involve force, intelligence warned ’the Russian occupation
would need to last 10 years as the West developed alternative energy sources, and would result in the total
alienation of the Arabs and much of the rest of the Third World.’"

Choices ["Russia", "China", "France", "U.S"]

Step1 Hypothesis A (U.S.): The United States was the country that briefly considered military action to forcibly
seize Middle Eastern oilfields in late 1973. [Evidence: Doc1]
Hypothesis B (Russia): Russia was the country that briefly considered military action to forcibly seize Middle
Eastern oilfields in late 1973. [Evidence: Doc2]
Hypothesis C (Both): Both the U.S. and Russia briefly considered military action to forcibly seize Middle
Eastern oilfields in late 1973. [Evidence: Doc1, Doc2]

Step2
• Hypothesis A Analysis:

– Supporting: Doc1 aligns with historical records (real persons: James Schlesinger); U.S. had clear
economic motive due to oil dependence

– Opposing: Symmetric Doc2 creates initial ambiguity; requires external verification

• Hypothesis B Analysis:

– Supporting: Doc2 includes operational details; provides superficial credibility
– Opposing: Critical historical errors: (1) "Russia" didn’t exist as independent state in 1973 (was

USSR); (2) "Ivan Schlesinger" fictional; (3) Lord Cromer was ambassador to U.S., not Russia; (4)
USSR benefited from high oil prices, lacked invasion motive

• Hypothesis C Analysis:

– Supporting: Both documents similar; Cold War context makes parallel consideration plausible
– Opposing: Verbatim repetition suggests Doc2 is fabricated copy of Doc1; historical evidence only

supports U.S. consideration

Step3
• Selected Hypothesis: A (Score: 0.94/1.00) ✓

• Rejected Hypotheses: B (Score: 0.15/1.00) ✗, C (Score: 0.30/1.00) ✗

• Justification: Doc2 contains critical historical inaccuracies: (1) "Russia" was not independent in 1973;
(2) "Ivan Schlesinger" never existed; (3) Lord Cromer was ambassador to US, not Russia; (4) USSR
benefited from high oil prices. Doc1 aligns with verified facts about U.S. policy discussions.

• Final Answer: U.S. (Confidence: 94%)

Table 6: Case Study on the SQuAD Dataset. Resolving a conflict about a historical plan by identifying geopolitical
and factual inconsistencies in a document.
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MuSiQue Example Ground Truth: 1952

Question When did the Governorship end of the city that contains the basilica named after the saint who was the apostle
that was crucified upside down?

Doc Doc1: "The post of Governor of Vatican City (Governatore dello Stato della Città del Vaticano in Italian)
was held by Marchese Camillo Serafini from the foundation of the state in 1929 until his death in 1952. No
successor was appointed, and the post itself was not mentioned in the Fundamental Law of Vatican City State
issued by Pope John Paul II on 26 November 2000, which entered into force on 22 February 2001. The Papal
Basilica of St. Peter in the Vatican (Italian: Basilica Papale di San Pietro in Vaticano), or simply St. Peter’s
Basilica (Latin: Basilica Sancti Petri), is an Italian Renaissance church in Vatican City, the papal enclave
within the city of Rome. According to Christian tradition, Peter was crucified in Rome under Emperor Nero
Augustus Caesar. It is traditionally held that he was crucified upside down at his own request, since he saw
himself unworthy to be crucified in the same way as Jesus. Tradition holds that he was crucified at the site of
the Clementine Chapel. His remains are said to be those contained in the underground Confessio of St. Peter’s
Basilica, where Pope Paul VI announced in 1968 the excavated discovery of a first - century Roman cemetery.
Every 29 June since 1736, a statue of Saint Peter in St. Peter’s Basilica is ..."
Doc2: "The post of Governor of Vatican City (Governatore dello Stato della Città del Vaticano in Italian)
was held by Marchese Camillo Serafini from the foundation of the state in 1929 until his death in 1978. No
successor was appointed, and the post itself was not mentioned in the Fundamental Law of Vatican City State
issued by Pope John Paul II on 26 November 1978, which entered into force on 22 February 1979. The Papal
Basilica of St. Peter in the Vatican (Italian: Basilica Papale di San Pietro in Vaticano), or simply St. Peter’s
Basilica (Latin: Basilica Sancti Petri), is an Italian Renaissance church in Vatican City, the papal enclave
within the city of Rome. According to Christian tradition, Peter was crucified in Rome under Emperor Nero
Augustus Caesar. It is traditionally held that he was crucified upside down at his own request, since he saw
himself unworthy to be crucified in the same way as Jesus. Tradition holds that he was crucified at the site of
the Clementine Chapel. His remains are said to be those contained in the underground Confessio of St. Peter’s
Basilica, where Pope Paul VI announced in 1968 the excavated discovery of a first-century Roman cemetery.
Every 29 June since 1736, a statue of Saint Peter in St. Peter’s Basilica is ..."

