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Abstract

Recognizing whether outputs from large lan-001
guage models (LLMs) contain faithfulness hal-002
lucination is crucial for real-world applications,003
e.g., retrieval-augmented generation and sum-004
marization. In this paper, we introduce Faith-005
Lens, a cost-efficient and effective faithfulness006
hallucination detection model that can jointly007
provide binary predictions and corresponding008
explanations to improve trustworthiness. To009
achieve this, we first synthesize training data010
with explanations via advanced LLMs and ap-011
ply a well-defined data filtering strategy to en-012
sure label correctness, explanation quality, and013
data diversity. Subsequently, we fine-tune the014
model on these well-curated training data as015
a cold start and further optimize it with rule-016
based reinforcement learning, using rewards017
for both prediction correctness and explanation018
quality. Results on 12 diverse tasks show that019
the 8B-parameter FaithLens outperforms ad-020
vanced models such as GPT-4.1 and o3. Also,021
FaithLens can produce high-quality explana-022
tions, delivering a distinctive balance of trust-023
worthiness, efficiency, and effectiveness.024

1 Introduction025

Recent progress in large language models (LLMs)026

has revolutionized text generation (OpenAI, 2025).027

In practice, LLMs are widely used to generate co-028

herent responses based on the provided contextual029

information, e.g., retrieval-augmented generation030

(RAG) (Wang et al., 2025). However, LLMs are031

prone to generating hallucinated claims that are032

inconsistent or irrelevant to the given context, i.e.,033

faithfulness hallucinations (Bi et al., 2025; Si et al.,034

2025c). Therefore, detecting such hallucinations is035

critical for providing responsible LLM services.036

To identify faithfulness hallucinations in LLM-037

generated outputs, recent works utilize the strong038

generalization abilities of LLMs and formulate it as039

a binary classification task (Wang et al., 2024). The040

first line of research leverages designed prompts041
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Figure 1: The illustration of our FaithLens. Given a
document doc and a claim c, FaithLens can jointly de-
termine whether the claim is faithful or hallucinated and
provide the corresponding explanations for its decision,
applicable across various tasks.

to query advanced LLMs like GPT-4o (OpenAI, 042

2023) to check if generated outputs contain hallu- 043

cinated claims (Liu et al., 2023c; Lei et al., 2023; 044

Dhuliawala et al., 2024; Muhammed et al., 2025), 045

e.g., SelfCheckGPT (Manakul et al., 2023). How- 046

ever, these methods are inefficient for real-world de- 047

ployment because they rely on large and advanced 048

models to achieve reliable detection performance. 049

Thus, many studies have focused on developing 050

cost-efficient and specialized classifiers to detect 051

hallucinations (Zha et al., 2023; Seo et al., 2025). 052

For example, MiniCheck (Tang et al., 2024a) uses 053

synthetic data generation techniques to train a 7B- 054

parameter model, achieving performance compa- 055

rable to GPT-4o. However, developing a detection 056

model for real-world users still faces three key chal- 057

lenges. Specifically, (1) Lack of Explainability: 058

Current methods typically treat faithfulness hallu- 059

cination detection as a binary classification task, 060

acting as a black box that only returns the final pre- 061

diction without corresponding explanation (Tang 062

et al., 2024a). This makes it difficult for users to 063

localize errors and understand why tested claims 064

are hallucinated, which limits the trustworthiness 065
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of detection models. (2) Inconsistent Generaliza-066

