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Abstract001

Grounded claim factuality checking is impor-002
tant for large language model (LLM) applica-003
tions such as retrieval-augmented generation,004
as it helps users assess the correctness of gen-005
erated outputs. Existing metrics using entail-006
ment classifiers require dataset-specific thresh-007
old tuning, while LLM-based approaches of-008
ten use direct prompting, which underutilises009
the reasoning capabilities of LLMs. We ad-010
dress this by formulating grounded claim fac-011
tuality checking as a true/false reading com-012
prehension task and prompting LLMs with ex-013
plicit test-taking strategies for efficient reason-014
ing. Our method reduces token usage by over015
80% compared to unguided open-ended rea-016
soning, and achieves competitive performance017
to more expensive alternatives across two fac-018
tuality benchmarks, setting a new state of the019
art on one. To further reduce inference cost,020
we train small language models (SLMs) to re-021
place LLMs in the checking pipeline. Using su-022
pervised fine-tuning (SFT) and a self-revision023
mechanism, the SLMs learn to improve their024
factuality judgements. Experimental results025
show that the resulting SLMs perform on par026
with strong baselines, combining low inference027
costs with generating supporting rationales to028
support interpretability. Code and datasets will029
be released upon acceptance.030

1 Introduction031

Large language models (LLMs) are applied to a032

wide variety of generation tasks, including sum-033

marisation, question answering, and conversational034

agents. Many of these tasks require the generated035

content to be consistent with grounding documents,036

but LLM outputs do not always satisfy this require-037

ment. LLMs are prone to making up statements that038

are not supported by the given sources (Zhang et al.,039

2024; McKenna et al., 2023). As a result, detect-040

ing such hallucinations is critical for conditioned041

generation tasks to ensure the trustworthiness and042

reliability of the generated outputs.043

Recent work often regards factuality evaluation 044

as a textual entailment task (Lei et al., 2025; Zha 045

et al., 2023; Laban et al., 2022). This line of 046

research mainly employs a classifier to predict 047

an entailment score, which has the advantage of 048

being lightweight and computationally efficient. 049

However, the entailment scores require a dataset- 050

specific threshold to convert them into explicit True 051

and False predictions. This limitation motivates us 052

to design an evaluation metric that outputs factu- 053

ality judgements and generalises across datasets 054

without threshold tuning. 055

Given a suitably designed prompt, LLMs can 056

directly decide whether a claim is grounded in 057

a source document (Xu et al., 2024; Luo et al., 058

2023). This is supported by impressive understand- 059

ing and reasoning capabilities (QwenTeam, 2025; 060

DeepSeek-AI, 2025; Dubey et al., 2024), which 061

leads to a methodology that uses LLMs for claim 062

factuality checking, known as LLM-as-judge. A 063

major challenge for this methodology lies in de- 064

signing prompts that fully leverage the LLM’s rea- 065

soning ability (Xu et al., 2024; Liu et al., 2023b; 066

Luo et al., 2023). An additional benefit of LLM- 067

as-judge is that, with an appropriate prompt, LLMs 068

can generate rationales for judgements, which pro- 069

vide information for identifying errors in the claim 070

and locating evidence in the source document. 071

However, LLMs are computationally intensive 072

when deployed at scale. A potential alternative 073

is to adapt small language models (SLMs), which 074

have recently been shown to handle certain reason- 075

ing tasks when trained appropriately (QwenTeam, 076

2025). Their lightweight architecture and ability 077

to generate reasoned judgements without threshold 078

tuning motivate further exploration of SLMs for 079

claim factuality checking, including strategies to 080

train and adapt them for this purpose. 081

In our work, we design a claim checking pipeline 082

that incorporates LLM-as-judge into a human test- 083

taking strategy. We first decompose each claim 084
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Figure 1: Overview of SLM training. Claim decomposition training (left) utilises the output from an LLM
(teacher) as the reference output in SFT for the SLM (student). Fact checking training, phase 1: (middle) LLM
(teacher) outputs are used to train an SLM (student) to follow a test-taking strategy, in which the model separately
assesses each atomic fact. Phase 2: (right) We further refine the student model by pairing its incorrect outputs with
correct outputs from the teacher model, then fine-tuning the student’s reasoning output via DPO.

