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Abstract001

Large language models often exhibit hallucina-002
tions, while single-model self-verification lacks003
the knowledge and reasoning diversity required004
to achieve both reliability and cost-efficiency.005
We propose HAMV, a framework that reframes006
multi-model collaboration as a cross-model007
sparse expert scheduling problem. Inspired008
by the Mixture-of-Experts (MoE) paradigm,009
HAMV employs a dynamic routing mecha-010
nism to adaptively assign roles (generation,011
evaluation, verification, and aggregation) based012
on task and model profiles. It incorporates013
Dempster–Shafer-based confidence fusion to014
trigger conditional verification for controlled015
computational cost. On HalluQA and Truth-016
fulQA, HAMV consistently outperforms repre-017
sentative baselines across varying budgets. Fur-018
ther analysis confirms that dynamic scheduling019
mitigates position sensitivity, validating the ef-020
fectiveness of modeling factual verification as021
a structured scheduling problem.022

1 Introduction023

As LLMs are increasingly used for open-domain024

reasoning and complex verification, ensuring fac-025

tual consistency and reasoning reliability has be-026

come a key deployment challenge (Huang et al.,027

2025a; Ji et al., 2023). Existing approaches mostly028

rely on a single model for generation, judgment, or029

verification, but limited knowledge coverage, rea-030

soning biases, and correlated errors make it diffi-031

cult to achieve accuracy, robustness, and efficiency032

simultaneously (Wang et al., 2022).033

To address these issues, recent work explores034

multi-model or multi-agent collaboration and cross-035

verification, improving factual reliability via role036

specialization and diversified reasoning paths (Du037

et al., 2023; Wu et al., 2024a). However, most ap-038

proaches rely on static or rule-based coordination,039

without explicitly modeling task heterogeneity or040

complementary model capabilities, which often041

leads to redundant reasoning or ineffective collabo- 042

ration (Huang et al., 2025b). 043

MoE improves model efficiency via learn- 044

able routing and sparse activation, invoking only 045

input-relevant submodules to reduce computa- 046

tion while maintaining or even improving perfor- 047

mance (Shazeer et al., 2017). Prior studies (Jiang 048

et al., 2024; Wu et al., 2024b) show that this 049

routing plus sparse activation is particularly effec- 050

tive in complex reasoning. Although mostly stud- 051

ied within single models, the same principle can 052

be extended to heterogeneous reasoning models: 053

treating each model as an expert enables coarse- 054

grained, capability-oriented selection and collabo- 055

rative decision-making (Huang et al., 2025b; Jitkrit- 056

tum et al., 2025). 057

Building on these observations, we propose 058

HAMV, a heterogeneous adaptive multi-model ver- 059

ification framework for factual verification. It uses 060

a dynamic routing mechanism to adaptively select 061

the most suitable models or model combinations for 062

reasoning and adjudication based on task character- 063

istics and verification requirements. Compared to 064

static multi-model schemes, HAMV reduces unnec- 065

essary model invocations while maintaining strong 066

verification performance. Experiments across mul- 067

tiple factual verification and reasoning benchmarks 068

demonstrate its stable and consistent improvements, 069

validating the effectiveness of the proposed cross- 070

model sparse routing mechanism. 071

2 Related Work 072

2.1 Hallucination Handling 073

Large language models (LLMs) often produce hal- 074

lucinations, generating content that appears plausi- 075

ble but is factually incorrect (Huang et al., 2025a; Ji 076

et al., 2023). Existing research has focused on two 077

directions: hallucination detection and mitigation. 078

Detection methods include uncertainty estima- 079

tion such as semantic entropy (Farquhar et al., 080
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2024), multi-sample consistency checking as081

