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Abstract001

Fact verification aims to verify the truthful-002
ness of claims and statements. Recent LLM-003
based fact verification methods employ prompt-004
tuning or supervised fine-tuning mechanisms to005
achieve this goal. However, fact-checking tasks006
necessitate that models comprehend and ana-007
lyze the complex relationships between claims008
and evidence to make veracity judgments, yet009
LLMs lack such reasoning capabilities to a010
certain extent, leading to suboptimal perfor-011
mance in handling fact-checking tasks. In this012
paper, we propose a novel Thought-enhanced013
Fact Verification framework via Reinforcement014
Learning (TFV-RL) for fact verification by015
aligning LLM to fact-checkers’ thinking pro-016
cess via reinforcement learning. We design a017
novel Multi-Reward mechanism (Multi-R) that018
designs four rewards to integrate fact-checking019
objectives into the reinforcement learning pro-020
cess and align LLMs with fact-checkers’ think-021
ing process better. The experimental results022
on three datasets demonstrate that our method023
has obtained the best performance. Besides,024
we analyze the impact of different backbones025
and different training methods, discovering that026
TFV-RL can align LLMs with fact-checkers’027
thinking process better. It enables the model to028
simulate the thinking process of fact-checkers029
during fact-checking, making more accurate030
judgments and generating reasoning.031

1 Introduction032

With the rapid development of social media,033

the widespread dissemination of misinformation034

has become a critical problem for all internet035

users. Thus, fact verification is designed to036

tackle this challenge, aiming to verify the truth-037

fulness of claims and statements with relevant evi-038

dence (Kotonya and Toni, 2020; Cao et al., 2025).039

Traditional fact-checking methods utilize small-040

scale models and integrate semantic information041

via attention-based mechanisms to assess the ve-042

racity of claims (Wang, 2017; Chen et al., 2021;043

Gu et al., 2022; Wang et al., 2021). These tra- 044

ditional approaches have achieved good perfor- 045

mance in the field of fact verification. Along with 046

the rapid advancement of Large Language Mod- 047

els (LLMs), LLMs demonstrate a strong capabil- 048

ity of understanding and thinking, which encour- 049

ages fact verification methodologies to shift from 050

small model-based approaches to those leveraging 051

LLMs. Recent LLM-based studies follow primarily 052

two directions: the first improves fact verification 053

performance by retrieved-augmented Generation 054

mechanisms that retrieve and filter more useful ev- 055

idence (Yue et al., 2024; Zheng et al., 2024); the 056

second improves fact-checking capabilities during 057

post-training inference through prompt engineering 058

techniques (Cao et al., 2025; Kanaani, 2024). 059

However, both approaches merely enable mod- 060

els to mimic examples during inference, rather than 061

genuinely learning the thinking processes of fact- 062

checkers, thus leading to overly brief responses or 063

logical thinking errors. As shown in Table 1, com- 064

pared to human-annotated explanation and think- 065

ing processes, the thinking processes generated by 066

LLMs are significantly disappointing in terms of 067

both length and complexity. Even provided with 068

relatively complex examples in question prompts, 069

LLMs can address only a single point of contra- 070

diction by mimicking the form of the given exam- 071

ple and have the problem of logical redundancy, 072

whereas human-annotated thinking processes can 073

comprehensively address all points of contradiction. 074

Hence, how to align large language models with 075

human fact-checkers’ reasoning processes poses a 076

significant challenge in the field of LLM-based fact 077

verification. 078

To tackle this problem, we propose a novel 079

Thought-enhanced Fact Verification framework 080

via Reinforcement Learning (TFV-RL) for fact 081

verification by aligning LLM to fact-checkers’ 082

thinking process via reinforcement learning (RL). 083

Specifically, we first collect human-annotated 084
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Thinking Length Evaluation
fact-checker Jeffrey Epstein reached a plea deal with

federal prosecutors in 2007 when George
W. Bush was president and Alex Acosta
was the ... Epstein agreed to plead guilty
to state prostitution charges, register as a
sex offender, serve 18 months in county
jail and pay monetary damages to his vic-
tims. In exchange, ... A judge ordered the
agreement unsealed in 2009.

61 Provides comprehensive histor-
ical context and specific dates
spanning 2007-2009, establish-
ing robust chronological con-
flict.

LLM The claim conflicts with the given evi-
dence. Specifically, the claim conflicts
with the evidence. Specifically, Jeffrey
Epstein reached a plea agreement in 2008,
which was during the George W. Bush ad-
ministration (2001–2009), not under the
Obama administration (2009–2017).