into atomic facts to simplify the subsequent fact085

checking step. In the second step, motivated by the086

similarity between fact checking and True/False087

reading exercises in language proficiency tests, we088

design a prompt that leverages test-taking strate-089

gies commonly used in such assessments. Unlike090

previous approaches, in which the model directly091

outputs its judgement or reasoning without guid-092

ance, we require the model to follow the strategies093

to reason and make judgements. Experimental re-094

sults demonstrate the effectiveness of this pipeline,095

achieving competitive performance to more expen-096

sive alternatives across two factuality benchmarks,097

including a new state of the art on one of them.098

We then propose a training method to adapt a099

general purpose SLM for claim factuality evalu-100

ation. Given the limited generalisation capacity101

of SLMs, we train separate models for claim de-102

composition and fact checking. Using our LLM-103

as-judge strategy, we employ an LLM as a teacher104

for both tasks, using supervised fine-tuning (SFT)105

to train the student SLM. For the fact checking106

step, the student model further revises its ratio-107

nales through direct preference optimisation (DPO)108

(Rafailov et al., 2023) using the reference output109

from the teacher model. In this way, the student110

model first learns the test-taking strategy and then111

strengthens this ability by correcting its own mis-112

takes, resulting in higher fact checking accuracy113

than relying solely on SFT. The overall training114

process is shown in Figure 1.115

Our contributions are three-fold:116

• Inspired by test-taking strategies, we design a117

prompt for grounded claim checking that sim-118

ulates how humans process it in assessments.119

It achieves state of the art on one benchmark,120

while generating rationales with judgements.121

• We propose a two-phase training procedure 122

and demonstrate that the resulting SLMs 123

achieve performance approaching that of 124

LLMs, despite being a fraction of the size. 125

• To the best of our knowledge, this is the first 126

work to apply SLMs to claim factuality eval- 127

uation by generating reasoned judgements, 128

demonstrating their potential to evaluate fac- 129

tuality in a reasoning pipeline and provide 130

interpretable judgements efficiently. 131

2 Related Work 132

2.1 Factuality Evaluation Metrics 133

Several widely used factuality metrics assess a 134

claim’s factual consistency by measuring its seman- 135

tic similarity to the grounding document (Zhang 136

et al., 2019; Ye et al., 2024), but they fail to capture 137

small textual differences that alter factual content 138

while maintaining high semantic similarity. 139

The resemblance between factuality evaluation 140

and textual entailment has motivated the use of en- 141

tailment classifiers for factuality (Lei et al., 2025; 142

Tang et al., 2024a; Zha et al., 2023; Laban et al., 143

2022), which has gradually become the mainstream 144

paradigm. Entailment classifiers are trained to de- 145

tect whether a hypothesis is supported by a given 146

premise at sentence-level. In claim factuality check- 147

ing, they often need to truncate or chunk the source 148

document, leading to information loss that de- 149

creases performance. 150

Another line of work (Fabbri et al., 2022; 151

Deutsch et al., 2021; Wang et al., 2020) regards 152

factuality evaluation as a question answering (QA) 153

problem, measuring a claim’s factuality by com- 154

paring answers generated when conditioning on 155

the claim versus the grounding document. While 156

effective, these QA-based methods often rely on 157
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complex multi-stage pipelines. In contrast, our158

work adopts the reading comprehension concept159

for claim factuality evaluation while simplifying160

the pipeline into two concise steps.161

2.2 LLM in Factuality Evaluation162

LLMs are both generators of content to be evalu-163

ated and powerful tools for developing evaluation164

metrics. One application of LLMs is synthesis-165

ing training data to improve factuality metrics (Lei166

et al., 2025; Tang et al., 2024a; Feng et al., 2024).167

These approaches often augment training data by168

generating adversarial or challenging examples.169

Another use case of LLMs leverages their under-170

standing and reasoning ability to directly perform171

factuality evaluation, commonly referred as LLM-172

as-judge. Some studies (Luo et al., 2023; Gekhman173

et al., 2023) evaluated the performance of directly174

prompting an LLM to decide the correctness of175

a claim. While these works also investigate the176

benefits of LLM reasoning, the models are left to177

reason their judgements without explicit guidance.178

Other approaches (Xu et al., 2024; Liu et al., 2023b)179

explore incorporating pre-defined criteria into the180

prompt to guide judgements. However, the pro-181

vided criteria are limited to error type definitions182

or scoring standards, rather than an explicit step-183

by-step reasoning plan for factuality evaluation.184

In this paper, we utilise LLMs in both ways.185

Specifically, we 1) design a prompt that adapts a186

general purpose LLM into an effective factuality187

evaluation metric, and 2) use an LLM to generate188

training data for fine-tuning an SLM to perform fac-189

tuality judgement. Unlike prior work, we prompt190

the LLM with a structured strategy that explicitly191

guides the evaluation step by step, leading to more192

systematic and interpretable judgements.193

2.3 SLM Fine-tuning194

Recent advances in LLMs have also accelerated195

progress in SLMs. Distillation from strong teacher196

models provides an efficient way to transfer capa-197

bilities, improving SLM performance on tasks such198

as reasoning and mathematics (QwenTeam, 2025;199

DeepSeek-AI, 2025). A common approach is to200

generate rationales using LLMs and fine-tune stu-201

dent SLMs via SFT (Feng et al., 2024; Gekhman202

et al., 2023; Jiang et al., 2023). However, these203

approaches rely solely on SFT to imitate the output204

from the teacher model. Previous works (Qwen-205

Team, 2025; DeepSeek-AI, 2025) mention that per-206

formance can be improved by further leveraging207
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Figure 2: The pipeline for grounded claim checking.

the synthesised data with reinforcement learning 208

following SFT. In this vein, we apply DPO after 209

SFT, enabling the student model to improve its rea- 210

soning accuracy by learning from its own mistakes, 211

thereby aligning better with the teacher model. 212

3 Method 213

In this section, we first reformulate claim factu- 214

ality checking as a reading comprehension task. 215

Then we introduce a pipeline that adapts a general 216

purpose LLM for factuality evaluation, taking in- 217

spiration from human test-taking strategies. Finally, 218

we present our approach to fine-tune an SLM for 219

use in the evaluation pipeline. 220

3.1 Problem Reformulation 221

Lei et al. (2025) defines that, given a grounding 222

document doc and a claim c, c is grounded in doc 223

if the statement "According to doc, c is true" is 224

generally affirmed by a generic reader. This defini- 225

tion reformulates grounded claim checking into a 226

True/False reading comprehension problem. There- 227

fore, this paper tackles claim factuality evaluation 228

by utilising generative language models to solve 229

reading comprehension tasks, leveraging a strategy 230

that a human examinee could apply in such tasks. 231

3.2 LLM-based Evaluation Pipeline 232

Recent LLMs achieve high scores on human lan- 233

guage proficiency tests, including the reading com- 234

prehension problem formulated above (Achiam 235

et al., 2023). Noting that human test-takers often 236

use multi-step reasoning strategies to improve their 237

performance on reading comprehension tests (Yapp 238

et al., 2023; Al-Kiyumi et al., 2021), we incorpo- 239

rate such a strategy into prompt design, enabling 240

LLMs to process grounded fact checking efficiently 241

and systematically. By guiding the model’s reason- 242

ing process, our approach aims to improve both 243

accuracy and inference efficiency by shortening the 244

model’s reasoning outputs. 245

We first address a prevalent issue in factuality 246

checking: claims can be complex and aggregate 247
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multiple independent pieces of information. As248