in SelfCheckGPT (Manakul et al., 2023), and082

self-generated evidence–based verification as in083

SAC³ (Zhang et al., 2023). Mitigation approaches084

improve factuality through retrieval-augmented085

generation (Lewis et al., 2020), data refinement or086

fine-tuning (Touvron et al., 2023), and optimized087

decoding (Chuang et al., 2024).088

To enhance self-correction, self-verification089

mechanisms have been proposed. Inspired by090

Chain-of-Thought (CoT) reasoning (Wei et al.,091

2022), models can “reflect” on their outputs. It-092

erative revision methods such as CoVe (Dhu-093

liawala et al., 2024) and Self-Refine (Madaan094

et al., 2023) refine outputs step by step. Tool-095

former (Schick et al., 2023), PAL (Gao et al., 2023),096

and CRITIC (Gou et al., 2023) incorporate exter-097

nal tools for stronger verification, while Reverse098

verification (Weng et al., 2023) and Chain-of-Note099

(CoN) (Yu et al., 2024) enhance interpretability.100

Some studies mitigate hallucinations via data or101

model-level interventions. ANAH-v2 (Gu et al.,102

2024) relies on large-scale annotations and self-103

training to improve HalluQA, while NoVo (Ho104

et al., 2025) suppresses hallucinations at infer-105

ence time by leveraging attention-head redundancy106

and performs well on TruthfulQA. However, these107

methods rely primarily on a single backbone model108

throughout the verification process, and therefore109

remain limited in computational efficiency and110

adaptability.111

2.2 Multi-Model Collaboration112

To overcome the performance and adaptability lim-113

its of single-model self-verification, multi-model114

collaboration is widely recognized as a key strat-115

egy to enhance LLM reliability. Multi-agent sys-116

tems coordinate multiple models through role di-117

vision for complex tasks. For example, debate-118

based factual enhancement (Du et al., 2023) and119

AutoGen (Wu et al., 2024a) leverage multi-model120

collaboration to improve accuracy and consistency.121

However, multi-model systems introduce sub-122

stantial computational and communication costs.123

Adaptive strategies such as Adaptive-RAG (Jeong124

et al., 2024) and In-context Autoencoder (Ge et al.,125

2023) mitigate these overheads by selectively trig-126

gering retrieval or compressing contextual infor-127

mation. FrugalGPT (Chen et al., 2023) further128

manages reasoning costs via a cost-ranked model129

cascade.130

Despite these advances, existing approaches131

are limited in task diversity and flexible schedul- 132

ing, motivating finer-grained, dynamic multi-model 133

mechanisms that exploit complementary capabili- 134

ties efficiently. 135

2.3 Mixture-of-Experts Architectures 136

Mixture-of-Experts improves inference efficiency 137

by sparsely activating expert sub-networks. In clas- 138

sic MoE, each input is dynamically routed to a 139

subset of experts via a gating network, saving com- 140

putation while maintaining performance (Shazeer 141

et al., 2017). The Switch Transformer (Fedus et al., 142

2022) exemplifies this, activating only a few ex- 143

perts in a large Transformer for efficient inference. 144

MoE has been extended to multimodal and large- 145

scale language models. Mixtral 8×7B (Jiang et al., 146

2024) uses sparse experts to boost cross-task gen- 147

eralization, and DeepSeek-VL2 (Wu et al., 2024b) 148

applies sparse activation in multimodal reasoning. 149

These studies show that “routing plus sparse activa- 150

tion” not only improves single-model efficiency but 151

also inspires cross-model collaboration: treating 152

models or submodules as experts with complemen- 153

tary capabilities and selecting them dynamically 154

based on task characteristics. This principle pro- 155

vides an important reference for the heterogeneous 156

adaptive routing mechanism in HAMV. 157

2.4 Summary 158

Existing studies have advanced single-model hal- 159

lucination handling, multi-model collaboration, 160

and sparse expert mechanisms. Yet, single-model 161

approaches remain limited by knowledge cov- 162

erage and biases, while multi-model methods 163

face challenges in task adaptability and schedul- 164

ing. Although MoE improves computational ef- 165

ficiency, it has not been systematically applied 166

to heterogeneous-model factual verification.These 167

limitations motivate HAMV, which combines dy- 168

namic multi-model scheduling with MoE-inspired 169

principles to achieve efficient, reliable, and adap- 170

tive factual verification. 171

3 The HAMV Framework 172

The HAMV framework balances verification accu- 173

racy and computational cost via adaptive schedul- 174

ing. It assigns heterogeneous models to task stages 175

to enhance factual consistency and triggers high- 176

cost verification conditionally based on confidence 177

levels to save resources. The following sections de- 178

scribe HAMV’s architecture and core algorithms. 179
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Figure 1: Overall architecture of the HAMV framework.

3.1 Overall Architecture180

In HAMV, the set of models forms the model team181

Mteam, dynamically constructed from the model182

pool P for each query Q:183

Mteam = {mGen, mEval, mVer, mSum}. (1)184

Here, mGen generates the baseline answer; mEval185

assigns a scalar confidence score; mVer handles186

verification when confidence is low; and mSum187

aggregates results and produces the final answer.188

As illustrated in Figure 1, HAMV uses a four-189

stage sequential workflow. Compared to single-190

model verification, it enables multi-model collabo-191

ration with adaptive triggering, leveraging knowl-192

edge complementarity while optimizing computa-193

tional cost.194

MoE Adaptive Routing Module. Serving as the195

entry point and scheduler, this module receives user196

queries, performs semantic parsing and task type197

identification, and allocates the four role models198

from P . It also sets evaluation reliability weights199

α and the adaptive triggering threshold τc.200

Baseline Generation Module. Executed by201

mGen, it outputs the structured initial answer, pro-202

viding the foundation for evaluation and verifica-203

tion.204

Confidence Evaluation and Verification Q&A205

Module. The evaluation model mEval scores the206

baseline answer. Dempster–Shafer (DS) evidence207

fusion aggregates confidence estimates into a uni-208

fied belief. If it falls below τc, mVer is triggered to 209

generate verification questions and answers. 210

Conflict Analysis and Answer Aggregation 211

Module. Executed by mSum, this module analyzes 212

consistency between the baseline and verification 213

answers, producing the final high-reliability output. 214

Example workflow. For the query “Why did 215

Li Kui cause a disturbance at Mount Wutai?”, the 216

routing module first classifies it as a factual verifi- 217

cation task and constructs the model team as fol- 218

lows: Qwen-Plus (mGen), GLM-4-air and GPT-4o 219

(mEval1,mEval2) with reliability weights 0.8 and 220

0.7, ERNIE 3.5 (mVer), and Claude-3.7-Sonnet 221

(mSum), with an adaptive threshold τc = 0.75. The 222

generation stage outputs the baseline answer; the 223

evaluation stage produces an aggregated confidence 224

of 0.73, which is below the threshold, triggering 225

the verification process. In the aggregation stage, 226

the final answer is corrected based on verification 227

evidence: “The disturbance at Mount Wutai was 228

not caused by Li Kui, but by the Flowery Monk Lu 229

Zhishen.” 230

3.2 MoE Routing Algorithm 231

The MoE routing algorithm is HAMV’s core sched- 232

uler, enabling optimal role assignment in a het- 233

erogeneous model environment while balancing 234

accuracy, scalability, and computational cost. It 235

comprises four main components: 236
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Heterogeneous Model Pool Construction.237

