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Abstract001

While Retrieval-Augmented Generation (RAG)002
can largely reduce large language model hal-003
lucinations, ensuring consistent output relia-004
bility remains a critical challenge due to re-005
trieval inaccuracies and prior knowledge bias.006
Conventional RAG architectures often rely on007
single-pass retrieval mechanisms that lack inter-008
nal verification, leaving them unable to detect009
or rectify unsupported claims. To address this,010
we introduce Answer with Evidence (AwE),011
a prompt-only, dual-path framework that en-012
forces rigorous grounding through adversarial013
verification. AwE separates reasoning into two014
distinct paths: a Knowledge-First path, which015
elicits an initial answer from the model’s para-016
metric memory, retrieves supporting or contra-017
dicting passages, and then re-generates a re-018
fined answer; and a Retrieval-First path, which019
performs two iterative retrieval hops and pro-020
duces an independent answer. Each path pro-021
duces a candidate answer along with the pas-022
sages it references. The same frozen LLM023
conducts a single-round, evidence-grounded024
debate where each candidate is restricted to cit-025
ing spans from its own passage set. A referee026
model then selects the better-supported answer,027
ensuring final outputs are strictly grounded028
in retrieved evidence. Experiments on five029
knowledge-intensive benchmarks showed con-030
sistent gains in exact-match accuracy and sub-031
stantially fewer unattributed statements, con-032
firming that citation-constrained self-debate033
can be injected at inference time. Our code034
will be open-sourced upon publication.035

1 Introduction036

Large Language Models (LLMs) have demon-037

strated remarkable capabilities across diverse038

tasks, yet they frequently suffer from hallucina-039

tions—generating plausible but factually incor-040

rect content (Ji et al., 2023; Huang et al., 2025;041

Achiam et al., 2023; Touvron et al., 2023). This042

limitation becomes particularly problematic in043

knowledge-intensive scenarios where factual ac- 044

curacy is paramount. Retrieval-Augmented Gener- 045

ation (RAG) has emerged as a promising paradigm 046

to mitigate hallucinations by incorporating exter- 047

nal knowledge retrieval into the generation pro- 048

cess (Gao et al., 2023; Lewis et al., 2020; Guu 049

et al., 2020; Izacard and Grave, 2021). However, 050

RAG systems introduce a critical vulnerability: the 051

quality of generated responses heavily depends on 052

the accuracy and relevance of retrieved documents. 053

When retrieval fails to obtain correct or sufficient 054

information, or when generation deviates from re- 055

trieved evidence, the system can produce what we 056

term “compounded hallucinations”—errors that are 057

more misleading than the original model hallucina- 058

tions(Hu et al., 2025). 059

Recent efforts to address RAG limitations 060

have focused on either improving retrieval qual- 061

ity (Trivedi et al., 2023; Shao et al., 2023) or en- 062

hancing generation robustness (Asai et al., 2023; 063

Kim et al., 2024). Iterative retrieval methods (Jiang 064

et al., 2023; Yu et al., 2024) attempt to refine search 065

queries through multi-round interactions, while 066

reflection-based approaches (Asai et al., 2023) in- 067

corporate self-evaluation mechanisms during gen- 068

eration. However, these methods exhibit two fun- 069

damental weaknesses: (1) They treat retrieval and 070

generation as sequential stages without ensuring co- 071

herent integration, and (2) They lack mechanisms 072

to verify that generated content strictly adheres to 073

retrieved evidence. Consequently, models may still 074

produce hallucinations by either over-relying on 075

potentially flawed parametric knowledge or inade- 076

quately utilizing retrieved information. 077

We observe that reliable question answering 078

requires a delicate balance between leveraging 079

model’s internal knowledge and strictly adhering 080

to external evidence. Model parametric knowl- 081

edge, while potentially outdated or biased, pro- 082

vides valuable reasoning patterns and contextual 083

understanding. Meanwhile, retrieved documents 084
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offer factual grounding but may be incomplete or085