38 Detailed factual correction
with specific dates and ad-
ministrative context, despite
logical redundancy.

Table 1: An example of a human-annotated thinking process and LLM-annotated thinking process. The claim we
used is The Jeffrey Epstein plea agreement "was a sweetheart plea deal that was made. Italic texts demonstrate
the problems in thinking processes.

claim-evidence pairs with fact-checkers’ thinking085

process. Then, to construct thought-augmented086

training data, we utilize GPT-4 (OpenAI, 2023) as087

the thinking decomposer and filter to decompose088

the whole thinking process into multiple steps via089

logical relations. For the RL process, we design a090

novel Multi-Reward mechanism (Multi-R) to mod-091

ify the traditional RL method and align it with the092

objectives of fact verification tasks. By incorporat-093

ing prediction reward, semantic reward, structural094

reward, and strong-to-weak(S2W) transfer reward,095

we not only preserve the capability of enhancing096

the diversity of language generation but also inte-097

grate fact-checking objectives into the RL process.098

We conduct experiments in three public099

datasets, including FEVER (Thorne et al., 2018),100

HOVER (Jiang et al., 2020), and SciFact (Wadden101

et al., 2020). The main results demonstrate that102

TFV-RL outperforms other methods, both SLM-103

based methods and LLM-based methods, in fact104

verification tasks. Additionally, we observe that105

different backbone models exhibit variations in106

comprehension capabilities. However, after train-107

ing with the TFV-RL framework, its capability in108

handling fact-checking tasks has been significantly109

improved. Compared to the DPO method, the TFV-110

RL approach better aligns the thinking processes111

of LLMs with those of human fact-checkers. Be-112

sides, experiments between traditional reinforce-113

ment learning and our Multi-R approach demon-114

strate that Multi-R enables better alignment of 115

LLMs with fact-checkers’ thinking processes, mak- 116

ing it better adapted to fact verification tasks. 117

Our major contributions are as follows: (1) We 118

propose a novel TFV-RL framework designed to 119

align the thinking processes of LLMs with those 120

of human fact-checkers, thereby enhancing the 121

models’ comprehension of the relationship be- 122

tween claims and evidence and improving their 123

fact-verification capabilities. (2) We propose a 124

novel Multi-Reward mechanism that leverages re- 125

inforcement learning with fused reward functions 126

to better align LLMs with human fact-checkers’ 127

reasoning processes. (3) The experiment results on 128

three datasets demonstrate that our model outper- 129

forms the traditional fact verification methods. Fur- 130

ther analysis on backbones and training methods 131

demonstrates that our proposed method enables bet- 132

ter alignment of LLMs with fact-checkers’ thinking 133

processes. 134

2 Related Work 135

2.1 Fact Verification 136

Research on fact verification typically involves ver- 137

ifying text-only claims using textual evidence, such 138

as metadata of the claim, documents retrieved from 139

knowledge bases, or tabular evidence (Wang, 2017; 140

Chen et al., 2021; Gu et al., 2022; Wang et al., 141

2021; Gong et al., 2024; Zhang et al., 2024; Wu 142
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et al., 2025; Barik et al., 2025). Wang (2017) incor-143