shown in Figure 2, we decompose the overall eval-249

uation into two simpler steps: (1) Claim Decompo-250

sition, which breaks a claim into atomic facts, and251

(2) Atomic Fact Checking, which verifies each252

fact against the grounding document. We describe253

these steps in detail in the following sections.254

3.2.1 Claim Decomposition255

Claims may contain information from multiple256

parts of a source document, where supporting evi-257

dence can be sparsely distributed. This increases258

the difficulty of factuality evaluation. To simplify259

the task, we prompt an LLM to decompose each260

claim into a set of atomic facts that can be veri-261

fied individually. To do this, we adopt a few-shot262

prompt from Tang et al. (2024a) to guide claim263

decomposition. The prompt is shown in Table 11.264

3.2.2 Fact Checking265

During the language learning process, True/False266

reading comprehension practice is often applied267

to assess whether students correctly understand a268

given article. Instead of inferring an answer in269

an unconstrained manner, human examinees may270

use structured strategies to improve both efficiency271

and accuracy (Yapp et al., 2023; Al-Kiyumi et al.,272

2021). In practice, they often first verify the infor-273

mation that is explicitly mentioned in the grounding274

document and then verify whether the rest informa-275

tion can be inferred from it. Inspired by this, we276

design a fact checking prompt that explicitly guides277

the model’s reasoning process using the following278

criteria to assess fact F against document D:279

1. C1 The object and subject of the claim are280

mentioned in D.281

2. C2 The descriptions of the object and the sub-282

ject are explicitly supported by D.283

3. C3 The relation between the object and the284

subject is explicitly supported by D.285

4. C4 Any information that was not yet verified286

can be inferred from D.287

Unlike previous work (Xu et al., 2024) that288

checks different error types individually, our cri-289

teria are applied sequentially to form a structured290

inference process. It verifies the explicitly men-291

tioned information first, before reasoning whether292

the as-yet-unverified information is implied by the293

grounding document, as demonstrated in Figure 3.294

Start

C1?

Input:
D, F

C3?

C2? Output: 
False

Output:
True

End

Not Verifiable/False

False

False

True

Not Verifiable/True

True

C4?

Not Verifiable/True
False

Figure 3: The process for checking a fact, F , against
each criterion, with grounding document D.

For example, given a doc "Ice can change into 295

liquid water, and water can change into vapour, 296

and vice versa." and a claim "Vapour can change 297

into ice.", both the subject "vapour" and the object 298

"ice" are mentioned, and there are no descriptions 299

of them to verify, therefore it passes C1 and C2. 300

For C3, the relation "can change into ice" is not 301

explicitly mentioned with "vapour". Previous meth- 302

ods would recognise it as an erroneous predicate 303

but here we defer it to the next criterion. The last 304

criterion, C4, analyses the information in two hops. 305

"Vice versa" implies that the reversed processes are 306

valid, and by combining two reversed processes the 307

claim will be verified as True in the end. 308

In addition to outputting a binary decision 309

(True/False), we require the model to provide a ra- 310

tionale for each criterion. This not only has the po- 311

tential to help users locate evidence in the ground- 312

ing document, but also to improve the consistency 313

of model judgements with the inputs F and D. The 314

full prompt used for this step is shown in Table 12. 315

3.3 Adapting SLMs for Claim Evaluation 316

SLMs are less computationally intensive than 317

LLMs, but they are also less capable under the same 318

prompt due to their smaller model scale. Previous 319

work (QwenTeam, 2025; DeepSeek-AI, 2025) has 320

shown that distillation can substantially enhance 321

SLMs, allowing them to achieve performance com- 322

parable to LLMs on certain tasks, including those 323

requiring reasoning abilities. Motivated by these 324

findings, we train the SLM separately for the two 325

steps to replace the LLM in our evaluation pipeline. 326

3.3.1 Claim Decomposition Learning 327

Given a claim c, we train the SLM to generate 328

decomposed facts that imitate those generated by 329

the teacher LLM. To construct a large decompo- 330
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sition dataset DDe = {(c, {fref})}, we randomly331