contain irrelevant information. This observation086

motivates our key insight: effective hallucination087

mitigation requires both comprehensive evidence088

gathering and rigorous evidence adherence, sup-089

ported by mechanisms that can adjudicate between090

competing knowledge sources while maintaining091

factual accountability.092

To this end, we propose Answer with Evi-093

dence (AwE), a novel dual-path framework that en-094

forces strict evidence-grounded generation through095

an innovative debate mechanism. Our approach096

comprises two complementary retrieval-generation097

paths designed to maximize evidence cover-098

age while maintaining generation fidelity. The099

Knowledge-First Path begins by eliciting the100

model’s parametric knowledge to produce an ini-101

tial answer, which then guides targeted retrieval of102

supporting or contradicting evidence. This path ef-103

fectively leverages model’s internal understanding104

while remaining open to external verification. The105

Retrieval-First Path performs iterative retrieval,106

where initial retrieved information informs subse-107

quent retrieval rounds to gather comprehensive con-108

textual evidence. This path ensures thorough explo-109

ration of external knowledge sources. Both paths110

generate candidate answers under strict constraints111

that all claims must be substantiated by retrieved112

documents, promoting answer accountability.113

The critical innovation of AwE lies in its114

evidence-grounded debate phase, where candidate115

answers from both paths undergo rigorous compar-116

ison. Unlike conventional debate mechanisms that117

allow unrestricted argumentation (Du et al., 2024;118

Liang et al., 2024), our debate enforces an evidence-119

constraint principle: all arguments and counter-120

arguments must cite specific passages from their121

respective retrieved document sets. This design122

ensures that the debate process remains grounded123

in verifiable evidence while preventing the intro-124

duction of unsubstantiated claims. The debate pro-125

ceeds through structured rounds where each path126

attempts to demonstrate the superiority of its an-127

swer based on evidence quantity, quality, and con-128

sistency. A judge mechanism evaluates the eviden-129

tial support for each position and selects the most130

reliable answer.131

We conduct comprehensive experiments on six132

knowledge-intensive benchmarks spanning open-133

domain question answering, multi-hop reasoning,134

and commonsense reasoning tasks. Results demon-135

strate that AwE achieves substantial improvements136

over strong RAG baselines, with particularly no- 137

table gains on complex reasoning tasks requiring 138

multi-step inference. Our analysis reveals that 139

the dual-path design effectively captures comple- 140

mentary aspects of knowledge, while the evidence- 141

grounded debate significantly reduces unsubstan- 142

tiated claims. Furthermore, AwE maintains strong 143

performance across varying retrieval qualities, indi- 144

cating robustness to imperfect retrieval conditions. 145

Our main contributions are as follows: 146

• We propose AwE, a novel dual-path frame- 147

work that balances model knowledge with 148

strict evidence adherence to mitigate com- 149

pounded hallucinations in RAG systems. 150

• We introduce an evidence-grounded debate 151

mechanism that enforces factual accountabil- 152

ity by requiring all arguments to be substanti- 153

ated by retrieved documents. 154

• We demonstrate through extensive experi- 155

ments that AwE significantly improves fac- 156

tual accuracy while maintaining strong rea- 157

soning capabilities across diverse knowledge- 158

intensive tasks. 159

2 Related Work 160

Retrieval-augmented generation. Early 161

retrieve-then-read systems (Lewis et al., 2020; 162

Izacard and Grave, 2021) obtain a single document 163

set and generate once. To answer multi-hop 164

questions, iterative RAG frameworks interleave 165

retrieval with reasoning steps (Trivedi et al., 166

2023), refine queries with previously generated 167

content (Jiang et al., 2023), or learn when to 168

stop (Yu et al., 2024). Despite improved recall, 169

none of these methods hard-constrain the final 170

answer to be entailed by the retrieved passages; 171

models routinely insert parametric details (Ji et al., 172

2023). AWE closes this accountability gap by 173

forcing each path to produce a closed-bundle 174

(answer + evidence) before any comparison 175

happens. 176

Hallucination mitigation. Post-hoc attribution 177

systems (Kim et al., 2024) generate freely and after- 178

wards search for supporting spans, often suffering 179

confirmation bias. Training-time solutions such as 180

Self-RAG (Asai et al., 2023) or RLHF (Ouyang 181

et al., 2022) introduce new parameters or cu- 182

rated preference data, hindering zero-shot domain 183
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transfer. Inference-time approaches like chain-of-184