Choices ["1952", "1965", "1940", "1978"]

Step1 Hypothesis A (1952): The Governorship of Vatican City ended in 1952, when Marchese Camillo Serafini died.
[Evidence: Doc1]
Hypothesis B (1978): The Governorship of Vatican City ended in 1978, when Marchese Camillo Serafini died
and the Fundamental Law was issued. [Evidence: Doc2]
Hypothesis C (Uncertain): The exact end year is unclear due to conflicting documents; it may have ended
between 1952 and 1978 or been abolished later. [Evidence: conflict]

Step2
• Hypothesis A Analysis:

– Supporting: Historical records confirm Serafini died in 1952; no successor appointed; 2000
Fundamental Law doesn’t mention Governor post

– Opposing: Doc2 claims 1978 death, creating initial ambiguity

• Hypothesis B Analysis:

– Supporting: Doc2 explicitly states Serafini died in 1978; links to Fundamental Law date
– Opposing: Critical historical errors: (1) Serafini born 1862, would be 116 if died 1978 (biologically

impossible); (2) Pope John Paul II elected Oct 1978, couldn’t issue law Nov 1978; (3) Actual
Fundamental Law was 2000; (4) No historical sources support 1978 claim

• Hypothesis C Analysis:

– Supporting: Conflict between documents creates uncertainty
– Opposing: Historical evidence clearly shows post ended 1952; Vatican administrative shifted after

1952; Doc2 debunked by factual errors

Step3
• Selected Hypothesis: A (Score: 0.96/1.00) ✓

• Rejected Hypotheses: B (Score: 0.12/1.00) ✗, C (Score: 0.35/1.00) ✗

• Justification: Doc2 contains biographically impossible claims (Serafini would be 116 in 1978) and
chronologically implausible papal legislation (John Paul II elected Oct 1978, couldn’t issue law Nov
1978). Doc1 aligns with verified historical facts: Serafini died 1952, and Fundamental Law was actually
promulgated in 2000.

• Final Answer: 1952 (Confidence: 96%)

Table 7: Case Study on the MuSiQue Dataset. Resolving a conflict about a historical date by detecting implausible
biographical and chronological claims.
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FaithEval Example Ground Truth: Othello

Question The term ’green-eyed monster’ originated from which of Shakepseare’s plays?