sample sentences from grounding documents and332

existing claims, treating each randomly sampled333

sentence as c. We then use the teacher model to334

generate reference facts {fref}.335

The learning objective can be written as:336

L(θ) = E(c,{fref})∼DDe
[logPθ({fref} | c)] ,337

where θ denotes the parameters of the SLM, and338

{fref} here is considered as a whole string. We op-339

timise the objective using SFT, aligning the SLM’s340

generated facts {fgen} with the references {fref}.341

3.3.2 Fact Checking Learning342

The fact checking step requires the model to gen-343

erate open-ended rationales, which is difficult to344

learn from SFT alone, hence we propose a two-345

stage training approach to better align the SLM346

with this task.347

Reasoning Format Alignment Given a ground-348

ing document doc and a fact f , this training stage349

focuses on enabling the SLM to generate a ratio-350

nale rsft that adheres to the test-taking strategies351

in the prompt. To create a reasoning dataset, we352

prompt an LLM to alter f so that it violates cer-353

tain criteria and use the teacher model to generate354

the reference rationale rref . In this way, we create355

DRe_SFT = {(x, rref )}, where x is the prompt356

that contains doc and f .357

We apply SFT with the following objective to358

align the SLM’s rationales rsft towards the refer-359

ence rationales rref :360

L(θ) = EDRe_SFT
[logPθ(rref | x)] .361

Mistake Revision Analogous to human learning,362

students improve accuracy by practising and cor-363

recting mistakes even after learning the key steps.364

Similarly, the SLM from the first stage may still365

fail to correctly reason about certain facts due to its366

smaller scale. To address this, we filter the train-367

ing data to retain only examples where the SLM368

produces incorrect judgements while the LLM gen-369

erates correct ones. This yields a preference dataset370

DRe_DPO = {(x, yc, yr)}, where the SLM’s out-371

put serves as the rejected completion yr and the372

LLM’s output as the chosen completion yc.373

We then apply DPO (Rafailov et al., 2023) to374

align the SLM with the teacher model via the fol-375

lowing objective:376

L(θ) =
− EDRe_DPO

log σ [β(sθ(x, yc)− sθ(x, yr))] ,
377

where σ is the sigmoid function, s is the log proba- 378

bility that the SLM assigns to the completion, and 379

β is a hyperparameter. This learning process allows 380

the SLM to iteratively revise its mistakes. Com- 381

pared to SFT, DPO creates a margin to distinguish 382

rejected and chosen completions, effectively sup- 383

pressing the mistakes made by the SLM to improve 384

factuality reasoning performance. 385

4 Experiments 386

In this section, we evaluate both LLM-based and 387

SLM-based pipelines, including our proposed train- 388

ing method. 389

4.1 Benchmarks 390

We conduct evaluation on two factuality bench- 391

marks, FacTax-Benchmark (Xu et al., 2024)1 and 392

LLM-AggreFact (Tang et al., 2024a). FacTax- 393

Benchmark focuses on summarisation factuality 394

checking on news and dialogue data, while LLM- 395

AggreFact includes more diverse source types and 396

claims generated by more recent models including 397

LLMs. The breakdowns of the data types in the 398

two benchmarks are listed in Appendix B. Despite 399

the difference, these two benchmarks share over- 400

lapping source documents on news summarisation, 401

while differing in the summarisers used to generate 402

the claims. For FacTax-Benchmark, we exclude the 403

datasets on government reports and stories due to 404

the unavailability of the specific document versions 405

used in the original study. As a result, evaluation on 406

this benchmark is conducted only on news (Tang 407

et al., 2023) and dialogue summarisation (Zhu et al., 408

2023). Benchmark statistics are listed in Table 8. 409

4.2 Baselines 410

We compare our method against a range of recent 411

metrics, including TrueTeacher (Gekhman et al., 412

2023), MiniCheck (Tang et al., 2024a), FactCG 413

(Lei et al., 2025), ChatGPT-ZS, ChatGPT-CoT 414

(Luo et al., 2023), FacTax (Xu et al., 2024), and 415

other LLM-based baselines reported in Tang et al. 416

(2024a).2 Where available, we cite results from 417

the original papers. Otherwise, we run the released 418

code following recommended settings. For metrics 419

that output continuous scores between 0 and 1, we 420

follow Tang et al. (2024a) and apply a fixed thresh- 421

old of 0.5 to obtain binary True/False predictions. 422

Baseline details are listed in Appendix A. 423

1To avoid confusion with the FacTax metric proposed in
the same paper, we refer to it as the FacTax-Benchmark.

2https://llm-aggrefact.github.io/
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4.3 Evaluation Metrics424

Grounded Claim Factuality Checking We ap-425

ply balanced accuracy (BAcc) to evaluate our426

pipelines, providing a fair comparison to prior427

works (Tang et al., 2024a; Xu et al., 2024).428

BAcc =
1

2

(
TP

TP + FN
+

TN

TN + FP

)
,429

where TP, TN,FP, FN denote the number of430

true positives, true negatives, false positives, and431

false negatives respectively.432

Claim Decomposition We separately evaluate433

the outcome of training an SLM for the claim434

decomposition step using ROUGE-L (Lin, 2004)435

and sentence embedding-based cosine similarity436

(SECS).437

ROUGE-L =
LCS(Fgen, Fref )

|Fref |
,438

439

SECS =
1

|Fgen|
∑

F∈Fgen

max
F ′∈Fref

cossim(F, F ′),440

where Fgen, Fref refer to the generated and ref-441

erence facts. ROUGE-L measures the complete-442

ness of the generated facts relative to the reference,443

while SECS quantifies their semantic similarity.444

4.4 Setup and Implementations445

LLM-based Pipeline We apply our prompt to a446

series of Qwen3 models (QwenTeam, 2025) be-447

cause of their outstanding instruction-following448

ability and long context window. To be more449

specific, we use Qwen3-4B-Instruct-25073 and450

Qwen3-30B-A3B-Instruct-25074 in the LLM-451

based evaluation pipeline. We also report results452

from the Thinking variant, although our prompt453

does not require long chain-of-thought reasoning.454

SLM Fine-tuning Implementations For SLM-455

based pipeline, we use Qwen3-0.6B5 as the base456

model. Different learning rates are adopted for457

SFT and DPO. During SFT, we use a large learning458

rate of 1× 10−4 to adapt the SLM’s output format.459

By the DPO stage, the model has learned natural460

language reasoning and criterion-checking abilities461

through SFT. Therefore, we apply a smaller learn-462

ing rate of 1× 10−7 to revise the chain-of-thought463

3https://huggingface.co/Qwen/Qwen3-4B-Instruct-2507
4https://huggingface.co/Qwen/Qwen3-30B-A3B-Instruct-