HAMV builds the model pool P based on three238

heterogeneity principles: architectural: covering239

diverse training paradigms, reasoning mechanisms,240

and representations to enhance knowledge and241

reasoning diversity; capability: including high-242

performance and lightweight models to balance243

accuracy and cost; cost: dividing models into244

flagship and economical tiers based on API pricing245

to enable flexible scheduling. According to the246

routing strategy, a candidate set P ′ is selected from247

P : under performance-oriented strategy, P ′ = P ;248

under cost-constrained strategy, only economical249

models are kept.250

Multi-Dimensional Model Profiling. To sup-251

port role assignment, HAMV constructs a multi-252

dimensional profile for each model, including:253

• Capabilities: Characterized by four core abil-254

ities aligned with the verification pipeline255

stages: generation, evaluation, verification,256

and synthesis. Generation ability measures257

the model’s capacity to directly produce cor-258

rect answers given the original input, evalu-259

ated by answer accuracy. Evaluation abil-260

ity reflects the model’s skill in judging the261

correctness of candidate answers, assessed262

on baseline answers labeled as true or false.263

Verification ability quantifies the model’s ca-264

pability to generate and answer verification265

questions around error points, measured by266

both verification question coverage and an-267

swer accuracy. Synthesis ability indicates the268

model’s competence in integrating conflicting269

or multi-source evidence to produce correct270

conclusions, evaluated by the accuracy of the271

final answer after multi-evidence reasoning.272

• Cost: Estimated based on API pricing stan-273

dards to account for economic considerations274

in model selection.275

• Error diversity: Measures variation in de-276

cision errors among team models. Higher277

values indicate stronger complementarity and278

greater potential for error correction.279

Task Type Classification and Dynamic Routing280

Strategy. Dynamic routing classifies the input281

task and sets the expert selection strategy S. Un-282

der the performance-oriented strategy, the highest-283

capability models are selected; under the cost-284

constrained strategy, only economical models are285

retained. Strategy S defines the candidate set com- 286

position and role allocation constraints. 287

Role Assignment Based on Multi-Dimensional 288

Profiles. Once the candidate pool P ′ is deter- 289

mined, roles are assigned in the following order: 290

• mGen: select the model in P ′ with the highest 291

generation ability for the current task type. 292

• mVer: select from P ′\{mGen} the model with 293

the highest verification ability for the current 294

task. 295

• mEval: Select the top two models in P ′ \ 296

{mGen} with the highest evaluation ability to 297

form the evaluation team. Reliability weights 298

αi are set according to each model’s histori- 299

cal accuracy accm,T , and the system’s adap- 300

tive threshold is defined as τc = (αEval1 + 301

αEval2)/2. 302

• mSum: select a model from P ′ with overall 303

balanced capability based on the team’s aggre- 304

gate error diversity ErrDivteam. 305

3.3 DS-Based Confidence Fusion and 306

Conditional Verification 307

HAMV leverages Dempster–Shafer evidence the- 308

ory (Dempster, 2008) to model uncertainty from 309

heterogeneous evaluation models in a unified 310

framework. The procedure is as follows: 311

(1) BPA construction: Each evaluation model 312

produces a discounted basic probability assignment 313

(BPA) 314
m′

i(C) = αi si,

m′
i(I) = αi (1− si),

m′
i(Θ) = 1− αi.

(2) 315

(2) Conflict coefficient: The conflict between 316

two evidence sources is computed as 317

K = m′
1(C)m′

2(I) +m′
1(I)m

′
2(C). (3) 318

(3) Evidence fusion: The combined belief for 319

correctness is given by 320

mc(C) =
m′

1(C)[m′
2(C) +m′

2(Θ)] +m′
1(Θ)m′

2(C)

1−K
(4) 321

The combined belief mc(C) is compared with 322

threshold τc for conditional verification. If it ex- 323

ceeds τc, deep verification is skipped; otherwise, 324

verification questions are triggered. This ensures 325

factual reliability while optimizing computational 326

resources and avoiding unnecessary checks. 327
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4 Experiments and Results328

This section evaluates HAMV in hallucination miti-329

gation and cost control, analyzing the contributions330

of multi-model collaboration (Multi), MoE routing331

(MoE), and DS evidence fusion (DS). Experiments332

include overall performance comparison, ablation333

studies, position sensitivity analysis, and failure334

mode investigation, validating effectiveness, com-335

ponent contributions, key routing design assump-336

tions, and framework limitations.337

4.1 Experimental Setup338

4.1.1 Datasets and Model Pool339

Datasets and Splits. Experiments are conducted340

on two factual question-answering benchmarks.341

HalluQA (Cheng et al., 2023), a hallucination-342

sensitive Chinese dataset, evaluates factual con-343

sistency and robustness in Chinese settings. Truth-344

fulQA (Lin et al., 2022), an adversarial English345

benchmark in the MC1 multiple-choice setting, as-346

sesses model robustness against misleading ques-347

tions.348

For each dataset, samples are randomly split into349

a development set (30%) for capability assessment350

and model profiling, and an evaluation set (70%)351

for performance reporting. All results are reported352

on the evaluation set to ensure fair comparison.353

Model Pool. We construct a heterogeneous354

model pool covering different performance and355

cost tiers to evaluate HAMV’s collaborative capa-356

bilities under varying budget constraints. The pool357

includes:358

High-performance models: ERNIE 4.0, GLM-359

4-plus, Qwen-Max, GPT-4.1, Claude-3.7-Sonnet360

Moderate- and low-cost models: ERNIE 3.5,361

GLM-4-air, Qwen-Plus, GPT-4o362

Capability Evaluation and Multi-Dimensional363

Model Profiling. Based on the four-dimensional364

capability assessment in Section 3.2, model per-365

formance is quantified to construct a 9 × 7 × 4366

performance matrix for MoE routing. The task367

set T ∈ {P1, . . . , P7} spans seven categories: AI368

self-identity (AI), debunking absolutes and uni-369

versals (DAU), myth versus reality discrimination370

(MFR), urban legends and pseudoscience detection371

(ULP), fact-checking and misconception correction372

(FCM), literature and arts knowledge (LAK), and373

logic-based reasoning, wordplay, and paradox han-374

dling (LWP). These seven categories support MoE375

routing decisions and task–model matching.376

4.1.2 Evaluation Metrics 377

To systematically assess the performance of the 378

HAMV framework, three types of metrics are em- 379

ployed: 380

Accuracy (Acc): the proportion of correct re- 381

sponses provided by the model or framework, re- 382

flecting factual consistency: 383

Acc =
1

N

N∑
i=1

I{M(xi) = yi}, (5) 384

where N is the total number of samples, M(xi) is 385

the model prediction, yi is the ground-truth label, 386

and I{·} denotes the indicator function. 387

Cost (×10−3USD): the cumulative API call ex- 388

penses, representing the economic efficiency of the 389

verification process. 390

Trigger Rate (TR): the proportion of samples 391

that activate the verification chain, measuring how 392

frequently verification is triggered: 393

TR =
Verification-triggered cases

Total evaluation samples
× 100%. (6) 394

Correction Rate (CR): the proportion of 395

successfully corrected cases among verification- 396

triggered samples, reflecting decision accuracy: 397

CR =
Corrected cases

Verification-triggered cases
× 100%. (7) 398

4.2 Performance Comparison Experiments 399

This section compares HAMV with representative 400

baselines. CoVe is included as a single-model 401

self-verification method using the best-performing 402

configuration per dataset, while FrugalGPT rep- 403

resents inference-time dynamic model selection 404

for performance–cost optimization. In addition, 405

NoVo is evaluated following its original setting 406

with Mistral-7B, motivated by its strong perfor- 407

mance on TruthfulQA. HAMV is assessed under 408

H-p (high-performance) and C-c (cost-constrained) 409

settings to examine performance–cost trade-offs. 410

Results on HalluQA and TruthfulQA are shown in 411

Figures 2. 412

HAMV (H-p) achieves 84.44% accuracy on 413

HalluQA, surpassing the strongest CoVe baseline 414

(80.67%) by a substantial margin while reducing 415

inference cost by approximately 24%. On Truth- 416

fulQA, it attains 84.94% accuracy—comparable to 417

CoVe—but at only around 10% of the cost, indi- 418

cating that near-flagship performance can be main- 419

tained with substantially lower computational over- 420

head. 421
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Figure 2: Overall performance of HAMV (H-p and C-c)
and baseline methods. NoVo uses local computation
without API-based pricing and is therefore excluded
from cost comparison.