porated additional metadata as external evidence144

to verify claims. Chen et al. (2021) constructed145

entity graphs to acquire more detailed data rep-146

resentations. Zhang et al. (2024) focused on the147

multi-hop problem and proposed a causal walk net-148

work to prevent the model from being degraded149

by shortcuts. Gu et al. (2022) converted tabular150

evidence into a sequential format through seriali-151

sation and integrated it with the claim for validity152

determination. Gong et al. (2024) constructed a153

heterogeneous graph to integrate textual and tab-154

ular evidence. With the development of LLMs,155

LLM-based fact verification has become a hotspot156

research field (Cao et al., 2025; Zheng et al., 2025;157

Yue et al., 2024). These approaches leverage var-158

ious claim-evidence interaction methods to deal159

with text-only fact verification and demonstrate sat-160

isfactory performance on unimodal fact verification.161

However, these methods overlook the divergence162

in thinking processes between LLMs and human163

fact-checkers. This oversight can lead to logical164

or factual errors in the fact-checking tasks, thereby165

compromising the model’s performance.166

2.2 Reinforcement Learning167

Reinforcement Learning from Human Feedback168

(RLHF) methods tailored for LLMs were intro-169

duced. This approach enables LLMs to align their170

final outputs with fact-checkers behaviour. This171

alignment is manifested in linguistic style, gram-172

matical format, and certain thinking capabilities173

(Schulman et al., 2017; Rafailov et al., 2023; Wu174

et al., 2024; Zeng et al., 2024). Derived from175

traditional reinforcement learning methods, the176

PPO method introduced by Schulman et al. (2017)177

utilises a reward model to score positive and nega-178

tive samples separately, thereby aligning the model179

with fact-checkers’ preferences. Building upon180

PPO, Rafailov et al. (2023) proposed the DPO181

method, which treats the LLM itself as an im-182

plicit reward model, eliminating the need for an ex-183

plicit reward model. Zeng et al. (2024) focused on184

token-level preference and they proposed a TDPO185

method.186

These RL methods improve the performance of187

LLMs. However, they are designed for genera-188

tive tasks like question answering, multi-round dia-189

logue, which cannot be directly applied to the fact190

verification task, which demands more specialized191

and meticulous thinking processes. Therefore, tra-192

ditional RL methods are incapable of effectively193

aligning with the reasoning processes of human 194

fact-checkers, resulting in suboptimal performance 195

on fact verification tasks. 196

3 Methodology 197

Task Definition Fact verification aims to verify 198

the truthfulness of the given claim or statement. 199

Specifically, given a claim or statement C and its 200

relevant evidence E, the final goal is to find a func- 201

tion f : (C,E) → (P, I) that can obtain the pre- 202

diction of the label P and the interpretable text of 203

the thinking process I . 204

To tackle the aforementioned problems, we pro- 205

pose a novel method named TFV-RL to combine 206

different types of rewards by employing reinforce- 207

ment learning methods on fact verification tasks. 208

As shown in Figure 1, TFV-RL has two stages: 209

(1) the thinking-augmented training data construc- 210

tion stage that collects and preprocesses data for 211

model training, and (2) the reinforcement learning 212

with multi-reward stage that aligns the model with 213

fact-checkers’ thinking process through 4 types of 214

rewards. In this section, firstly, we aim to offer the 215

task definition. Then, we will introduce these two 216

components in detail. 217

3.1 Thinking-Augmented Training Data 218

Construction 219

In the data construction phase, we primarily collect 220

and preprocess relevant training data, involving 221

the following procedures: data collection, thinking 222

process decomposition, and consistency filter. 223

Data Collecting This process aims to col- 224

lect available fact verification data with human- 225

annotated labels and thinking explanations. Specif- 226

ically, we collect fact-checking data from public 227

website PolitiFact 1 for the period 2023-2025 using 228

open-source tools. Each data point contains a claim 229

that requires verification, its relevant evidence, and 230

a human-written thinking process. To ensure the 231

high quality of training data, we perform subse- 232

quent filtering of the compiled dataset. Inspired by 233

Aly et al. (2021), we remove claims whose length 234

is shorter than 10 words, for they contain little in- 235

formation to be fact-checked. Besides, we abandon 236

those claims with only one piece of evidence, be- 237

cause they can be easily predicted even if the model 238

doesn’t have fact-checker-like thinking capability. 239

1https://www.politifact.com/
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Figure 1: The framework of our proposed TFV-RL method. It has two components, the data construction component
and the reinforcement learning component.