2507
5https://huggingface.co/Qwen/Qwen3-0.6B

content while preserving the learned reasoning be- 464

haviour. All models are trained for 3 epochs with 465

early stopping to mitigate overfitting. The distilla- 466

tion datasets DDe and DRe_SFT are curated from 467

the combined development splits from both bench- 468

marks, and their statistics are reported in Tables 469

9 and 10. All prompts used in both inference and 470

dataset construction are provided in Appendix C. 471

4.5 Results 472

We first present the performance of all the methods 473

on the two benchmarks and then assess the training 474

outcome of SLMs. 475

4.5.1 Claim Checking Performance 476

LLM-based Pipeline Results in Tables 1 and 2 477

demonstrate that our prompt successfully adapts a 478

general purpose LLM into an off-the-shelf factual- 479

ity evaluation metric in a zero-shot setting, avoiding 480

the need for training data. On FacTax-Benchmark, 481

our Qwen3-30B-A3B-Instruct pipeline achieves 482

state-of-the-art performance in both average score 483

and overall ranking. On LLM-AggreFact, our 484

method ranks second in Table 2 to a metric that 485

requires post-training an LLM, while achieving the 486

highest scores on four subsets. Consistent perfor- 487

mance across benchmarks highlights the effective- 488

ness and robustness of our prompt, without requir- 489

ing any fine-tuning steps. Notably, our method 490

outperforms methods based on closed-source mod- 491

els or larger open-source models such as GPT-4o 492

and Llama-3.3-70B. 493

SLM-based Pipeline The bottom three rows in 494

both tables illustrate the contribution of each train- 495

ing stage. The SLM consistently benefits from 496

SFT and DPO, outperforming ChatGPT-3.5–based 497

baselines on both benchmarks and achieving per- 498

formance comparable to TrueTeacher, which re- 499

lies on a substantially larger 11B base model and 500

a 540B teacher model. Compared to metrics us- 501

ing small backbones (<1B parameters), our SLM- 502

based pipeline surpasses all on FacTax-Benchmark, 503

while showing a small gap to stronger baselines 504

such as FactCG and MiniCheck-FT5 on LLM- 505

AggreFact. This gap primarily occurs on datasets 506

with long grounding documents, including LFQA 507

and TOFUEVAL-MediaS, where extended context 508

challenges generative models’ reasoning and com- 509

prehension. Notably, our teacher model also ex- 510

hibits degraded performance on these subsets, sug- 511

gesting potential directions for future research. 512
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Method Size
CNNDM XSUM Dialogues Avg

Polytope SummEval Frank CLIFF Wang20 CLIFF Goyal21 Cao22 DiaSummFact BAcc (↑) Ranking (↓)

B
as

el
in

e
ChatGPT-ZS / 90.2 79.8 54.8 65.1 71.8 74.0 63.4 68.8 66.9 70.5 9.7
TrueTeacher 11B 100 64.9 56.1 66.6 76.6 78.7 73.6 73.3 67.4 73.0 6.5
FactCG 0.4B 48.5 64.6 56.9 76.8 67.8 81.4 68.0 70.1 68.8 67.0 9.0
MiniCheck-DeBERTa 0.4B 42.5 59.6 62.5 59.4 65.9 71.8 62.9 71.9 62.3 62.1 12.8
MiniCheck-RoBERTa 0.4B 48.5 56.6 54.5 58.9 67.4 77.2 60.8 67.7 64.1 61.7 13.5
MiniCheck-FT5 0.8B 46.3 73.7 60.6 71.1 65.9 77.3 70.0 71.0 65.8 66.9 9.6
MiniCheck-BeSpoke-7B 7B 47.8 77.6 63.4 73.2 75.8 80.4 73.1 74.4 77.1 71.4 4.9
FACTAX-ChatGPT-3.5 / 78.4 67.4 62.8 68.7 74.1 70.3 75.1 71.7 62.8 70.1 8.5
FACTAX-ChatGPT-3.5-WD / 85.3 73.0 67.1 70.7 71.5 70.8 68.9 69.5 64.2 71.2 8.3
FACTAX-GPT-4o / 94.1 79.5 61.7 79.7 74.1 70.2 73.9 70.1 74.6 75.3 5.4

O
ur

s

Qwen3-4B-Thinking 4B 87.9 70.6 53.7 67.3 72.4 70.0 57.6 65.3 76.4 69.0 10.9
Qwen3-4B-Instruct 4B 73.5 87.1 67.6 81.3 73.9 68.2 67.3 63.0 75.0 73.0 7.1
Qwen3-30B-A3B-Thinking 30B 95.5 74.5 63.5 75.3 67.8 72.2 66.0 67.1 78.6 73.4 6.6
Qwen3-30B-A3B-Instruct 30B 94.1 94.4 63.7 81.4 75.7 75.4 66.9 74.1 76.0 78.0 3.6
Qwen3-0.6B 0.6B 41.2 68.8 52.4 53.7 60.5 60.7 54.6 57.3 60.1 56.6 16.5
+SFT 0.6B 68.8 69.3 60.6 68.9 66.5 67.9 64.9 64.2 73.7 64.8 12.1
+SFT+DPO 0.6B 73.7 88.3 61.3 72.6 69.7 76.0 67.0 68.9 76.2 72.6 7.2

Table 1: Results (BAcc) on FacTax-Benchmark test splits. The highest and second highest scores are coloured.

Method Size
AggreFact TOFUEVAL

WICE Reveal Claim
Verify

Fact
Check

Expert
QA LFQA RAGTruth

Avg
CNN XSUM MediaS MeetB BAcc (↑) Ranking (↓)

B
as

el
in

e

ChatGPT-ZS / 63.2 72.4 66.8 73.4 68.5 84.7 65.2 70.8 57.2 73.8 75.6 70.1 13.8
TrueTeacher 11B 60.4 74.2 70.9 73.6 64.2 91.1 64.4 76.8 59.5 90.2 80.9 73.3 8.4
FactCG 0.4B 70.1 73.9 72.3 74.3 74.2 88.4 78.5 72.1 59.1 86.7 82.3 75.6 5.8
MiniCheck-DeBERTa 0.4B 64.2 71.0 69.3 72.7 69.4 87.3 75.6 73.0 58.9 83.9 78.8 73.1 10
MiniCheck-RoBERTa 0.4B 63.7 70.8 71.9 75.9 67.6 88.8 77.4 73.3 57.4 84.4 77.2 73.5 9.1
MiniCheck-FT5 0.8B 69.9 74.3 73.6 77.3 72.2 86.2 74.6 74.7 59.0 85.2 78.0 75.0 6.8
MiniCheck-BeSpoke-7B 7B 65.5 77.8 76.0 78.3 83.0 88.0 75.3 77.7 59.2 86.7 84.0 77.4 3.3
Llama-3.3-70B-Instruct 70B 68.7 74.7 69.5 78.4 76.6 85.5 67.4 78.5 58.3 79.8 82.6 74.5 7.3
GPT-4o-2024-05-13 / 68.1 76.8 71.4 79.8 78.5 86.5 69.0 77.5 59.6 83.6 84.3 75.9 4.8