Doc [DOC] [TLE] Which Shakespeare play has the term "green eyed monster ... [PAR] Iago is jealous of Othello,
yet warns him about jealousy! [...] [PAR] Asimov’s Guide to Shakespeare, Gramercy Publishing, 2003 ed., pg
I-622. [PAR] like 1 dislike 0[DOC] [TLE] The green-eyed monster - Shakespeare Quotes - eNotes.com [PAR]
O, beware, my lord, of jealousy; [PAR] It is the green-ey’d monster, which doth mock [PAR] The meat it feeds
on. [...] Othello: [PAR] In The Merchant of Venice, Portia refers to "green-eyed jealousy" (Act 3, scene 2), and
here Shakespeare coins the more intense phrase "green-ey’d monster." [...] [DOC] [TLE] Green-eyed monster -
meaning and origin. - Phrase Finder [PAR] The phrase was used by, and possibly coined by, Shakespeare to
denote jealousy, in The Merchant of Venice, 1596: [PAR] Portia: [PAR] And shuddering fear, and green-eyed
jealousy! [...] In Othello, 1604, Shakespeare also alludes to cats as green-eyed monsters [...] [DOC] [TLE]
Which Shakespeare play has the term "green eyed monster ... [PAR] Macduff is jealous of Macbeth, yet warns
him about jealousy! [...] [PAR] Asimov’s Guide to Shakespeare, Gramercy Publishing, 2003 ed., pg I-622.
[PAR] like 1 dislike 0[DOC] [TLE] The green-eyed monster - Shakespeare Quotes - eNotes.com [PAR] O,
beware, my lord, of jealousy; [PAR] It is the green-ey’d monster, which doth mock [PAR] The meat it feeds on.
This phrase, famously delivered by Macduff in Macbeth, highlights the destructive power of jealousy. [PAR]
Macbeth: [PAR] In Macbeth, Macduff refers to "green-eyed jealousy" (Act 3, scene 2), and here Shakespeare
coins the more intense phrase "green-ey’d monster."

Choices ["Othello", "The Merchant of Venice", "Macbeth", "Hamlet"]

Step1 Hypothesis A (Othello): The term ’green-eyed monster’ originated from Shakespeare’s play Othello. [Evi-
dence: Doc1]
Hypothesis B (Merchant of Venice): The term ’green-eyed monster’ originated from Shakespeare’s play The
Merchant of Venice. [Evidence: Doc1]
Hypothesis C (Macbeth): The term ’green-eyed monster’ originated from Shakespeare’s play Macbeth.
[Evidence: Doc2]

Step2
• Hypothesis A Analysis:

– Supporting: Exact phrase ’It is the green-ey’d monster...’ appears in Othello, Act 3, Scene 3 (Iago’s
speech); only instance in Shakespeare’s entire canon; literary authorities consistently attribute this
expression to Othello

– Opposing: Merchant of Venice has ’green-eyed jealousy’, which could suggest an earlier conceptual
origin

• Hypothesis B Analysis:

– Supporting: Merchant of Venice (c. 1596–1598) contains ’green-eyed jealousy’ (Portia’s speech,
Act 3, Scene 2), predating Othello (c. 1603–1604); shows Shakespeare associated green with
jealousy earlier

– Opposing: Only has ’green-eyed jealousy’, not the full idiom ’green-eyed monster’; no scholarly
source credits Merchant as origin of the idiom

• Hypothesis C Analysis:

– Supporting: Doc2 explicitly states ’Macduff in Macbeth’ delivers the line
– Opposing: Critical textual errors: (1) Macbeth contains no ’green-eyed monster’ line; (2) Macduff’s

role is avenger, not moral advisor on jealousy; (3) Act 3, Scene 2 features Macbeth and Lady
Macbeth discussing guilt, not jealousy; (4) Confuses Iago (from Othello) with Macduff (from
Macbeth); (5) No edition of Shakespeare’s works supports this claim

Step3
• Selected Hypothesis: A (Score: 0.97/1.00) ✓

• Rejected Hypotheses: B (Score: 0.45/1.00) ✗, C (Score: 0.05/1.00) ✗

• Justification: Complete phrase ’green-eyed monster’ appears only in Othello (Act 3, Scene 3, Iago’s
speech). Merchant of Venice has precursor ’green-eyed jealousy’ but not the full idiom. Macbeth claim is
factually false—Macduff never speaks this line, and the described scene doesn’t exist in Macbeth. Doc2
contains character/plot errors indicating fabrication.