HAMV (C-c) reaches 82.22% on HalluQA and422

81.52% on TruthfulQA. On HalluQA, it exceeds423

CoVe while using only about 10% of its infer-424

ence cost; on TruthfulQA, its accuracy is slightly425

lower than CoVe, but the cost is reduced to roughly426

1%. Compared with FrugalGPT, HAMV (C-c) im-427

proves accuracy by around 3 points on both bench-428

marks at similar cost, and shows higher accuracy429

than NoVo on TruthfulQA, with a larger margin430

observed on HalluQA.431

4.3 Ablation Study432

Ablation Setup. To evaluate the individual con-433

tributions of HAMV’s core components—multi-434

model collaboration (Multi), DS-based evidence fu-435

sion (DS), and MoE dynamic routing (MoE)—we436

conduct cumulative ablation experiments under the437

cost-constrained setting using only economic-tier438

models. Components are sequentially added to as-439

sess their impact, with variants including w/o all,440

+MoE only, +Multi (full/cond.), w/o MoE, w/o DS,441

and Full HAMV, summarized in Table 1.442

Ablation Results. The experimental results lead443

to the following conclusions:444

1) Performance gain of MoE routing under445

single-model conditions. Even without multi-446

model collaboration, enabling MoE routing signif-447

icantly improves performance (HalluQA: 75.11%448

→ 79.11%; TruthfulQA: 76.99% → 78.70%),449

showing that task–model matching alone provides450

notable benefits.451

2) Contribution of multi-model collabora-452

tion. Adding multi-model collaboration yields the453

largest performance gain (HalluQA +5.33%; Truth-454

fulQA +2.81%), highlighting that complementary455

knowledge, reasoning preferences, and error pat-456

terns across models effectively enhance robustness457

and generalization, making it the main source of458

HAMV’s improvement.459

3) Effect of DS fusion on verification trigger- 460

ing. Conditional verification lowers the trigger rate 461

(TR = 10.9%), reducing verification cost on Hal- 462

luQA and TruthfulQA from 180/343 to 60/115, but 463

also causes a precision–recall imbalance, with ac- 464

curacy dropping to 79.33% and 78.33% and low 465

correction success (30.6% / 29.5%). Introducing 466

DS fusion markedly improves confidence estima- 467

tion and triggering, raising correction success to 468

69.2% (HalluQA) and 62.8% (TruthfulQA), and 469

increasing overall accuracy by about +1.12% at 470

lower cost. 471

4) Performance gain of MoE routing within 472

multi-model framework. Adding MoE routing to 473

multi-model collaboration further improves perfor- 474

mance (HalluQA +1.78%; TruthfulQA +1.23%), 475

indicating that dynamic role assignment effectively 476

matches model capabilities to task needs. Though 477

smaller than the gain from multi-model collabora- 478

tion, it shows a positive trend toward stabilizing 479

system performance near the collaborative upper 480

bound. 481

5) Synergistic gain of DS fusion and MoE rout- 482

ing in full HAMV. With both DS fusion and MoE 483

routing, HAMV achieves the highest accuracy (Hal- 484

luQA 82.22%; TruthfulQA 81.52%). On Truth- 485

fulQA, their combined improvement (+3.19%) ex- 486

ceeds the sum of individual gains (2.21%), demon- 487

strating a synergistic effect that enhances reliability 488

and overall effectiveness in complex verification 489

tasks. 490

4.4 Positional Sensitivity Analysis 491

In multi-model verification, a model’s stage 492

assignment—generation (G), verification (V), or 493

synthesis (S)—crucially impacts performance. To 494

quantify this, we define position sensitivity as the 495

maximum performance spread over the set of valid 496

role permutations π for a model set M and task T : 497

∆PM,T = max
π∈Π

A(π)−min
π∈Π

A(π) (8) 498

where A(π) denotes the accuracy under assignment 499

π with evaluation modules fixed. 500

4.4.1 Experimental Setup 501

On HalluQA and TruthfulQA, we select represen- 502

tative Top and Random model teams. With the 503

model set, evaluation modules, and prompts held 504

fixed, we exhaustively evaluate all six G/V/S per- 505

mutations and compare their accuracies, isolating 506

performance differences attributable solely to role 507

assignments. 508
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Variant
HalluQA TruthfulQA

Acc (%) CR/TR Cost Acc (%) CR/TR Cost

w/o all 75.11 7.1%/100% 171 76.99 8.5%/100% 317
+ MoE only 79.11 11.1%/100% 213 78.70 10.2%/100% 398
+ Multi (full verify) 80.44 12.4%/100% 180 79.80 11.4%/100% 343
+ Multi (conditional) 79.33 30.6%/10.9% 60 78.33 29.5%/13.7% 115
w/o MoE 80.22 69.2%/5.8% 48 79.31 62.8%/5.3% 85
w/o DS 81.11 43.9%/9.1% 75 79.56 36.4%/6.7% 129
Full HAMV 82.22 66.7%/7.3% 67 81.52 58.0%/6.1% 111

Table 1: The configurations are as follows, progressively adding or removing core components (Multi, DS, MoE):
w/o all: Single-model baseline without collaboration, DS fusion, or routing; +MoE only: Single-model with
MoE selecting the best model per task; +Multi (full verify): Static three-model collaboration, full verification for
all samples; +Multi (conditional): Same team with coarse confidence-based triggering; w/o MoE: Multi-model
collaboration with DS fusion but no role-level routing; w/o DS: Multi-model collaboration with MoE routing but no
DS fusion; Full HAMV: Multi-model collaboration with both DS fusion and MoE routing.