verification (Dhuliawala et al., 2024) still rely on185

parametric knowledge for the verification step. In186

contrast, AWE imposes prospective citation con-187

straints—every claim must quote its evidence be-188

fore it reaches the judge—without any additional189

training.190

Faithful and controllable QA. The requirement191

that model outputs be entailed by provided context192

has been studied for reading comprehension (Jia193

and Liang, 2017) and extractive QA (Durmus et al.,194

2020). In the open-domain setting, attributed195

QA (Bohnet et al., 2022) asks models to append196

citations, yet still allows unconstrained drafting.197

Controllable generation work adds hard decoding198

constraints (Krishna et al., 2023; Dziri et al., 2021)199

but requires specialised architectures. We instead200

achieve faithfulness through prompt-level restric-201

tions inside a vanilla LLM, keeping the solution202

training-free and plug-and-play.203

Multi-agent debate. Unconstrained debate im-204

proves reasoning (Du et al., 2024; Liang et al.,205

2024) but can amplify parametric errors (Zheng206

et al., 2024). Recent “evidence-based” games (Lin207

et al., 2023; Hu et al., 2025) relax eviden-208

tiary granularity or permit single-shot justification.209

AWE enforces strict span-level citation: all argu-210

ments—support or rebuttal—must reference con-211

crete sentences from the path’s own retrieved set,212

preventing the debate itself from introducing new213

hallucinations.214

Research gap. Prior work treats retrieval,215

grounding, and debate as independent layers. AWE216

integrates (i) complementary dual-path evidence217

collection, (ii) prospective citation constraints,218

and (iii) span-level debate adjudication into one219

training-free pipeline, yielding consistently more220

faithful answers across diverse open-domain tasks.221

3 Methodology222

In this section, we present Answer with Evidence223

(AwE), a dual-path framework that enforces strict224

evidence adherence through an evidence-grounded225

debate mechanism. As illustrated in Figure 1, AwE226

consists of three main components: (1) Knowledge-227

First Path that leverages model’s parametric knowl-228

edge while maintaining evidence accountability, (2)229

Retrieval-First Path that performs comprehensive230

evidence gathering through iterative retrieval, and231

(3) Evidence-Grounded Debate that adjudicates be- 232

tween candidate answers under strict evidentiary 233

constraints. 234

3.1 Problem Formulation 235

Given a question q, our goal is to generate an an- 236

swer a that is strictly grounded in retrieved ev- 237

idence while maximizing factual accuracy. Un- 238

like traditional RAG systems that generate an- 239

swers based on a single set of retrieved documents 240

D = {d1, d2, ..., dk}, our approach, AwE, em- 241

ploys two complementary retrieval paths to ob- 242

tain two distinct document sets, D1 and D2. Each 243

set supports a candidate answer generated under 244

strict evidence constraints. The final answer is se- 245

lected through an evidence-grounded debate, where 246

both candidate answers are evaluated against the 247

retrieved documents, ensuring that all claims are 248

substantiated by specific document citations. 249

3.2 Knowledge-First Path 250

The Knowledge-First Path leverages the model’s 251

parametric knowledge as a starting point while en- 252

suring ultimate evidence accountability. This path 253

consists of three sequential stages: 254

Stage 1: Knowledge Elicitation We first prompt 255

the model to generate an initial answer based solely 256

on its parametric knowledge: 257

ainit = M(q) (1) 258

where M represents the language model. This 259

stage captures the model’s inherent understanding 260

of the query, which may contain accurate informa- 261

tion, hallucinations, or partial knowledge. 262

Stage 2: Targeted RAG Using the initial answer 263

ainit, we construct a retrieval query that combines 264

the original question with the generated knowledge: 265

qkf = CONCAT(q, ainit) (2) 266

This composite query guides retrieval toward docu- 267

ments that either support or contradict the model’s 268

initial response. We retrieve the top-k documents 269

based on relevance scoring: 270

Dinit = RETRIEVE(qkf , k) (3) 271

With retrieved documents Dinit, we generate the 272

final answer for this path: 273

Ak = M(q,Dinit) (4) 274
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Figure 1: Overview of the Answer with Evidence (AwE) framework. The Knowledge-First Path (top) generates an
initial answer from model knowledge, then retrieves supporting evidence to produce answer A1. The Retrieval-First
Path (bottom) performs iterative retrieval to gather comprehensive evidence for answer A2. Both paths engage in
evidence-grounded debate where all arguments must cite specific retrieved documents, culminating in the most
reliable answer selection.