Thinking Process Decomposition This process240

is designed to facilitate the calculation of the se-241

mantic reward. Specifically, we leverage the highly242

capable GPT-4 (OpenAI, 2023) to decompose all243

human-annotated thinking processes within the244

dataset at the sentence-level decomposition. Specif-245

ically, the LLM first extracts atomic facts from the246

claim. The LLM divides each sentence of the think-247

ing process into multiple reasoning steps based on248

the extracted atomic facts, and assigns fine-grained249

veracity labels to the atomic facts involved in each250

step. After this process, we obtain a dataset that251

contains both complete thinking text and decom-252

posed thinking steps.253

Consistency Filter Since we decompose the254

complete thinking text into several steps, it is hard255

to ensure the consistency of the decomposed step256

set. Hence, we propose a Consistency Filter mod-257

ule to verify alignment between the decomposed258

text and the source. We employ the GPT-4 (Ope-259

nAI, 2023) as the filter. The module assigns consis-260

tency scores to each decomposition, enabling itera-261

tive refinement based on these metrics. Decompo-262

sitions are deemed correct when their consistency263

score exceeds a predefined threshold θ; otherwise,264

the system performs automated re-decomposition265

until it satisfies θ. After these three procedures, we266

obtain the training data for both the RL stage. 267

3.2 Reinforcement Learning with 268

Multi-Reward 269

In this process, we train models via RL to ac- 270

quire fact-checker-like thinking patterns, thereby 271

achieving model alignment. Specifically, we uti- 272

lize the collected thinking-augmented training data 273

as the training input to the the policy model 274

πθ. πθ is expected to generate the thinking pro- 275

cess Sm = Sm
1 , Sm

2 , · · · , Sm
|Sm| and its prediction 276

Am = Am
1 , Am

2 , · · · , Am
|Am|. Based on the output, 277

we calculate the rewards via reward model, and the 278

parameters are updated by: 279

J (θ) =E(x,y)˜πθ
[r(x, y)]−

βDKL[πθ(y|x)||πref (y|x)].
(1) 280

πθ denotes the model to be optimized, and πref 281

denotes the reference model. r(x, y) demonstrates 282

the reward function. 283

During the RL phase, we propose the novel 284

Multi-R mechanism to construct pair-wise pref- 285

erence data and facilitate its application in fact- 286

checking tasks. First, we allow LLM to generate 287

M samples, each of which contains thinking steps 288

and predicted label. Then we design four types of 289

rewards to reconstruct the traditional reward func- 290

tion and select chosen and refused training data 291
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from the samples. The composite reward function292

integrates four components: (1) prediction reward,293

(2) semantic reward, (3) structural reward, and (4)294

S2W transfer reward.295

Prediction Reward This is designed due to the296

ultimate goal of the fact verification task. Inspired297

by Jin et al. (2025), we calculate the prediction298

reward Rp of each output by:299

Rp =

C∑
c=1

Pi,c log(P̂i,c)

=

{
1, if prediction is correct
0, else

.

(2)300

C denote the number of categories. If the Rp value301

is 0, directly mark this sample as refused data. If302

the prediction result is true, then calculate the sub-303

sequent reward score for this sample.304

Semantic Reward The semantic reward primar-305

ily aligns model capabilities with fact-checkers’306

thinking processes. We first compute the weighted307

similarity between each step of the model’s think-308

ing trajectory and the ground-truth thinking chain.309

These per-step similarities are aggregated via sum-310

mation and normalisation to yield the step-wise311

semantic reward Rsem:312

Rsem = log
exp(sim(zi, z

+
i )/τ)∑K

j=1 exp(sim(zi, z
−
j )/τ)

. (3)313

zi denotes the output thinking process of πθ. z+i314

and z−i represent the ground-truth thinking process315

and other thinking process in the same batch. τ316

denotes the model temperature.317

Structural Reward Due to the heterogeneous318

stylistic patterns in pretraining corpora, LLMs em-319

ploy diverse syntactic structures during generation.320

To regularise output formats, we design a structural321

reward Rstr defined as:322

Rstr =
1

|Sm|

|Sm|∑
i=1

(
SentSim(Sm

i · Sh
i )

dmi dhi
)

+
1

|Am|

|Am|∑
i=1

C∑
c=1

Ai,c log(Âi,c).

(4)323

|Sm| and Am are the length of the decomposed324

step set and the length of the decomposed answer325

set, respectively 2. Sm
i and Sh

i are model-generated326

2It is easy to prove that |Sm| equals to Am

Dataset Train Dev Test
FEVER 145,449 19,998 19,998
2-hop HOVER 9,052 1,126 1,333
3-hop HOVER 6,084 1,835 1,333
4-hop HOVER 3,035 1,039 1,333
SciFact 809 300 300

Table 2: The statistics of FEVER and HOVER datasets.