4.4.2 Results and Observations509

Figure 3 reveals clear performance fluctuations510

across different G/V/S role permutations.511

Significant position sensitivity is observed512

across all model teams and datasets (∆P :513

5%–30%), indicating role assignment as a critical514

structural factor in multi-model verification. Al-515

though Overall aggregation reduces performance516

variation, persistent gaps indicate that this effect517

is inherent to the verification pipeline rather than518

task-specific.519

Position sensitivity is not a simple reflection of520

global model ranking, as Random teams outper-521

form Top teams under certain role configurations,522

revealing strong stage-dependent interactions be-523

tween model capabilities and verification phases.524

Statistical significance is confirmed by paired525

t-tests at the 95% confidence level (p < 0.01) with526

a large effect size (Cohen’s d = 2.15), suggesting527

that the observed differences are unlikely to be due528

to random variation.529

Figure 4 assesses the effectiveness of dynamic530

routing in alleviating position sensitivity. Across all531

subtasks and the Overall metric, HAMV-MoE con-532

sistently outperforms random role permutations by533

approximately 5–10 percentage points, while main-534

taining performance within 1–3 percentage points535

of the experimentally optimal configurations.536

The advantage of HAMV-MoE lies in raising537

the performance lower bound induced by role as-538

signment rather than approximating a single, fixed539

optimal permutation. Compared with the large540

performance variance under random permutations, 541

HAMV-MoE maintains more consistent results 542

across subtasks and in overall aggregation, miti- 543

gating degradation from unfavorable role configu- 544

rations. 545

Position-sensitivity analysis further shows that 546

multi-model verification pipelines are structurally 547

sensitive to role assignment: even with the same 548

model set, reassigning models to generation, veri- 549

fication, and aggregation stages can cause perfor- 550

mance fluctuations exceeding 10–15%, reflecting 551

strong stage-dependent model capabilities that limit 552

static, globally ranked configurations. 553

HAMV-MoE addresses this issue through dy- 554

namic routing, adaptively assigning roles at in- 555

ference time without explicit permutation search, 556

thereby reducing position-induced instability and 557

achieving robust overall performance gains. 558

4.5 Error Analysis 559

To identify HAMV’s limitations and guide future 560

improvements, we manually analyzed 175 fail- 561

ure cases, classifying errors as evaluation failures 562

(78.8%), verification failures (16.6%), and synthe- 563

sis failures (4.6%). 564

Evaluation failures occur when multiple mod- 565

els assign high confidence to wrong answers due to 566

shared corpus biases or knowledge gaps, blocking 567

verification. Examples include “On which day of 568

the Chinese lunar calendar do magpies build the 569

bridge?” and “What is the source of ‘The golden 570

monkey raises its mighty staff’?” where models 571

follow common narratives or fixed associations. 572
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Figure 3: Accuracy of six role permutations across tasks. Legend codes (e.g., GVS) indicate the models assigned to
the generation, verification, and summarization stages in order. Overall denotes accuracy over the full dataset.

Figure 4: Mitigation of position sensitivity by HAMV-
MoE compared to Random Assignment and Experimen-
tally Optimal baselines. The Overall column reports the
weighted accuracy across the full dataset.

Heterogeneous evaluation and DS fusion reduce573

random hallucinations, but consensus errors remain574

hard to avoid.575

Verification failures occur when queries exceed576

model knowledge coverage, leading models to fa-577

vor fluency over factuality. For instance, in “What578

follows the last line of The Song of the Pipa?”,579

fabricated continuations are often generated. Het-580

erogeneous verification mitigates but does not elim-581

inate such generative drift.582

Synthesis failures reflect a bias toward linguis-583

tic harmonization rather than factual adjudication584

under conflicting evidence. For example, in ex-585

plaining “A prime minister’s belly can hold a boat,”586

final outputs may still deviate from the truth despite587

correct verification evidence.588

Overall, these errors reflect LLMs’ structural589

limits in knowledge, verification, and conflict res-590

olution, not flaws in HAMV. Future work can im-591

prove evaluation heterogeneity, verification con-592

straints, and evidential signals in synthesis. 593

5 Conclusion 594

This paper presents HAMV, a heterogeneous adap- 595

tive multi-model verification framework for fact 596

checking. It models verification as a structured 597

scheduling problem, treating heterogeneous mod- 598

els as experts dynamically assigned to genera- 599

tion, evaluation, verification, and synthesis stages. 600

HAMV combines MoE-inspired dynamic routing 601

with evidence-based confidence fusion to balance 602

verification reliability and computational cost with- 603

out requiring additional model training. 604

Experiments on Chinese and English hallucina- 605

tion benchmarks show that HAMV’s structured 606

scheduling is effective and stable. Ablations indi- 607

cate that multi-model collaboration, dynamic rout- 608

ing, and evidence fusion contribute complemen- 609

tary gains. Position sensitivity analysis highlights 610

that role assignment within the pipeline affects per- 611

formance, as different stage allocations can cause 612

substantial variation even with a fixed model pool, 613

showing that static, globally ranked configurations 614

cannot capture stage-dependent behavior. 615

Although HAMV is limited by shared knowl- 616

edge gaps and generative uncertainty, modeling 617

multi-model fact verification as a structured cross- 618

model scheduling problem provides a generalizable 619

approach for high-reliability language model sys- 620

tems. Future work could explore learnable sched- 621

ulers and broader reasoning scenarios. 622
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Limitations623

Although HAMV significantly improves factual624

reliability and reduces hallucinations under a625

cost–effectiveness trade-off, several limitations re-626

main. First, the framework depends on externally627

provided model pools and fixed capability profiles;628

its performance may vary as LLMs evolve or when629

deployed in domains with limited model diversity.630

Second, DS-based confidence fusion and MoE rout-631

ing, while effective, introduce additional latency632

compared with single-model workflows. Further633

optimization is needed for real-time or large-scale634

applications. Third, our evaluation is restricted to635

two factual QA datasets; broader testing on multi-636

turn dialogue, long-context reasoning, and domain-637

specific tasks is required to fully assess generaliza-638

tion. Finally, HAMV is verification-oriented and639

does not directly address deeper epistemic issues640

such as model uncertainty calibration or attribution641

reliability, which remain open challenges.642

References643

Lingjiao Chen, Matei Zaharia, and James Zou. 2023.644
Frugalgpt: How to use large language models while645
reducing cost and improving performance. arXiv646
preprint arXiv:2305.05176.647

Qinyuan Cheng, Tianxiang Sun, Wenwei Zhang, Siyin648
Wang, Xiangyang Liu, Mozhi Zhang, Junliang He,649
Mianqiu Huang, Zhangyue Yin, Kai Chen, and 1 oth-650
ers. 2023. Evaluating hallucinations in chinese large651
language models. arXiv preprint arXiv:2310.03368.652

Yung-Sung Chuang, Yujia Xie, Hongyin Luo, Yoon653
Kim, James R Glass, and Pengcheng He. 2024. Dola:654
Decoding by contrasting layers improves factuality in655
large language models. In International Conference656
on Representation Learning, volume 2024, pages657
54158–54183.658

Arthur P Dempster. 2008. Upper and lower probabilities659
induced by a multivalued mapping. In Classic works660
of the Dempster-Shafer theory of belief functions,661
pages 57–72. Springer.662

Shehzaad Dhuliawala, Mojtaba Komeili, Jing Xu,663
Roberta Raileanu, Xian Li, Asli Celikyilmaz, and664
Jason Weston. 2024. Chain-of-verification reduces665
hallucination in large language models. In Findings666
of the association for computational linguistics: ACL667
2024, pages 3563–3578.668

Yilun Du, Shuang Li, Antonio Torralba, Joshua B Tenen-669
baum, and Igor Mordatch. 2023. Improving factual-670
ity and reasoning in language models through multia-671
gent debate. In Forty-first International Conference672
on Machine Learning.673