O
ur

s

Qwen3-4B-Thinking 4B 68.0 69.8 69.8 75.3 73.1 84.6 71.5 74.0 57.3 77.8 81.0 73.1 11
Qwen3-4B-Instruct 4B 70.8 70.0 73.7 79.3 75.4 88.3 72.9 75.3 59.1 82.4 84.0 75.6 5.3
Qwen3-30B-A3B-Thinking 30B 71.7 72.9 73.6 78.2 69.8 85.7 73.2 72.7 58.1 81.2 82.1 74.5 8
Qwen3-30B-A3B-Instruct 30B 72.5 74.4 70.6 81.8 77.0 88.4 72.7 79.4 60.6 79.0 82.6 76.3 4
Qwen3-0.6B-Instruct 0.6B 51.5 51.6 55.2 55.4 52.1 70.4 54.0 61.3 52.3 58.2 57.6 56.3 16
+SFT 0.6B 65.1 71.3 66.2 72.4 73.0 86.4 66.2 73.6 58.7 75.7 75.9 71.3 12
+SFT+DPO 0.6B 69.8 72.2 68.7 75.8 75.4 86.1 71.3 75.2 58.7 77.9 77.1 73.6 9.5

Table 2: Results (BAcc) on LLM-AggreFact test splits. The highest and second highest scores are coloured.

Impact of Backbone Size For metrics trained on513

the same data or using backbone models within a514

model family, performance consistently improves515

with increasing model size. For example, our516

prompt achieves higher scores with the 30B back-517

bone than with the 4B backbone in both thinking518

and instruct modes, and similar trends are observed519

for MiniCheck. However, model size alone does520

not determine performance. Our 4B model out-521

performs Llama-3.3-70B-Instruct when the latter522

is used with a direct prompt on LLM-AggreFact,523

suggesting the importance of prompt design for524

zero-shot LLM-based factuality metrics.525

4.5.2 SLM Claim Decomposition Quality526

Table 3 shows that the SLM achieves substantial im-527

provements after claim decomposition training. We528

further study the effect of the backbone model in529

this step. Table 4 compares the DPO checkpoint’s530

balanced accuracy using facts decomposed by the531

30B LLM versus the SFT-trained checkpoint. The532

small performance gap indicates that the trained533

SLM checkpoint can reliably decompose a claim534

into atomic facts, providing a strong foundation for535

training the subsequent atomic fact checker. 536

FacTax-Benchmark LLM-AggreFact

ROUGE-L (↑) SECS (↑) ROUGE-L (↑) SECS (↑)

Before 63.3 71.5 54.0 58.7
After 89.3 95.5 84.3 92.6

Table 3: The SLM evaluation results before and after
training for the claim decomposition task.

Claim
Decomposition FacTax-Benchmark LLM-AggreFact

30B-A3B 73.4 73.7
0.6B 72.6 73.6

Table 4: Mean BAcc of the SLM pipeline with different
claim decomposition models

5 Analysis 537

5.1 Impact of Output Length 538

We notice that switching the thinking mode on 539

does not benefit the performance of our LLM- 540

based pipeline. Moreover, Table 5 shows that in- 541

struct mode reduces token usage, by roughly 90% 542

7



on FacTax-Benchmark and over 80% on LLM-543

AggreFact. These results suggest that effective fac-544

tuality judgements can be achieved through guided545

reasoning with explicitly defined steps, rather than546

unrestricted exploration. It demonstrates that our547

prompting strategy provides clear and practical548

guidance for LLMs, leading to stronger perfor-549

mance and lower inference cost.550

Qwen3 Mode FacTax LLM-AggreFact

TokenUsed Ratio (%) TokenUsed Ratio (%)

4B
Instruct 2803.6

10.4
2132.5

12.5
Thinking 27001.9 17025.4

30B-A3B
Instruct 1152.4

10.5
1024.4

17.7
Thinking 10924.8 5781.7

Table 5: The impact of switching thinking on and off.
The ratio column presents the percentage of the tokens
used in the instruct mode over the thinking mode.

5.2 Ablation Study551

LLM-based Pipeline Table 6 reports the results552

of removing the claim decomposition step and the553

test-taking strategies from the prompt. When both554

components are removed we prompt the model555

with the claim and directly ask the model to judge556

factuality under instruct mode.557

Removing either component leads to a notice-558

able drop in balanced accuracy on both benchmarks.559

This indicates that both claim decomposition and560

guided reasoning via test-taking strategies are criti-561

cal to the effectiveness of our approach.562

Qwen3 Pipeline FacTax-Benchmark LLM-AggreFact

4B

Full 73.0 75.6
-Decomposition 72.3 74.6
-Strategy 71.6 73.1
-Both 69.4 72.1

30B-A3B

Full 78.0 76.3
-Decomposition 76.2 76.0
-Strategy 76.5 75.9
-Both 74.8 74.7

Table 6: Ablation study for the LLM-based pipeline
(mean BAcc).

SLM Training Tables 1 and 2 show the contri-563

bution of each training stage to SLM performance.564

We also investigate the choice of dataset used to565

create the distillation datasets DDe and DRe_SFT566

and repeat SFT while omitting the training data567

derived from each of the benchmarks in turn. The568

dataset created from FacTax-Benchmark is noted as569

DFacTax, and that from LLM-AggreFact as DLA.570

Table 7 shows that removing the training data571

corresponding to the benchmark substantially de-572

grades performance on that benchmark. This sug-573

gests that the SLM’s generalisation ability is more 574

limited than that of the LLM, highlighting the im- 575

portance of providing diverse training examples. 576

Dataset FacTax-Benchmark LLM-AggreFact

Full 67.2 71.3
-DFacTax 64.2 66.7
-DLA 65.3 62.1

Table 7: Ablation study on SLM training data origins
(mean BAcc).