and human-written i-th step. dmi and dhi are word 327

length of model generation and human annotation. 328

SentSim is the sentence similarity obtained by Sen- 329

tenceBert (Reimers and Gurevych, 2019). 330

S2W Transfer Reward Given that the capabili- 331

ties of the policy model are inherently constrained, 332

the performance of models trained solely based on 333

it remains limited. To address this, we designed an 334

S2W transfer reward RS2W to transfer knowledge 335

from more capable models to the policy model, 336

thereby enhancing its performance. Specifically, 337

the output of the model to be trained is fed as input 338

into the GPT-4 (OpenAI, 2023) and GPT-4 generate 339

a comprehensive feedback. Each evaluation encom- 340

passes four dimensions: CONSISTENCY, GRAM- 341

MAR, LOGIC, and PREDICTION CORRECTNESS. 342

The evaluations from the two models are processed 343

through a multi-layer perceptron (MLP) to balance 344

the performance across these four metrics, yielding 345

the corresponding S2W transfer reward. 346

After obtaining these four types of rewards, the 347

final reward R is calculated by: 348

R =
1

3
(Rsem +Rstr +RS2W ). (5) 349

After calculating the final reward scores R, we 350

set all samples that exceed the threshold α as cho- 351

sen data, and all other data as refused data. We then 352

combine each piece of chosen data with each piece 353

of refused data to construct a preference dataset. 354

For the RL phase, we modify the reward function 355

by the four types of rewards and integrate it with the 356

DPO (Rafailov et al., 2023) approach and employ 357

it to train LLMs. With the Multi-R process, the 358

preference data pairs becomes better aligned with 359

the objectives of fact-checking, effectively facilitat- 360

ing the alignment between the thinking processes 361

of LLMs and fact-checkers. 362

4 Experiment Settings 363

Datasets We experiment on three public fact ver- 364

ification datasets, FEVER (Thorne et al., 2018), 365
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Model FEVER 2-hop HOVER 3-hop HOVER 4-hop HOVER SciFact
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

SLM-based methods
DeBERTa 65.32 63.17 62.60 60.42 61.14 59.03 60.88 58.84 78.84 79.02
EvidenceNet 72.87 69.84 71.00 68.84 70.08 67.91 68.92 66.98 81.95 82.40
SaGP 74.18 71.63 73.92 70.77 73.46 70.24 73.09 69.87 83.27 84.51
CO-GAT 75.90 72.85 74.25 70.81 73.63 69.97 72.68 69.23 82.36 82.97
Causal walk 76.92 74.28 75.90 72.61 74.16 71.50 73.74 70.69 84.88 85.47

LLM-based methods
CHECKWHY 73.05 70.58 73.52 70.87 72.94 69.83 72.66 69.31 83.25 83.90
HiSS 74.97 71.32 74.28 71.44 73.75 70.64 72.86 70.03 81.07 82.43
RAFTs 77.05 75.19 76.54 74.25 75.38 73.67 74.69 72.18 84.85 85.38
TFV-RL 81.93 80.15 78.87 75.13 77.75 74.39 76.88 73.79 85.49 86.85

Table 3: Results of the fact verification task. Acc and F1 denote the Accuracy and MACRO F1 scores, respectively.
2-hop, 3-hop, and 4-hop HOVER denotes that we report the result of the performance on 2-hop, 3-hop and 4-hop
HOVER datasets. Bold denotes the best performance and Underline denotes the second-best performance.