Sebastian Farquhar, Jannik Kossen, Lorenz Kuhn, and 674
Yarin Gal. 2024. Detecting hallucinations in large 675
language models using semantic entropy. Nature, 676
630(8017):625–630. 677

William Fedus, Barret Zoph, and Noam Shazeer. 2022. 678
Switch transformers: Scaling to trillion parameter 679
models with simple and efficient sparsity. Journal of 680
Machine Learning Research, 23(120):1–39. 681

Luyu Gao, Aman Madaan, Shuyan Zhou, Uri Alon, 682
Pengfei Liu, Yiming Yang, Jamie Callan, and Gra- 683
ham Neubig. 2023. Pal: Program-aided language 684
models. In International Conference on Machine 685
Learning, pages 10764–10799. PMLR. 686

Tao Ge, Jing Hu, Lei Wang, Xun Wang, Si-Qing Chen, 687
and Furu Wei. 2023. In-context autoencoder for con- 688
text compression in a large language model. arXiv 689
preprint arXiv:2307.06945. 690

Zhibin Gou, Zhihong Shao, Yeyun Gong, Yelong 691
Shen, Yujiu Yang, Nan Duan, and Weizhu Chen. 692
2023. Critic: Large language models can self-correct 693
with tool-interactive critiquing. arXiv preprint 694
arXiv:2305.11738. 695

Yuzhe Gu, Ziwei Ji, Wenwei Zhang, Chengqi Lyu, 696
Dahua Lin, and Kai Chen. 2024. Anah-v2: Scaling 697
analytical hallucination annotation of large language 698
models. Advances in Neural Information Processing 699
Systems, 37:60012–60039. 700

Zheng Yi Ho, Siyuan Liang, Sen Zhang, Yibing Zhan, 701
and Dacheng Tao. 2025. Novo: Norm voting off 702
hallucinations with attention heads in large language 703
models. In The Thirteenth International Conference 704
on Learning Representations. 705

Lei Huang, Weijiang Yu, Weitao Ma, Weihong Zhong, 706
Zhangyin Feng, Haotian Wang, Qianglong Chen, 707
Weihua Peng, Xiaocheng Feng, Bing Qin, and 1 oth- 708
ers. 2025a. A survey on hallucination in large lan- 709
guage models: Principles, taxonomy, challenges, and 710
open questions. ACM Transactions on Information 711
Systems, 43(2):1–55. 712

Zhongzhan Huang, Guoming Ling, Yupei Lin, Yandong 713
Chen, Shanshan Zhong, Hefeng Wu, and Liang Lin. 714
2025b. RouterEval: A comprehensive benchmark for 715
routing LLMs to explore model-level scaling up in 716
LLMs. In Findings of the Association for Computa- 717
tional Linguistics: EMNLP 2025, pages 3860–3887, 718
Suzhou, China. Association for Computational Lin- 719
guistics. 720

Soyeong Jeong, Jinheon Baek, Sukmin Cho, Sung Ju 721
Hwang, and Jong C Park. 2024. Adaptive-rag: Learn- 722
ing to adapt retrieval-augmented large language mod- 723
els through question complexity. arXiv preprint 724
arXiv:2403.14403. 725

Ziwei Ji, Nayeon Lee, Rita Frieske, Tiezheng Yu, Dan 726
Su, Yan Xu, Etsuko Ishii, Ye Jin Bang, Andrea 727
Madotto, and Pascale Fung. 2023. Survey of hal- 728
lucination in natural language generation. ACM com- 729
puting surveys, 55(12):1–38. 730

9

https://doi.org/10.18653/v1/2025.findings-emnlp.208
https://doi.org/10.18653/v1/2025.findings-emnlp.208
https://doi.org/10.18653/v1/2025.findings-emnlp.208
https://doi.org/10.18653/v1/2025.findings-emnlp.208
https://doi.org/10.18653/v1/2025.findings-emnlp.208


Albert Q Jiang, Alexandre Sablayrolles, Antoine731
Roux, Arthur Mensch, Blanche Savary, Chris Bam-732
ford, Devendra Singh Chaplot, Diego de las Casas,733
Emma Bou Hanna, Florian Bressand, and 1 oth-734
ers. 2024. Mixtral of experts. arXiv preprint735
arXiv:2401.04088.736

Wittawat Jitkrittum, Harikrishna Narasimhan,737
Ankit Singh Rawat, Jeevesh Juneja, Zifeng Wang,738
Chen-Yu Lee, Pradeep Shenoy, Rina Panigrahy,739
Aditya Krishna Menon, and Sanjiv Kumar. 2025.740
Universal LLM routing with correctness-based741
representation. In First Workshop on Scalable742
Optimization for Efficient and Adaptive Foundation743
Models.744

Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio745
Petroni, Vladimir Karpukhin, Naman Goyal, Hein-746
rich Küttler, Mike Lewis, Wen-tau Yih, Tim Rock-747
täschel, and 1 others. 2020. Retrieval-augmented gen-748
eration for knowledge-intensive nlp tasks. Advances749
in neural information processing systems, 33:9459–750
9474.751

Stephanie Lin, Jacob Hilton, and Owain Evans. 2022.752
Truthfulqa: Measuring how models mimic human753
falsehoods. In Proceedings of the 60th annual meet-754
ing of the association for computational linguistics755
(volume 1: long papers), pages 3214–3252.756

Aman Madaan, Niket Tandon, Prakhar Gupta, Skyler757
Hallinan, Luyu Gao, Sarah Wiegreffe, Uri Alon,758
Nouha Dziri, Shrimai Prabhumoye, Yiming Yang,759
and 1 others. 2023. Self-refine: Iterative refinement760
with self-feedback. Advances in Neural Information761
Processing Systems, 36:46534–46594.762

Potsawee Manakul, Adian Liusie, and Mark Gales. 2023.763
Selfcheckgpt: Zero-resource black-box hallucination764
detection for generative large language models. In765
Proceedings of the 2023 conference on empirical766
methods in natural language processing, pages 9004–767
9017.768

Timo Schick, Jane Dwivedi-Yu, Roberto Dessì, Roberta769
Raileanu, Maria Lomeli, Eric Hambro, Luke Zettle-770
moyer, Nicola Cancedda, and Thomas Scialom. 2023.771
Toolformer: Language models can teach themselves772
to use tools. Advances in Neural Information Pro-773
cessing Systems, 36:68539–68551.774

Noam Shazeer, Azalia Mirhoseini, Krzysztof Maziarz,775
Andy Davis, Quoc Le, Geoffrey Hinton, and Jeff776
Dean. 2017. Outrageously large neural networks:777
The sparsely-gated mixture-of-experts layer. arXiv778
preprint arXiv:1701.06538.779