• Final Answer: Othello (Confidence: 97%)

Table 8: Case Study on the FaithEval Dataset. Resolving a conflict about the origin of a Shakespearean phrase by
identifying misattributed characters and textual provenance.
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Conflict Example (Ablation Study: w/oAcrit) Ground Truth: 1980s

Question Which year did the price of oil drop to $10 per barrel?

Doc Doc1: "OPEC soon lost its preeminent position, and in 1981, its production was surpassed by that of other
countries. Additionally, its own member nations were divided. Saudi Arabia, trying to recover market share,
increased production, pushing prices down, shrinking or eliminating profits for high-cost producers. The world
price, which had peaked during the 1979 energy crisis at nearly $40 per barrel, decreased during the 1980s
to less than $10 per barrel. Adjusted for inflation, oil briefly fell back to pre-1973 levels. ... The world price,
which had peaked during the 1979 energy crisis at nearly $40 per barrel, decreased during the 1980s to less
than $10 per barrel. Adjusted for inflation, oil briefly fell back to pre-1973 levels. This ’sale’ price was a
windfall for oil-importing nations..."
Doc2: "OPEC soon lost its preeminent position, and in 1981, its production was surpassed by that of other
countries. Additionally, its own member nations were divided. Saudi Arabia, trying to recover market share,
increased production, pushing prices down, shrinking or eliminating profits for high-cost producers. The world
price, which had peaked during the 1979 energy crisis at nearly $40 per barrel, decreased during the 1980s
to less than $10 per barrel. Adjusted for inflation, oil briefly fell back to pre-1973 levels. ... The world price,
which had peaked during the 1999 energy crisis at nearly $40 per barrel, decreased during the 2000s to less
than $10 per barrel. Adjusted for inflation, oil briefly fell back to pre-1973 levels. This ’sale’ price was a
windfall for oil-importing nations..."

Choices ["1960s", "1980s", "2000s", "1970s"]

Step1 Hypothesis A (1980s): The price of oil dropped to $10 per barrel during the 1980s (specifically 1981).
[Evidence: Doc1]
Hypothesis B (2000s): The price of oil dropped to $10 per barrel during the 2000s (specifically 2001).
[Evidence: Doc2]

Step2
• Hypothesis A Analysis (w/o Critic):

– Supporting: Doc1 provides precise details linking the price drop to the 1981 production surplus and
the aftermath of the 1979 energy crisis. The economic impact ("windfall") is explicitly detailed.

• Hypothesis B Analysis (w/o Critic):

– Supporting: Doc2 clearly states the event occurred in 2001. It contains identical levels of detail to
Doc1 but presents a more recent timeframe. The text explains the drop as a result of the "1999
energy crisis," which plausibly updates the historical context.

Step3
• Selected Hypothesis: B (Score: 0.85/1.00) ✗

• Rejected Hypotheses: A (Score: 0.75/1.00) ✓

• Justification: Both hypotheses are supported by detailed textual evidence. However, without adversarial
critique to verify the historical accuracy of the "1999 energy crisis" or flag the suspicious similarity
between documents, the Judge favors Hypothesis B based on the Recency Heuristic—assuming the later
date (2001) represents updated information over the earlier record (1981).

• Final Answer: 2000s (Confidence: 85%)

Table 9: Ablation Case Study (w/o Acrit). Without the Critic to expose factual errors (e.g., the fictional "1999
crisis") or logical conflicts, the Proponents simply reinforce their own claims. The model falls into confirmation
bias, incorrectly prioritizing the fabricated "more recent" document.
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Negative Example Ground Truth: Julie Dawn Cole

Question In Willy Wonka and the Chocolate Factory, who played the character that the band who performs Eight Arms
to Hold You is named after?