HOVER (Jiang et al., 2020), and SciFact (Wadden366

et al., 2020). The statistics are shown in Table 2 3.367

Baselines We compare it to several fact verifi-368

cation approaches to assess the performance of369

TFV-RL, including five small-model-based meth-370

ods and three LLM-based methods. DeBERTa371

(He et al., 2021) utilises the pre-trained DeBERTa372

model for textual feature extraction to generate pre-373

dictions. EvidenceNet (Chen et al., 2022) selects374

salient sentences from document-level evidence,375

employing attention mechanism for label predic-376

tion. SaGP (Si et al., 2023) employs an adversar-377

ially perturbed graph neural network to identify378

rational subgraphs for joint prediction and expla-379

nation generation. CO-GAT (Lan et al., 2024)380

leverages sentence-level evidence aggregation cou-381

pled with GAT mechanisms to substantiate claims.382

Causal walk (Zhang et al., 2024) applies a two-383

stage graph fusion method to reduce the impact of384

shortcuts and make predictions. CHECKWHY385

(Si et al., 2024) use CoT-based methods to prompt-386

tune LLMs for fact verification. HiSS (Zhang and387

Gao, 2023) leverages prompt-optimised LLMs for388

claim decomposition and cascaded subclaim vali-389

dation to generate predictions. RAFTs (Yue et al.,390

2024) utilise a RAG-based method to retrieve more391

relevant evidence and an argument-based verifi-392

cation mechanism to make predictions based on393

GPT-3.5 (Ouyang et al., 2022).394

Implementation Details We use 2 Tesla V100-395

PCIE GPUs with 32GB memory for all experi-396

ments and implement our model via the Pytorch397

framework. We choose Llama3.1-8B (Grattafiori398

et al., 2024), Qwen2.5-7B (Team, 2024), and399

3More information of datasets can be seen in Appendix A

Qwen3-8B (Team, 2025) as our backbones. The 400

threshold θ is set to 0.8. The smoothing hyperpa- 401

rameter δ is set to -0.5. The threshold α is set to 402

0.8. The batch size is 4. The number of training 403

epochs of SFT is 3, and that of RL is 3. We set the 404

learning rate to 1e-5. Significantly, we train LLMs 405

only utilising the data we collected from PolitiFact. 406

To make the comparison fair enough, we also use 407

this data to train the baseline models. 408

Evaluation metrics For the fact verification 409

tasks, we use Accuracy (Acc) and Macro F1 (F1) 410

scores as the evaluation metrics. 411

5 Results and Discussion 412

5.1 Overall Results 413

We conduct experiments on FEVER, HOVER, and 414

SciFact datasets, and the results are demonstrated 415

in Table 3. Rows 1-5 present benchmark results 416

from small-scale models, rows 6-8 display large- 417

scale model verification outcomes, and the final 418

three rows demonstrate the performance of our 419

proposed TFV-RL approach. Compared to small- 420

model-based approaches, TFV-RL achieves sig- 421

nificant performance. This indicates that align- 422

ing models with human fact-checkers’ thinking 423

processes effectively unlocks their potential for 424

fact verification tasks to some extent. Moreover, 425

TFV-RL demonstrates significant performance su- 426

periority over other LLM-based approaches. This 427

further demonstrates that, for fact-checking tasks, 428

reinforcement learning-based alignment delivers 429

stronger empirical results than prompt-tuning or 430

supervised fine-tuning (SFT) methods. Overall, 431

TFV-RL outperforms the baseline models, demon- 432

strating its effectiveness and superiority. 433
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Model FEVER 2-hop HOVER 3-hop HOVER 4-hop HOVER SciFact
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

TFV-RL 81.93 80.15 78.87 75.13 77.75 74.39 76.88 73.79 85.49 86.85
–w/o prediction reward 79.05 76.28 76.85 73.88 75.24 72.50 74.38 71.14 82.00 82.85
–w/o structural reward 81.17 80.01 78.49 74.71 77.10 74.68 76.76 73.18 83.59 84.15
–w/o semantic reward 80.47 79.64 77.84 74.43 76.42 74.00 76.05 73.23 84.33 85.08
–w/o S2W transfer reward 80.69 79.97 78.16 74.63 76.95 73.85 76.49 73.48 85.00 85.87

Table 4: Results of the ablation study. Acc and F1 denote the Accuracy and MACRO F1 scores, respectively. Bold
denotes the best performance. We exclusively present ablation studies based on Qwen3-8B.

Model FEVER Avg. HOVER SciFact
Acc F1 Acc F1 Acc F1

Qwen2.5-7B 74.20 73.75 70.84 68.94 79.92 80.68
–w DPO 76.11 75.68 74.37 71.79 82.88 83.41
–w Multi-R 80.00 78.66 76.52 73.64 84.36 85.58

Llama3.1-8B 74.93 73.85 70.89 69.15 80.00 80.95
–w DPO 78.81 76.19 74.90 71.20 84.17 85.00
–w Multi-R 80.93 80.01 77.26 73.53 85.29 86.53

Qwen3-8B 76.33 74.32 72.05 69.93 80.08 81.12
–w DPO 79.63 78.20 74.58 72.05 83.80 84.47
–w Multi-R 81.93 80.15 77.57 74.14 85.49 86.85

Table 5: The result of module analysis on the FEVER
and 4-hop HOVER dataset. Avg. HOVER denotes that
we report the average result based on the performance
on 2-hop, 3-hop and 4-hop HOVER datasets. w/o Train-
ing, w DPO, and w Multi-R represent without training,
training by DPO, and training by Multi-R, respectively.

5.2 Ablation Study434

We also conduct ablation experiments, and the re-435

sults are shown in Table 4. Experimental results436

demonstrate that all four designed rewards impact437

model performance, with the prediction reward ex-438

erting the most substantial influence. This predom-439

inance stems from the core objective of RL and440

fact-checking: accurate verification of claim ve-441

racity labels. Consequently, the prediction reward442

constitutes the most critical component. Remov-443

ing the structural reward yields only marginal per-444

formance degradation, indicating that enforcing445

output format constraints has a limited impact on446

overall capability. The model’s performance also447

degraded after removing the S2W transfer reward,448

suggesting that the S2W transfer reward may help449

mitigate the discrepancy between traditional RL450

and the fact-checking task to some extent. Accord-451

ing to the results, four types of TFV-RL rewards452

are crucial to improve the performance of LLMs.453

5.3 Thinking Alignment Analysis454

We conduct more experiments to further investigate455

the effectiveness of the Multi-R mechanism of TFV-456

RL.457

Model Time Improvement
Qwen3-8B ×1 0
TFV-RL–Qwen3-8B ×1.2 +5.09
DeepSeek-R1 ×25 +4.42