Hugo Touvron, Louis Martin, Kevin Stone, Peter Al-780
bert, Amjad Almahairi, Yasmine Babaei, Nikolay781
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti782
Bhosale, and 1 others. 2023. Llama 2: Open foun-783
dation and fine-tuned chat models. arXiv preprint784
arXiv:2307.09288.785

Xuezhi Wang, Jason Wei, Dale Schuurmans, Quoc Le,786
Ed Chi, Sharan Narang, Aakanksha Chowdhery, and787

Denny Zhou. 2022. Self-consistency improves chain 788
of thought reasoning in language models. arXiv 789
preprint arXiv:2203.11171. 790

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten 791
Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny Zhou, 792
and 1 others. 2022. Chain-of-thought prompting elic- 793
its reasoning in large language models. Advances 794
in neural information processing systems, 35:24824– 795
24837. 796

Yixuan Weng, Minjun Zhu, Fei Xia, Bin Li, Shizhu He, 797
Shengping Liu, Bin Sun, Kang Liu, and Jun Zhao. 798
2023. Large language models are better reasoners 799
with self-verification. In Findings of the Association 800
for Computational Linguistics: EMNLP 2023, pages 801
2550–2575. 802

Qingyun Wu, Gagan Bansal, Jieyu Zhang, Yiran Wu, 803
Beibin Li, Erkang Zhu, Li Jiang, Xiaoyun Zhang, 804
Shaokun Zhang, Jiale Liu, and 1 others. 2024a. Au- 805
togen: Enabling next-gen llm applications via multi- 806
agent conversations. In First Conference on Lan- 807
guage Modeling. 808

Zhiyu Wu, Xiaokang Chen, Zizheng Pan, Xingchao 809
Liu, Wen Liu, Damai Dai, Huazuo Gao, Yiyang 810
Ma, Chengyue Wu, Bingxuan Wang, and 1 others. 811
2024b. Deepseek-vl2: Mixture-of-experts vision- 812
language models for advanced multimodal under- 813
standing. arXiv preprint arXiv:2412.10302. 814

Wenhao Yu, Hongming Zhang, Xiaoman Pan, Peixin 815
Cao, Kaixin Ma, Jian Li, Hongwei Wang, and Dong 816
Yu. 2024. Chain-of-note: Enhancing robustness in 817
retrieval-augmented language models. In Proceed- 818
ings of the 2024 conference on empirical methods in 819
natural language processing, pages 14672–14685. 820

Jiaxin Zhang, Zhuohang Li, Kamalika Das, Bradley 821
Malin, and Sricharan Kumar. 2023. Sac3: reliable 822
hallucination detection in black-box language mod- 823
els via semantic-aware cross-check consistency. In 824
Findings of the Association for Computational Lin- 825
guistics: EMNLP 2023, pages 15445–15458. 826

A Prompts for Experimental Tasks 827

The prompts provided in the appendix are intended 828

solely to illustrate the interface constraints and 829

input-output semantics of each stage in HAMV, 830

rather than to optimize performance through spe- 831

cific wording or manual heuristics. In practice, any 832

implementation that satisfies the same structural 833

constraints—such as function calls, templated inter- 834

faces, or parameterized controls—can replace the 835

corresponding prompts without affecting the over- 836

all logic or conclusions of the framework. There- 837

fore, the core contribution of this work does not 838

depend on prompt design itself, but rather on the 839

structural modeling of the multi-model verification 840

pipeline and the dynamic role-assignment mecha- 841

nism. 842
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A.1 MoE Routing Prompt843

As illustrated in Figure 5, this routing prompt is844

designed to explicitly model role-assignment deci-845

sions within the multi-model verification pipeline,846

given an input task and a set of models. The847

prompt maps task features and model profiles to848

a set of structured scheduling variables, including849

the assignment of models to the generation, veri-850

fication, and synthesis stages, stage-level evalua-851

tion weights, and the adaptive confidence threshold,852

thereby forming a complete verification execution853

plan.854

Serving as the unified scheduling interface855

within the HAMV framework, this prompt cap-856

tures the positional sensitivity inherent in the multi-857

model verification pipeline in a structured manner,858

rather than selecting models based on fixed rules859

or heuristic rankings.860

A.2 Baseline Answer Generation Prompt861

As illustrated in Figure 6, this prompt is used to862

standardize the output format of the generation863

stage, ensuring that baseline answers are both deter-864

minable and minimally ambiguous. By uniformly865

modeling response style and expression constraints,866

the prompt aims to reduce vague, speculative, or867

unverifiable statements, thereby providing stable,868

low-noise candidate inputs for subsequent evalua-869

tion and verification stages.870

This prompt does not perform factual judgment871

itself; its role is solely to ensure that generated872

outputs can be consistently and reliably processed873

by downstream modules.874

[Task Goal] You are a fact-checker. Provide a concise,
fact-based answer to the following question. Avoid spec-
ulation, assumptions, and unverified information.
[Inputs] Question: {question}
[Output Requirements]
1. The answer must be based on verifiable facts.
2. The answer must not exceed 100 words.
[Example]
Question: What year did Einstein win the Nobel Prize?
Answer: Einstein won the Nobel Prize in Physics in 1921
for his research on the photoelectric effect.
[Output] {baseline_answer}

Figure 6: Baseline Answer Generation Prompt

A.3 Confidence Assessment Prompt875

As shown in Figure 7, this prompt constrains the876

evaluation model to output a confidence score877

within the continuous range [0.0, 1.0] and perform878

a comprehensive assessment along three dimen- 879

sions: factual consistency, logical coherence, and 880

clarity of expression. 881

By explicitly standardizing both the output for- 882

mat and evaluation dimensions, the prompt ensures 883

that the confidence signals can be directly parsed 884

and utilized by the subsequent Dempster–Shafer 885

fusion module, thereby avoiding interference from 886

unstructured interpretations in the evidence aggre- 887

gation process. 888

[Task Goal] Evaluate the confidence of the following
answer (range: 0.0–1.0) based on factual accuracy, log-
ical coherence, and clarity. The evaluation must focus
on whether the answer is grounded in scientific facts
rather than superstition or pseudoscience. Provide only
a single numerical score. A lower score indicates lower
confidence.
[Inputs]
Question:{question}
Answer:{baseline_answer}
[Output Requirements] Output a single confidence
score between 0.0 and 1.0, with no explanation or extra
text.
[Example] 0.92
[Output] {confidence_score}