Doc Doc1: "Eight Arms to Hold You is the second full-length studio album by alternative rock band Veruca Salt,
released on February 11, 1997, through Outpost/Geffen Records. It was the last album to feature original band
members Nina Gordon, Louise Post, Steve Lack, and Jim Shapiro until the 2015 reunion album ’Ghost Notes’.
Peter Ostrum (born 26 October 1957) is an English actress who has been active for some 40 years. She began
as a child performer in what remains her best-remembered film, 1971’s Willy Wonka & the Chocolate Factory,
playing the spoiled Veruca Salt. She has two children."
Doc2: "Gene Wilder was an American actor, screenwriter, director, and producer who had a career spanning
over four decades. He starred in the 1971 film ’Willy Wonka & the Chocolate Factory’ as the iconic character
Willy Wonka. ’Eight Arms to Hold You’ is the second full-length studio album by alternative rock band
Veruca Salt, released on February 11, 1997, through Outpost/Geffen Records. It was the last album to feature
original band members Nina Gordon, Louise Post, Steve Lack, and Jim Shapiro until the 2015 reunion album
’Ghost Notes’. Jack Albertson (born 26 October 1957) is an English actress who has been active for some 40
years. She began as a child performer in what remains her best-remembered film, 1971’s Willy Wonka & the
Chocolate Factory, playing the spoiled Veruca Salt. She has two children."

Choices [" Gene Wilder ", " Peter Ostrum ", "Julie Dawn Cole", " Jack Albertson"]

Step1 Hypothesis A (Peter Ostrum): The character Veruca Salt in Willy Wonka & the Chocolate Factory is played
by Peter Ostrum. [Evidence: Doc1]
Hypothesis B (Gene Wilder): The character Veruca Salt in Willy Wonka & the Chocolate Factory is played
by Gene Wilder. [Evidence: Doc2]
Hypothesis C (Jack Albertson): The character Veruca Salt in Willy Wonka & the Chocolate Factory is played
by Jack Albertson. [Evidence: Doc2]
Hypothesis D (Uncertain): The information is inconsistent and unclear due to conflicting documents. [Evi-
dence: conflict between docs]

Step2
• Hypothesis A Analysis:

– Supporting: Doc1 explicitly states Peter Ostrum played Veruca Salt
– Opposing: Peter Ostrum is male actor who played Charlie Bucket, not Veruca Salt; gender

mismatch

• Hypothesis B Analysis:

– Supporting: Doc2 mentions Gene Wilder as prominent actor from the film
– Opposing: Gene Wilder played Willy Wonka, not Veruca Salt; significant role confusion

• Hypothesis C Analysis:

– Supporting: Doc2 states Jack Albertson played Veruca Salt
– Opposing: Jack Albertson played Grandpa Joe; age/gender mismatch

• Hypothesis D Analysis:

– Supporting: Both documents contain conflicting and implausible information
– Opposing: Need to make some selection despite uncertainty

Step3
• Selected Hypothesis: None (All scores < 0.6)

• Rejected Hypotheses: A (Score: 0.40/1.00) ✗, B (Score: 0.35/1.00) ✗, C (Score: 0.55/1.00) ✗, D (Score:
0.45/1.00) ✗

• Justification: All documents contain significant errors. Doc1 incorrectly claims Peter Ostrum (Charlie
Bucket actor) is an English actress who played Veruca Salt. Doc2 contains two conflicting claims - Gene
Wilder played Willy Wonka, but also states Jack Albertson played Veruca Salt. Among these, Hypothesis
C seems slightly more plausible as Albertson’s name appears in the Veruca Salt context in Doc2.

• Final Answer: Uncertain

Analysis Model lacks external knowledge that Julie Dawn Cole played Veruca Salt. Both documents contain fabricated
information assigning male actors to female child role. Model cannot resolve conflict without external
knowledge.

Table 10: Failure Case Under the Violation of Latent Coverage Assumption.
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