Table 6: Results of the time cost. To facilitate com-
parison, we normalised inference times relative to the
vanilla model’s latency (set as 1 unit of time). We also
benchmarked the performance of the other two models
against Qwen3-8B model as the baseline. Results reflect
mean values across trials.

Impact of LLM backbones We first compared 458

the performance differences between base models 459

trained with the Multi-R method and those with- 460

out. Experimental results are presented in Table 5. 461

The results reveal that untrained models exhibit 462

poor performance, with Table 3 indicating they 463

underperform even some small-model-based ap- 464

proaches. This suggests that during pre-training, 465

the fact verification capability of LLMs remains 466

underutilised and underdeveloped. After Multi-R 467

training, all LLMs demonstrated significant per- 468

formance improvements. This indicates that the 469

Multi-R method effectively elicits and enhances 470

the fact verification capabilities previously lacking 471

in LLMs. 472

Impact of training methods Concurrently, we 473

compared the performance of conventional DPO 474

and Multi-R. The results are also presented in Ta- 475

ble 5. The experimental results reveal that while the 476

conventional DPO method improves LLM perfor- 477

mance on the fact verification task, its enhancement 478

over the baseline is limited compared to Multi-R. In 479

addition, the results indicate substantial variations 480

in performance gains between different training 481

methods when applied to the same model on the 482

same task. Consequently, the effective integration 483

of existing advanced RL methods into specific task 484

frameworks poses a major challenge for leveraging 485

LLMs across diverse downstream applications 4. 486

4We also conduct experiments to investigate the impact
of data scale. Due to the page limit, we report the results in
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Figure 2: Two cases from PolitiFact correctly predicted by TFV-RL. The orange part demonstrates the fact-checker-
like thinking process. The green part shows a case of hallucination.

5.4 Efficiency analysis487

Given our constraint requiring models to output488

thinking steps, we experimentally compared the489

inference latency of: (1) the vanilla model, (2)490

the model fine-tuned with TFV-RL, and (3) the491

R1 (DeepSeek-AI et al., 2025) model with ad-492

vanced thinking capabilities. Results are presented493

in Table 6. Multi-R maintains near-identical infer-494

ence latency to the vanilla model while achieving495

a 20x speedup over the R1 model, indicating that496

TFV-RL introduces no additional computational497

overhead during thinking and output generation.498

Furthermore, performance comparisons reveal that499

TFV-RL outperforms the vanilla model by 5.09%500

and surpasses R1 by 0.67% on fact verification met-501

rics. These results collectively demonstrate TFV-502

RL’s capability to deliver significant performance503

gains while preserving low-latency operation.504

5.5 Case study505

To further validate that TFV-RL enables models to506

acquire fact-checker-analogous thinking processes,507

we analyze two cases to demonstrate how the TFV-508

RL framework aligns LLM with fact-checkers’509

thinking while revealing both capabilities and lim-510

itations. (see Figure 2). The model correctly pre-511

dicted case (a), matching fact-checkers’ reason-512

ing that relied on medical consensus about the513

condition’s non-critical nature in elderly patients,514

and maintained structural alignment in key seg-515

ments (highlighted). The S2W transfer reward pe-516

nalized inconsistent hallucinations while reward-517

ing logical medical reasoning. In case (b), fact-518

Appendix C.