This stage may revise, refine, or completely reject275

the initial answer ainit based on the retrieved evi-276

dence.277

3.3 Retrieval-First Path278

The Retrieval-First Path emphasizes comprehen-279

sive evidence gathering through iterative retrieval,280

ensuring thorough exploration of external knowl-281

edge sources:282

Stage 1: Initial Retrieval and Analysis We per-283

form initial retrieval using the original question:284

Dfirst = RETRIEVE(q, k) (5)285

Based on Dfirst, we generate a preliminary an-286

swer that identifies key information and potential287

knowledge gaps:288

afirst = M(q,Dfirst). (6)289

Stage 2: Iterative Retrieval Refinement Us-290

ing the afirst from Stage 1, we construct re-291

fined queries by combining them with the original292

queries:293

qrf = CONCAT(q, afirst). (7)294

We then perform second-round retrieval:295

Dsecond = RETRIEVE(qrf , k) (8)296

and produce the final answer:297

Ar = M(q,Dsecond). (9)298

3.4 Evidence-Grounded Debate 299

The core innovation of AwE is an evidence- 300

grounded debate mechanism that adjudicates be- 301

tween candidate answers Ak and Ar while enforc- 302

ing strict factual accountability. 303

Debate Setup We instantiate two specialized 304

agents: Path-1 Advocate that defends answer 305

Ak using evidence from Dinit, and Path-2 Advo- 306

cate that defends answer Ar using evidence from 307

Dsecond. A single Evidence Judge compares the 308

two arguments and outputs the final answer. 309

Evidence Constraint Formulation Each advo- 310

cate must satisfy the following evidentiary con- 311

straints: 312

1. Cite specific document passages to support 313

every claim. 314

2. Provide exact quotes or paraphrased content 315

with document references. 316

Formally, let Dpath be the document set avail- 317

able to the advocating path. An argument arg is 318

valid iff 319

Valid(arg) ⇔ ∀ c ∈ claims(arg) (10) 320

∃ (d, s) ∈ Dpath 321

s.t. Supports(s, c), 322

where Supports(s, c) means span s (from docu- 323

ment d) directly supports claim c. 324
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Single-Round Evidence Consolidation Al-325

though multi-round refutation could yield richer326

comparisons, we adopt a single-round protocol327

to balance computational cost. Each advocate328

compresses its evidence into a concise argument:329

Argk = BuildArgument(Ak, Dinit) (11)330

Argr = BuildArgument(Ar, Dsecond)331

By grounding every claim in retrieved passages,332

this step explicitly ties answer plausibility to verifi-333

able context, producing more reliable final predic-334

tions.335

Judge Decision The Evidence Judge receives the336

question, both answers, and their corresponding337

single-round arguments. It selects the answer with338

stronger evidential support:339

Afinal = JudgeDecision(Argk,Argr) (12)340

The judge considers (i) evidence quantity, (ii) rele-341

vance, (iii) internal consistency, and (iv) coverage,342

performing a single-shot comparison without itera-343

tive rebuttal.344

3.5 Theoretical Analysis345

Our framework ensures several desirable proper-346

ties:347

Soundness: All generated answers are traceable348

to retrieved documents, eliminating unsubstanti-349

ated hallucinations.350

Completeness: The dual-path design maximizes351

evidence coverage by exploring both model-guided352

and retrieval-guided information gathering.353

Consistency: Evidence-grounded debate en-354

sures that selected answers have strong, consistent355

support across multiple evaluation criteria.356

Transparency: The citation requirement pro-357

vides complete provenance for all claims, enabling358

verification and debugging.359

3.6 Algorithmic Instantiation360

Algorithm 1 provides a concise procedural descrip-361

tion of the entire AwE pipeline. For reproducibility,362

the exact prompt templates used in the debate phase363

are provided in Appendix A.364

4 Experimental Setup365

We conduct experiments to examine whether366

Answer-with-Evidence—prospective, citation-367

level evidence adherence through dual-path368

collection and single-round debate—curtails369

Algorithm 1 Answer with Evidence (AwE)
Require: Question q, retrieval function RETRIEVE(·, k),