Figure 7: Confidence Evaluation Prompt

A.4 Verification Question Generation Prompt 889

As shown in Figure 8, when the fused confidence 890

falls below the adaptive threshold, this prompt is 891

used to generate a structured set of verification 892

questions. The generated questions cover various 893

potential risk points, including factual verification, 894

reasoning chain consistency checks, and counter- 895

factual analysis, aiming to expose possible errors 896

or inconsistencies in the baseline answer from mul- 897

tiple perspectives. 898

The purpose of this prompt is to systematically 899

expand the verification space, rather than to target 900

specific error patterns. 901

[Task Goal] Generate verification questions according
to the following framework (must include at least one
[Fact Check] question):
1. [Fact Check]: Request specific sources such as paper
titles or authoritative institutions.
2. [Logic Detection]: Identify hidden assumptions in the
reasoning chain.
3. [Counterfactual Test]: Assume a premise is false and
ask how the conclusion would change.
4. [Numerical Validation]: Check calculations or statisti-
cal ranges.
[Inputs] Question: {question} Baseline Answer: {base-
line_answer}
[Output Requirements]

902
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[System Role] Intelligent Scheduling Core (MoE Router)
[Task Goal] Generate a structured and executable model-assignment plan for the HAMV multi-model verification pipeline.
[Inputs]
1.Query_Type (Problem Type) T ∈ {ULP, FCM,LAK,AI,DAU,MFR,LWP}
2.Optimization_Strategy S ∈ {“High-Performance”, “Low-Cost”}
3.Model_Profile P containing capability, cost tier, and ErrDiv attributes.
[Scheduling Logic]
1. Parse T and S.
2. Determine candidate pool P ′:

a. If S = Low-Cost → keep only models with Economic cost tier.
b. If S = High-Performance → use full model pool P .

3. Assign roles:
a. Baseline_Generator (mGen): highest Baseline Generation Ability in P ′ for type T .
b. Verification_Q&A (mVer): strongest Verification Ability in P ′ \ {mGen}.
c. Confidence_Assessors (mEval1, mEval2): top two Assessment Ability models in P ′ \ {mGen}.
d. Answer_Integrator (mGen): model maximizing ErrDiv over the team {mGen, mEval, mVer, mSum}.

4. Configure Assessment Group:
a. assessors = {mEval1, mEval2}.
b. reliability weights = {α1, α2} from historical accuracies on type T .
c. adaptive threshold τc = (α1 + α2)/2.

5. Output all assignments and parameters as a structured JSON object.
[Output (JSON Example)]
{"Query_Type":"FCM","Optimization_Strategy":"Low-Cost","Role_Assignment":{"Baseline_Generator":"Qwen-
Plus","Confidence_Assessors":["GLM-4-air", "ERNIE-3.5"], "Verification_QNA": "ERNIE-3.5", "Answer_Integrator":
"GLM-4-air" }, "Reliability_Weights": { "GLM-4-air": 0.76, "ERNIE-3.5": 0.82 }, "Threshold": { "τc": 0.79 } }

Figure 5: Prompt for MoE-based Intelligent Scheduling in HAMV

1. Generate at least three verification questions.
2. Each question must directly target a potential risk point
in the Baseline Answer.
3. Output format must be a JSON list.
[Example]
[ { "type":"Fact Check", "question":"Please provide the
Nobel Prize official website link for Einstein’s 1921
award" } ]
[Output] {ver_questions}

903

Figure 8: Verification Question Generation Prompt

A.5 Verification Answering Prompt904

As shown in Figure 9, this prompt is used to stan-905

dardize the response format during the verification906

stage, requiring the model to answer each verifi-907

cation question individually and output the results908

in a structured JSON format. This design aims to909

avoid introducing additional generative noise or910

hallucinations, ensuring that the verification results911

can serve as clear and parsable evidence for the912

subsequent conflict analysis module. The verifica-913

tion answers generated in this manner constitute914

the core information source for evidence fusion and915

conflict resolution within HAMV.916

[Task Goal] Please answer the following verification
questions one by one. Ensure each answer is based on
verifiable facts and logical reasoning, avoiding assump-
tions or speculative statements.

917

[Inputs]
Question: {question}
Baseline Answer: {baseline_answer}
Verification Questions: {ver_questions}
[Output Requirements]
1. Each answer must be concise and clear.
2. If a question has multiple reasonable interpretations,
briefly describe the reasoning process.
3. Output format must be a JSON list.
[Example]
[ { "question":"If the photoelectric effect had not been ex-
perimentally confirmed, would the committee still have
possibly given the award?", "answer":"Unlikely. The No-
bel Prize requires theories to be experimentally verified."
} ]
[Output] {ver_qna}

918

Figure 9: Verification Question Answering Prompt

A.6 Summarize Answer Prompt 919

As shown in Figure 10, this prompt is used in the 920

synthesis stage to uniformly process the baseline 921

answer along with verification evidence. By iden- 922

tifying conflict points, assigning conflict weights, 923

and performing evidence-based consistency correc- 924

tions, this stage produces the final high-confidence 925

output. 926

This prompt does not generate new facts; rather, 927

it serves as an evidence-driven synthesis interface, 928

ensuring that the final answer remains consistent 929

and interpretable under multi-source evidence con- 930
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straints.931

[Task Goal] Combine the Verification Questions and An-
swers with the Baseline Answer, and summarize accord-
ing to the specified structure to produce a final decision.
[Inputs]
Question: {question}
Baseline Answer: {baseline_answer}
Verification Questions and Answers: {ver_qna}
[Output Requirements] Summarize according to the
following structure:
1. Conflict List: List all verification results that contra-
dict the Baseline Answer (including external verification
mismatches).
2. Credibility Weight: Assign weights based on conflict
type (Factual Error > Logical Flaw > Vague Wording).
3. Final Decision: If any high-weight conflict exists →
the answer must be revised.
[Example]

“The baseline answer states that the Tokyo Olympics took
place in 2020, but external verification from authorita-
tive sources indicates it occurred in 2021 (High-Weight
Conflict). Therefore, the final answer is revised to 2021.”
[Output] {final_answer}

Figure 10: Summarize Answer Prompt

13


	Introduction
	Related Work
	Hallucination Handling
	Multi-Model Collaboration
	Mixture-of-Experts Architectures
	Summary

	The HAMV Framework
	Overall Architecture
	MoE Routing Algorithm
	DS-Based Confidence Fusion and Conditional Verification

	Experiments and Results
	Experimental Setup
	Datasets and Model Pool
	Evaluation Metrics

	Performance Comparison Experiments
	Ablation Study
	Positional Sensitivity Analysis
	Experimental Setup
	Results and Observations

	Error Analysis

	Conclusion
	Prompts for Experimental Tasks