577

Rationale Examples A key advantage of our 578

pipeline is its ability to generate explanations for 579

factuality judgements. Unlike metrics that output 580

a single scalar score, these explanations help users 581

identify inconsistent parts of a claim. While some 582

LLM-based metrics also produce reasoning, their 583

outputs are often excessively long, thus less inter- 584

pretable. Sample outputs in Table 15 show that the 585

atomic facts generated by the LLM and SLM differ 586

by only a single word, and both fact checking pro- 587

cesses follow the prompt well, pinpointing exactly 588

which part of the source text supports the fact. 589

6 Conclusion 590

In this work, we reframe grounded claim factuality 591

checking as a reading comprehension task. Unlike 592

prior approaches that directly query a model for 593

claim support, we utilise human test-taking strate- 594

gies in the prompt to guide reasoning. Experiments 595

show that this prompt effectively adapted a gen- 596

eral purpose LLM into an off-the-shelf factuality 597

evaluation metric, avoiding the need for any train- 598

ing data. To reduce computational cost, we further 599

distil the LLM into separate SLMs for claim de- 600

composition and fact checking. Inspired by how 601

students improve by correcting mistakes, the SLMs 602

are additionally trained to revise their own errors to 603

enhance reasoning accuracy. The resulting SLMs 604

achieve performance comparable to much larger 605

LLMs across benchmarks, demonstrating the ef- 606

fectiveness of our human-inspired training method. 607

Overall, our study shows that, given suitable train- 608

ing strategies, SLMs can perform claim factual- 609

ity checking efficiently while maintaining inter- 610

pretability, though there remains potential for fur- 611

ther improvement to address limitations brought by 612

model scale, such as reasoning and generalisation 613

ability. 614

8



Limitations615

Base Model Ability Although our SLM-based616

pipeline outperforms several metrics that rely on617

LLM backbones, further performance improve-618

ments may require stronger base models. While619

this work demonstrates an effective approach for620

training SLMs for claim factuality checking, the re-621

sulting models remain constrained by their limited622

scale, particularly in terms of complex reasoning623

and deep language understanding.624

Teacher Model Scale We use a 30B model as625

the teacher to generate reference outputs for distil-626

lation, which is not the strongest model available627

in the Qwen3 family. Since the quality of refer-628

ence data plays a critical role in distillation, perfor-629

mance could potentially be improved by employing630

a stronger teacher model or by mixing outputs from631

multiple teacher models to enhance data diversity632

and quality.633

Prompt Engineering LLMs are known to be sen-634

sitive to prompt design. A strength of our approach635

is the use of a zero-shot prompt for fact check-636

ing, which avoids reliance and sensitivity on few-637

shot examples. However, performance may still638

vary with different descriptions of the test-taking639

strategies in the prompt. While it is impractical640

to exhaustively evaluate all possible prompt word-641

ings, performance could be boosted by further sys-642

tematic prompt refinement, but this would bring a643

risk of over-fitting to specific models and datasets,644

which we have avoided in this paper.645
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A Baseline Details 910

We introduce the details of all the mentioned base- 911

lines in this paper below. 912

TrueTeacher distils factuality judgement ability 913

from a directly prompted 540B LLM into a rela- 914

tively smaller model with 11B parameters. While 915

effective, both the teacher and student models are 916

substantially larger than our SLM. 917

MiniCheck synthesises training data conditioned 918

on either the grounding document or the claim, 919

which leads to substantially improved entailment 920

classifiers. It is a strong baseline that achieves 921

performance comparable to much larger LLMs. 922

FactCG is specifically trained to improve reason- 923

ing over claims that require multi-hop inference. 924

It represents the current state of the art among 925

entailment-based metrics and is built on BERT- 926

style architectures such as DeBERTa (He et al., 927

2020). 928

ChatGPT-{ZS,CoT} directly prompt ChatGPT- 929

3.5-turbo to judge whether a summary is consistent 930

with the source document. The chain-of-thought 931

(CoT) variant additionally encourages step-by-step 932

reasoning, resulting in an open-ended reasoning 933

process. Other LLM-based baselines, if mentioned 934

directly with their names in this paper, follow a 935

similar method but differ in base models. 936

FACTAX defines fine-grained error categories in 937

the prompt and uses LLMs’ reasoning capabilities 938

to decide if the claim contains certain error types. 939

B Dataset Statistics 940

We present the statistics of the datasets involved in 941

this paper. 942

For the dataset type, FacTax has 943
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• News Summarisation PolyTope (Huang944

et al., 2020), SummEval (Fabbri et al., 2021),945

FRANK (Pagnoni et al., 2021), CLIFF (Cao946

and Wang, 2021), Wang20 (Wang et al., 2020),947

Cao22 (Cao et al., 2022), Goyal21 (Goyal and948

Durrett, 2021). These datasets are collectively949

known as AggreFact-SOTA950

• Dialogue Summarisation DiaSumFact (Zhu951

et al., 2023)952

LLM-AggreFact has953

• Summarisation AggreFact-CNN/XSum954

(Tang et al., 2023), TofuEval-MeetB/MediaS955

(Tang et al., 2024b), RAGTruth (Niu et al.,956

2024)957

• Retrieval-augmented Generation ClaimVer-958

ify (Liu et al., 2023a), LFQA (Chen et al.,959

2023), ExpertQA (Malaviya et al., 2024),960

RAGTruth961

• Post-hoc Grounding ExpertQA, REVEAL962

(Jacovi et al., 2024), FactCheck-GPT (Wang963

et al., 2024)964

• Human Written Claims WiCE (Kamoi et al.,965

2023)966

Benchmark Split Size Source
Length

Claim
Length

Consistent
Ratio (%)

FacTax-Benchmark
dev 1236 442.4 37.3 64.2
test 1592 395.3 43.5 49.4

LLM-AggreFact
dev 29320 580.8 22.2 75.7
test 30420 559.4 22.5 77.9

Table 8: The statistics of the two benchmarks.

Split Size Claim
Length

Avg Facts
per Claim

training 69948 23.4 3.0
test 7250 23.7 3.0

Table 9: The statistics of the curated dataset for claim
decomposition learning.

Split Size Reason
Length

Consistent
Ratio (%)

training 32461 897.9 33.7
test 3608 1062.8 25.4

Table 10: The statistics of the curated dataset for fact
checking learning.