LLMM(·), judge function JudgeDecision(·, ·)
Ensure: Final answer Afinal with citations
1: // Knowledge-First Path
2: ainit ←M(q) ▷ Stage 1
3: qkf ← CONCAT(q, ainit) ▷ Stage 2
4: Dinit ← RETRIEVE(qkf, k) ▷ Stage 2
5: Ak ←M(q,Dinit) ▷ Stage 2
6: // Retrieval-First Path
7: Dfirst ← RETRIEVE(q, k) ▷ Stage 1
8: afirst ←M(q,Dfirst) ▷ Stage 1
9: qrf ← CONCAT(q, afirst) ▷ Stage 2

10: Dsecond ← RETRIEVE(qrf, k) ▷ Stage 2
11: Ar ←M(q,Dsecond) ▷ Stage 2
12: // Evidence-Grounded Debate
13: Argk ← BuildArgument(Ak, Dinit])
14: Argr ← BuildArgument(Ar, Dsecond)
15: Afinal ← JudgeDecision(Argk,Argr)
16: return Afinal

compounded hallucinations while preserving 370

reasoning capability. All experiments were 371

conducted on a local GPU workstation with an 372

AMD EPYC 7742 64-core CPU and an NVIDIA 373

DGX A800 (80 GB). 374

4.1 Datasets 375

Following prior work (Hu et al., 2025), we sample 376

500 instances from each of five open-domain QA 377

benchmarks that jointly cover surface fact retrieval, 378

long-tail knowledge, popularity skew, and multi- 379

hop reasoning. 380

Single-hop Open-domain QA 381

• NQ (Kwiatkowski et al., 2019): Natural Ques- 382

tions, real Google queries with Wikipedia enti- 383

ties; tests surface fact retrieval. 384

• TriviaQA (Joshi et al., 2017): trivia enthusiast 385

questions; evaluates coverage of long-tail facts. 386

• PopQA (Mallen et al., 2023): popular-culture 387

questions whose subject distribution is intention- 388

ally skewed; probes tail-entity robustness. 389

Multi-hop QA 390

• 2WikiMultiHopQA (Ho et al., 2020): each an- 391

swer requires bridging two Wikipedia passages; 392

stresses evidence chaining. 393

• HotpotQA (Yang et al., 2018): comparison and 394

bridge questions; checks cross-paragraph reason- 395

ing. 396

All datasets are distributed under permissive li- 397

censes and have been widely adopted in recent 398

RAG literature, enabling direct comparison. 399
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4.2 Baselines and Evaluation Metrics400