checkers identified specific budget details ($291M 519

cut) and context, whereas the model was incon- 520

sistent—demanding official documents while ig- 521

noring substantial media evidence. This reveals a 522

flaw in the S2W consistency measure, as the model 523

over-prioritized documentation over contextual un- 524

derstanding. Despite grammatical accuracy and 525

partial logical structure, this reasoning gap reduced 526

prediction accuracy. 527

6 Conclusion 528

We propose TFV-RL, an LLM-based method 529

to align the model reasoning process with fact- 530

checkers’ thinking for improving fact verifica- 531

tion performance. we leverage human-annotated 532

fact verification datasets and corresponding think- 533

ing processes as training data to incorporate fact- 534

checkers’ thinking processes into LLMs through 535

reinforcement learning. To better align LLMs with 536

fact-checkers’ thinking, we also design a new multi- 537

reward incorporating four rewards to construct pref- 538

erence data of high quality. Experiments on three 539

public datasets demonstrate that TFV-RL is effec- 540

tive enough to improve LLMs’ capability of fact 541

verification through multiple benchmarks. Further 542

analysis shows that our method can align LLMs 543

with fact-checkers’ thinking process and improve 544

the performance of LLMs on fact verification tasks. 545

Limitations 546

The TFV-RL method significantly improves LLM- 547

based fact verification by leveraging multi-stage 548

fact-checkers’ thinking to construct a hierarchi- 549

cal reward mechanism. However, its sophisti- 550

8



cated design introduces notable limitations. First,551

scalability and annotation cost present a major552

practical challenge. TFV-RL requires collect-553

ing and labelling high-quality, fine-grained fact-554

checkers’ thinking processes (procedural steps)555

to build the intermediate reward signals, rather556

than relying solely on the final judgment out-557

come. Acquiring this procedural data is signifi-558

cantly more time-consuming and expensive than559

conventional outcome-based annotation, thus re-560

stricting the method’s practical application to new,561

massive-scale benchmarks. Second, the frame-562

work introduces considerable optimization com-563

plexity. Achieving optimal performance depends564

critically on delicately modulating the information565

entropy of the procedural rewards to strike a bal-566

ance between the diversity and accuracy of the567

model’s thinking outputs. This modulation relies568

on sensitive hyperparameters that require exten-569

sive, resource-intensive tuning across different base570

LLMs and fact verification domains. Future work571

should investigate methods for automatically distill-572

ing high-quality procedural thinking from existing573

resources to mitigate annotation costs and explore574

more adaptive, domain-agnostic approaches for re-575

ward mechanism design.576
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Figure 3: The results of Qwen3-8B across five datasets
with varying training data sizes.

In the appendix, we primarily detail the specifics746

of the open-source datasets employed A. Addition-747

ally, we present the prompts used during the ex-748

perimental process B. Finally, we also report the749

experimental results of an investigation into the750

impact of data scale on the model C.751

A Detailed Statistic of Datasets752

The FEVER dataset comprises over 180,000753

human-annotated politic claims paired with754

Wikipedia evidence for fact verification, cate-755

gorised into three classes: Supported, Refuted, and756

Not Enough Information (NEI). HOVER provides757

15,000+ claims requiring multi-hop reasoning for758

verification, with each claim receiving either a Sup-759

ported or Not-Supported label. This benchmark760

further stratifies into three complexity tiers: 2-hop,761

3-hop, and 4-hop HOVER subdatasets. The SciFact762

dataset comprises 1,409 expert-annotated scientific763

claims paired with evidence-containing abstracts764

from the research literature, categorised into three765

classes: Supports, Refutes, and NoInfo.766

B Prompts767

We report the prompts we used in this section. Fig-768

ure 4 demonstrates the prompt we used in the think-769

ing process decomposition procedure. Figure 5770

demonstrates the prompt we used in the consis-771

tency filter procedure. Figure 6 demonstrates the772

prompt we used to calculate the S2W transfer re-773

ward.774

C Impact of Data Scale775

To further analysis the impact of data scale, we776

conduct experiments with Qwen3-8B across five777

datasets, including FEVER, multi-hop HOVER, 778

and SciFact. The results are demonstrated in Fig- 779

ure 3. 780

Initially, increasing data from 1000 to 5000 781

samples leads to significant improvements in F1 782

scores across all datasets, as the model benefits 783

from greater diversity and coverage. However, be- 784

yond 5000 samples, performance gains diminish 785

or plateau, indicating a point of diminishing re- 786

turns. This saturation suggests that additional data 787

may not introduce new knowledge proportionally, 788

potentially due to redundancy or overfitting. 789

From a cost perspective, training with 5000 sam- 790

ples is more resource-efficient than using 7000, as 791

it reduces computational time and energy consump- 792

tion without sacrificing substantial performance. 793

Thus, 5000 samples represent the sweet spot where 794

model generalization peaks while maintaining prac- 795

tical training costs, making it the recommended 796

data scale for deployment. 797
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Figure 4: The prompt we used in the thinking process decomposition procedure.

Figure 5: The prompt we used in the consistency filter procedure.
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Figure 6: The prompt we used to calculate S2W transfer reward.
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