Follwing the example below, segment the given claim into atomic facts only based on
the claim itself. Output each fact with "-" as the start.

Claim:
The parkway was opened in 2001 after just under a year of construction and almost two
decades of community requests.
Facts:
- The parkway was opened in 2001.
- The parkway was opened after just under a year of construction.
- The parkway was opened after two decades of community requests.

CLAIM:
<claim>
Facts:

Table 11: The prompt for claim decomposition.

Read the article given below and answer the questions.

ARTICLE:
<article>

Here is a claim, answer the following questions. Please reason step by step, and output
your final answer by "Final Answer: yes" or "Final Answer: no".

CLAIM:
<claim>

1) For the claim, are the object and the subject mentioned?

2) If the object and the subject are mentioned, is their related information verifiable
according to the article? If there is information not mentioned, carry it into the next
question. If verifiable but incorrect, stop here and answer "Final Answer: no".

3) Look at the relationships between the object and the subject, is their relationship
mentioned? If not, can the relationship be inferred from the article? If the relationship
stands, can the previous information not mentioned be inferred from the article?

Table 12: The prompt for fact checking. Only in ablation
study, <claim> refers to a original claim. Otherwise, it
is an atomic fact decomposed from the claim.

Read the article given below and answer the questions.

ARTICLE:
<article>

Read the claim given below, judge if the claim is supported by the article or not. Please
reason step by step, and output your final answer by "Final Answer: yes" or "Final
Answer: no".

CLAIM:
<claim>

Table 13: The direct prompt used for ablation study.

You are a proficient writer that always help people to change text meaning.

I will give you a piece of text. Please [write a new similar sentence with different
subjects or objects/tweak or add details in the text/keep the subject and object the same,
but change the predicates in the text or negate the verb]. Only output one changed text
without any explanation.

Text:
<TEXT>

Rewritten text:

Table 14: The prompt used for alter the claims. Different
prompts are applied to make the claim violate different
criteria.
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C Prompt967

We list all the prompts involved in the experiments968

in this section.969

D Qualitative Study Example970
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Prompt

Read the article given below and answer the questions.

ARTICLE:

The adapted artwork for the Sgt Pepper’s Lonely Hearts Club Band album is worth about £70,000... The artwork is one of five Beatles album sleeves to feature in the top
10, compiled by Record Collector magazine. Sir Peter Blake’s original Sgt Pepper collage was doctored to replace the faces of The Beatles and other notable figures with those of
executives from the band’s US label Capitol... In second place, valued at £7,000, are the...
Here is a claim, answer the following questions. Please reason step by step, and output your final answer by "Final Answer: yes" or "Final Answer: no".

CLAIM:

A beatles album sleeve designed by sir peter blake has topped a list of the most valuable rare records.

1) For the claim, are the object and the subject mentioned?

2) If the object and the subject are mentioned, is their related information verifiable according to the article? If there is information not mentioned, carry it into the next question. If
verifiable but incorrect, stop here and answer "Final Answer: no".

3) Look at the relationships between the object and the subject, is their relationship mentioned? If not, can the relationship be inferred from the article? If the relationship stands,
can the previous information not mentioned be inferred from the article?

Facts from the LLM
- A Beatles album sleeve was designed by Sir Peter Blake.
- The Beatles album sleeve topped a list of the most valuable rare records.
Facts from the trained SLM
- A Beatles album sleeve was designed by Sir Peter Blake.
- The Beatles album sleeve has topped a list of the most valuable rare records.
Checking Fact 1 by LLM

1) Yes, both the object and the subject are mentioned.
- The subject is ""Sir Peter Blake"".
- The object is ""a Beatles album sleeve"".

2) Yes, the related information is verifiable according to the article.
- The article states: ""Sir Peter Blake’s original Sgt Pepper collage was doctored...""
- This confirms that Sir Peter Blake created the original artwork for the Sgt Pepper’s Lonely Hearts Club Band album, which is a Beatles album sleeve.
- Therefore, the connection between Sir Peter Blake and a Beatles album sleeve is supported.

3) Yes, the relationship between the subject and the object is directly mentioned in the article.
- The article explicitly states that Sir Peter Blake created the original artwork for the Sgt Pepper’s Lonely Hearts Club Band album.
- This confirms the relationship: Sir Peter Blake designed the album sleeve.
- No additional information needs to be inferred, as it is clearly stated.

Final Answer: yes
Checking Fact 1 by the trained SLM

1) Yes, both the object (a Beatles album sleeve) and the subject (Sir Peter Blake) are mentioned in the article.

2) Yes, the information is verifiable according to the article. The article states: ""Sir Peter Blake’s original Sgt Pepper collage was doctored to replace the faces of The Beatles and
other notable figures with those of executives from the band’s US label Capitol."" This confirms that a Beatles album sleeve was designed by Sir Peter Blake.

3) The relationship between the object (a Beatles album sleeve) and the subject (Sir Peter Blake) is explicitly mentioned in the article — Sir Peter Blake designed the original Sgt
Pepper collage, which was a Beatles album sleeve. This relationship is clearly stated and supported.

Final Answer: yes

Table 15: An example from the benchmark. The pinpointed information in the claim and the source is highlighted
in blue. The evidence sentence located is underlined.

14


	Introduction
	Related Work
	Factuality Evaluation Metrics
	LLM in Factuality Evaluation
	SLM Fine-tuning

	Method
	Problem Reformulation
	LLM-based Evaluation Pipeline
	Claim Decomposition
	Fact Checking

	Adapting SLMs for Claim Evaluation
	Claim Decomposition Learning
	Fact Checking Learning


	Experiments
	Benchmarks
	Baselines
	Evaluation Metrics
	Setup and Implementations
	Results
	Claim Checking Performance
	SLM Claim Decomposition Quality


	Analysis
	Impact of Output Length
	Ablation Study

	Conclusion
	Baseline Details
	Dataset Statistics
	Prompt
	Qualitative Study Example