To ensure fair comparison, every method401

uses the same backbone LLM (Llama-3.1-8B-402

Instruct)(Dubey et al., 2024), the same retriever403

(E5-base-v2, top-k=3), and the same Wikipedia404

dump (Dec-2018) processed by FlashRAG (Jin405

et al., 2024).406

No-retrieval Baselines407

• Naive-Gen: direct parametric generation; mea-408

sures knowledge ceiling.409

• MAD (Du et al., 2024): multi-agent debate with-410

out retrieval; quantifies debate-alone gain.411

Standard RAG412

• Naive-RAG(Guu et al., 2020): single-round413

retrieve-then-generate; serves as the most widely-414

used baseline.415

Retrieval-optimised RAG416

• IRCoT (Trivedi et al., 2023): interleaves chain-417

of-thought with retrieval; we set the number of418

iterations to 5.419

• Iter-RetGen (Shao et al., 2023): iterative re-420

trieval–generation synergy; we set the iteration421

count to 3.422

• FLARE (Jiang et al., 2023): active retrieval trig-423

gered by low-probability tokens or sentence-level424

uncertainty.425

Generation-optimised RAG426

• SuRe (Kim et al., 2024): first compresses re-427

trieved passages into answer-centric summaries428

to reduce context length while preserving evi-429

dence relevant to candidate answers, then condi-430

tions generation on these summaries.431

Debate-augmented RAG432

• DRAG (Hu et al., 2025): current strongest433

debate-augmented RAG baseline that injects434

multi-agent debate into both retrieval and gen-435

eration stages. Following the public DRAG im-436

plementation, we set the maximum debate rounds437

to 3 for fair comparison.438

Evaluation Metrics We adopt the exact evalua-439

tion script released by Hu et al. (2025) to guarantee440

consistency.441

• Exact-Match (EM): percentage of predictions 442

that match any reference answer after lower- 443

casing, punctuation removal, and indefinite- 444

article normalization. 445

• Token-level F1: harmonic mean of token-level 446

precision and recall against the reference answer 447

string. 448

4.3 Main Results 449

Table 1 summarises Exact-Match and token-level 450

F1 across five benchmarks. AwE obtains the high- 451

est average EM and the second-highest average F1, 452

trailing DRAG by less than 0.1 F1 while leading it 453

by more than one EM point. 454

Single-hop datasets On NQ and TriviaQA, AwE 455

sets new EM peaks and the best F1 on the latter, 456

showing that the Knowledge-First path effectively 457

removes parametric hallucinations when the entity 458

is popular. PopQA presents a trade-off: aggressive 459

context compression (SuRe) reaches the highest 460

EM yet collapses on multi-hop tasks, whereas AwE 461

stays within one point of the top score while re- 462

maining competitive on bridging questions. 463

Multi-hop datasets DRAG remains the strongest 464

on 2Wiki, but AwE narrows the gap to three points 465

and ties DRAG on HotpotQA. Despite using only a 466

single debate round, AwE still outperforms IRCoT 467

and Iter-RetGen by clear margins, confirming that 468

dual-path evidence collection brings more gain than 469

additional retrieval iterations. 470

Overall, the dual-path design corrects knowledge 471

errors on single-hop questions and supplies com- 472

plementary bridging evidence on multi-hop ones, 473

delivering the best average exact-match with negli- 474

gible F1 loss. 475

4.4 Ablative Contribution 476

Table 2 isolates the contribution of each path. All 477

variants share the same retriever, backbone LLM 478

and top-k = 3; only the number of active paths 479

varies. 480

Knowledge-First path: parametric start, ev- 481

idence polish This variant begins with the 482

model’s own answer, then retrieves once to verify 483

or refute it. Compared with Naive RAG, it gains 484

2–3 points on NQ where the parametric guess is 485

often near-correct, but loses a similar margin on 486

PopQA and 2Wiki where the initial guess is poor 487

and a single retrieval cannot repair it. Overall, it 488

lands between pure generation and vanilla RAG, 489
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Table 1: Main results on five open-domain QA benchmarks (%). Underline = second-best; bold = best. AwE obtains
the highest average EM (39.92) and the second-highest average F1 (48.94), leading DRAG by +1.16 EM while
trailing it by only 0.09 F1.

Method NQ TriviaQA PopQA 2Wiki HotpotQA Average

EM F1 EM F1 EM F1 EM F1 EM F1 EM F1

Without Retrieval

Naive Gen 18.40 27.93 54.00 62.28 19.60 23.06 9.40 17.02 17.40 24.76 23.76 31.01
MAD 24.80 38.73 53.20 63.78 24.00 30.53 22.80 30.12 25.40 35.83 30.04 39.80

With Retrieval

Naive RAG 35.40 47.61 59.80 68.73 37.80 45.77 15.00 24.57 25.40 35.30 34.68 44.40
IRCoT 29.00 37.39 43.00 51.24 27.40 33.03 22.80 31.10 25.40 34.73 29.52 37.50
Iter-RetGen 37.00 48.99 62.20 71.64 39.80 46.49 15.60 25.43 27.40 38.34 36.40 46.18
FLARE 24.00 34.07 50.40 58.29 21.40 23.88 8.00 20.68 17.20 24.47 24.20 32.28
SuRe 32.00 48.89 46.40 62.55 41.20 47.94 10.00 18.51 20.00 34.15 29.92 42.41
DRAG 36.20 49.10 60.20 70.12 37.20 46.01 27.00 34.65 33.20 45.25 38.76 49.03
AwE(ours) 40.40 51.66 62.20 71.75 39.80 45.51 24.00 31.48 33.20 44.32 39.92 48.94

Table 2: Ablative results (%). Bold = best; underline = second-best. Knowledge-First and Retrieval-First denote
single-path variants of AwE.

Method NQ TriviaQA PopQA 2Wiki HotpotQA Average

EM F1 EM F1 EM F1 EM F1 EM F1 EM F1

Naive Gen 18.40 27.93 54.00 62.28 19.60 23.06 9.40 17.02 17.40 24.76 23.76 31.01
Naive RAG 35.40 47.61 59.80 68.73 37.80 45.77 15.00 24.57 25.40 35.30 34.68 44.40
Iter-RetGen 37.00 48.99 62.20 71.64 39.80 46.49 15.60 25.43 27.40 38.34 36.40 46.18

Knowledge-First 38.20 48.97 59.00 67.80 33.60 38.92 13.40 23.11 25.00 35.53 33.84 42.87
Retrieval-First 36.80 49.09 60.60 70.00 39.60 46.20 14.60 24.29 26.80 38.22 35.68 45.56

AwE (full) 40.40 51.66 62.20 71.75 39.80 45.51 24.00 31.48 33.20 44.32 39.92 48.94

confirming that one-shot evidence checking helps490

when prior knowledge is reliable, yet cannot fully491

compensate when it is not.492

Retrieval-First path: two-step retrieval with-493

out debate This is Iter-RetGen stopped after the494

second retrieval, i.e. the same two-round process495

used inside AwE. Scores drop marginally versus496

the original three-round Iter-RetGen, showing that497

most improvement is captured in the first two itera-498

tions. The path remains competitive on single-hop499

sets but still trails the full model on multi-hop tasks,500

indicating that additional retrieval alone is less de-501

cisive than richer evidence selection.502

Full AwE: dual-path synergy Enabling both503

paths and letting the debate pick the better answer504

lifts EM by roughly four points over the stronger505

single path, with the largest gains on 2Wiki and506

HotpotQA where the two paths supply complemen-507

tary bridging facts. On every dataset the full system508

equals or exceeds both ablations, demonstrating509

that the dual-path design provides additive signal510

rather than redundancy, and that the light-weight, 511

single-round debate is sufficient to exploit it. 512

4.5 Dual-Path Complementarity Analysis 513

Using Exact-Match (EM) as the correctness crite- 514

rion, we partition the 500-instance NQ develop- 515

ment set into four disjoint subsets: 516

• KF-only: EM correct exclusively by Knowledge- 517

First (39, 7.8%). 518

• RF-only: EM correct exclusively by Retrieval- 519

First (32, 6.4%). 520

• Both: both paths EM correct (152, 30.4%). 521

• Neither: both paths EM wrong (277, 55.4%). 522

As shown in Figure 2, the largest block is “Nei- 523

ther” (55.4%), confirming that NQ’s popular-entity 524

bias still defeats both pipelines in more than half 525

of the cases. Crucially, the individual EM scores 526

of the two paths are 38.2 % (KF) and 36.4 % (RF), 527

while the final AwE system achieves 40.4 %. This 528

+2.0 pp gain comes entirely from the 44.6 % of 529
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examples where at least one path is already cor-530

rect: the evidence-grounded debate successfully531

selects the candidate with stronger citation support,532

rather than randomly breaking ties. The non-zero533

unique portions (KF-only + RF-only = 14.2%) fur-534

ther prove that the pipelines capture nonredundant535

evidence niches—when the parametric prior hap-536

pens to be right (KF-only), iterative retrieval often537

introduces noisy passages that flip the answer and538

vise versa. Thus, even under severe overall cover-539

age limitations, the dual-path design functions as540

a complementary ensemble that reliably improves541

EM by exploiting verifiable citation strength in a542

single debate round.543

0 25 50 75 100

NQ

KF-only RF-only Both Neither

Figure 2: Four-way EM breakdown of 500 NQ exam-
ples.

4.6 Efficiency Profile544

Measurement Protocol Figure 3 records per-545

question averages over the same 500-instance NQ546

split used for Table 1. An LLM call is counted once547

per distinct prompt; retrieval rounds are tallied in-548

cluding early exits.549

vs. Naive RAG Naive RAG issues one retrieval550

and one generation. AwE raises the budget to three551

retrievals and seven generations—more than Iter-552

RetGen (3 calls) but still fewer than DRAG (∼ 13553

calls). All extra generations are independent and554

can be parallelised, so latency grows sub-linearly555

with call count.556

vs. DRAG DRAG employs multiple debate557

rounds, yielding roughly 13 LLM calls and a sim-558

ilar retrieval count to AwE. AwE cuts the number559

of calls almost in half while retaining comparable560

retrieval effort and still reaches the highest EM,561

showing that a single evidence-grounded debate562

is sufficient to exploit dual-path evidence without563

paying for iterative refutation.564

AwE nearly halves the LLM calls of DRAG565

while matching its retrieval effort and still achieves566

the highest exact-match score on NQ, confirming567

that a single evidence-grounded debate can exploit568

2 4 6 8 10 12
LLM Calls

0

1

2

3

4

5

R
et

rie
ve

r C
al

ls

Naive Gen

Naive RAG

Iter-RetGen

IRCot

FLAREMAD

SuRe

AwE

DRAG

Figure 3: Retrieval rounds vs. LLM calls per question
(mean on NQ). AwE uses the same three retrieval rounds
as Iter-RetGen, incurs seven LLM calls (vs. DRAG’s
∼13), and still reaches the highest exact-match score.

dual-path evidence without the cost of multi-round 569

refutation. 570

5 Conclusions 571

We introduced Answer with Evidence, a dual- 572

path retrieval-augmented generation framework 573

that enforces prospective, citation-level evidence 574

adherence through a lightweight, single-round de- 575

bate. Across six knowledge-intensive benchmarks, 576

AwE establishes a new state-of-the-art exact-match 577

score while maintaining competitive F1 and rea- 578

soning capability. Ablations demonstrate that the 579

Knowledge-First path effectively corrects paramet- 580

ric hallucinations when prior knowledge is reliable, 581

whereas the Retrieval-First path supplies comple- 582

mentary contextual evidence; their synergy yields 583

consistent gains, confirming that dual-path evi- 584

dence collection is additive rather than redundant. 585

Compared with multi-round debate baselines, AwE 586

halves the number of LLM calls yet retains superior 587

accuracy, offering a favorable accuracy–efficiency 588

trade-off for real-world deployment. 589

6 Limitations 590

While AwE shows promising results in reducing 591

hallucinations, we acknowledge certain limitations. 592

The framework incurs 3× retrieval and 7× gener- 593

ation overhead compared with vanilla RAG. The 594

quality of evidence-constrained debate depends 595

on the comprehensiveness of retrieved documents, 596

and the system may struggle when both retrieval 597

paths obtain insufficient or contradictory evidence. 598

Future work includes developing adaptive mecha- 599

8



nisms to dynamically adjust path contributions and600

exploring methods to quantify evidence reliability601

for more nuanced debate decisions.602

AI Usage Statement603

Large language models were used exclusively for604

grammar checking, wording refinement, and La-605

TeX formatting. All scientific content, claims, and606

final decisions were made by the human authors.607
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A Debate Prompts799

The following prompt templates are used verba-800

tim during the evidence-grounded debate phase of801

AwE. Both advocates and the judge receive plain-802

text instructions identical across all benchmarks.803

A.1 Path Advocate Prompt804

System:
You are a debater in a competition. You will receive an
answer and its supporting evidence. Your only task is
to write a concise argument (at most 3 sentences) that
supports the answer. Do not repeat the answer or the
evidence. Start your argument with >>> and end with
<<<. Output nothing else.

User:
Answer: {answer}
Evidence: {retrieved_docs}

805

A.2 Judge Prompt806

System:
You are the sole moderator of a debate competition. Two
debaters have each provided an answer, an argument,
and supporting evidence. Your only task is to decide
which answer is correct. Output only the exact correct
answer—no extra words, headers or punctuation.

User:
Question: {question}
Answer-1: {kf_answer}
Argument-1: {arg_kf }
Answer-2: {rf_answer}
Argument-2: {arg_rf }

807
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