tion across Tasks: Previous methods are primarily067

designed for detecting task-specific hallucination068

(George and Stuhlmueller, 2023), e.g., summariza-069

tion (Wan et al., 2024), and then fail to transfer070

across different tasks effectively. Even the mod-071

els designed for general-purpose scenarios (Tang072

et al., 2024a; Lei et al., 2025; Seo et al., 2025)073

still perform unevenly on different tasks because074

each task may have unique hallucination patterns.075

For example, summarization hallucinations typi-076

cally manifest as subtly distorted content from the077

context (Li and Yu, 2025), whereas RAG hallucina-078

tions often ignore the retrieved context and involve079

conflicting claims (Xu et al., 2024). (3) Lack of080

High-Quality Data: Annotating training data for081

hallucination detection is costly and often results082

in low inter-annotator agreement (Seo et al., 2025).083

Consequently, recent works propose to utilize syn-084

thetic data to train the model (Tang et al., 2024a;085

Lei et al., 2025). However, these methods often086

lack well-defined data quality control strategies.087

This may result in a low-quality training set, such088

as ignoring data diversity and retaining too many089

simple instances, ultimately limiting the model’s090

abilities in complex detection scenarios.091

In this paper, we introduce a cost-efficient and092

effective model FaithLens for faithfulness halluci-093

nation detection. As shown in Figure 1, FaithLens094

not only predicts whether a claim is hallucinated,095

but also produces the corresponding explanation096

for users to localize errors and understand why cer-097

tain claims are considered hallucinations. To this098

end, we begin by leveraging open-source datasets099

and querying an advanced model to synthesize sam-100

ples with explanations. Next, to ensure data quality101

and the effectiveness of the trained model across102

diverse scenarios, we design a targeted data filter-103

ing pipeline that jointly ensures label correctness,104

the synthesized explanation quality, and data di-105

versity. After using this well-curated dataset for106

supervised fine-tuning (SFT) as a cold start, we fur-107

ther strengthen the model through a rule-based rein-108

forcement learning (RL) stage. Specifically, we in-109

troduce a prediction correctness reward to improve110

detection performance and an explanation quality111

reward to enhance the informativeness and clarity112

of generated explanations. The correctness reward113

is computed directly from the model prediction, en-114

suring that the training signal explicitly reinforces115

accurate hallucination detection. Meanwhile, our116

proposed explanation quality reward thoroughly as-117

sesses a generated explanation by checking if it can 118

help a novice-level model (e.g., untuned Llama-3.1- 119

8B-Inst (Grattafiori et al., 2024) model) correctly 120

predict the corresponding label. If the generated 121

explanation enables a novice-level model to gen- 122

erate the correct prediction, it indicates that the 123

explanation is sufficiently coherent and informa- 124

tive to convey the relevant evidence. By utilizing 125

these two rewards together with a format reward, 126

our model can achieve a unique combination of 127

trustworthiness and effectiveness. 128

We evaluate the effectiveness of our proposed 129

FaithLens on 12 diverse faithfulness hallucination 130

detection tasks from LLM-AggreFact (Tang et al., 131

2024a) and HoVer (Jiang et al., 2020). Experiments 132

show that our 8B-parameter FaithLens achieves 133

state-of-the-art performance, even surpassing ad- 134

vanced LLMs such as GPT-4.1 and o3 (Jaech et al., 135

2024) with much lower cost. Also, FaithLens can 136

offer high-quality explanations that are informative 137

and coherent, providing users with a clear under- 138

standing of why a claim is considered hallucinated. 139

2 Task Formulation 140

Given the grounding document doc and the LLM- 141

generated claim c, we consider c to be faithful to 142

doc if a generic reader would affirm the statement 143

“According to the given doc, c is true”. Conversely, 144

c is considered hallucinated if it contradicts, misin- 145

terprets, or cannot be verified using doc. 146

Previous works (Laban et al., 2022; Zha et al., 147

2023; Tang et al., 2024a; Lei et al., 2025; Seo et al., 148

2025) formulate such hallucination detection as a 149

binary classification task. The goal is to train model 150

M to estimate the conditional probability: 151

PMpy | doc, cq, (1) 152

where y P t0, 1u denotes whether the provided 153

claim c is faithful (1) or hallucinated (0) with re- 154

spect to the given document doc. 155

In this work, we extend the standard binary clas- 156

sification formulation to not only predict whether 157

a claim c is faithful or hallucinated, but also pro- 158

vide a corresponding explanation e that justifies the 159

prediction from our model M̂. Formally, 160

PM̂pe, y | doc, cq, (2) 161

where y P t0, 1u is the prediction and e is a textual 162

explanation that support the prediction. This for- 163

mulation allows the model to provide explainable 164

outputs that are informative to users, improving 165

trustworthiness in hallucination detection. 166
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Figure 2: The Overall Process of Training FaithLens, including (1) Cold-Start SFT: We first synthesize high-
quality data with explanations used for the SFT stage. (2) Rule-Based RL Training: We further refine the model
using a rule-based RL approach with the designed rewards for both prediction correctness and explanation quality.

3 Methodology167

In this paper, we build a cost-efficient and effec-168

tive hallucination detection model FaithLens that169

can jointly determine whether the claim is faithful170

or hallucinated, and provide corresponding expla-171

nations to improve trustworthiness. As shown in172

Figure 2, we include two key stages to train Faith-173

Lens without human efforts: (1) A training data174

synthesis pipeline that first generates data with ex-175

planations, then uses a well-defined data filtering176

strategy to ensure data quality, and finally starts the177

SFT stage as a cold start (§ 3.1); (2) A rule-based178

RL stage to further optimize model effectiveness179

and trustworthiness, using rewards from both pre-180

diction correctness and explanation quality (§ 3.2).181

3.1 Cold-Start Supervised Fine-tuning182

To equip the model with the ability to detect hallu-183

cinations and generate corresponding explanations,184

we start by training the model via the SFT stage.185

3.1.1 Data Synthesis186

Previous works (Tang et al., 2024a; Lei et al., 2025)187

formulate such hallucination detection as a binary188

classification task and cannot provide correspond-189

ing explanations. Thus, existing training datasets190

only provide prediction labels without correspond-191

ing explanations. To bridge this gap, we first lever-192

age the advanced large reasoning models (LRMs),193

e.g., DeepSeek-V3.2-Think (DeepSeek-AI et al.,194

2025), to synthesize data with explanations. We 195

provide the LLM with the prompt that consists of 196

the given document doc and a claim c from open- 197

source training datasets (Lei et al., 2025), allowing 198

it to autoregressively provide its chain-of-thought 199

(CoT) ˆcot, an explanation ê, and its own predicted 200

label ŷ. By doing so, we can obtain a synthesized 201

sample ŝ used for the cold-start SFT stage. 202

3.1.2 Data Filtering 203

However, even if we apply well-designed prompts, 204

the synthesized data without quality control could 205

still be noisy or useless. Thus, we propose a well- 206

defined strategy to avoid low-quality samples with- 207

out human effort. We consider three dimensions to 208

ensure data quality, including (1) label correctness, 209

(2) explanation quality, and (3) data diversity. 210

Label Correctness. For each synthesized sample, 211

we first compare the predicted label ŷ from the 212

LLM with the ground-truth label ygt provided in the 213

original dataset. If the two labels are inconsistent, 214

we directly discard the sample ŝ along with the 215

generated CoT ˆcot and explanation ê. Formally, 216

Flabelpŝq “ I
!

ŷ “ ygt

)

, (3) 217

where I is the indicator function for filtering low- 218

quality data that do not match the target. If the 219

label from the LLM is incorrect, the related CoT 220

and explanation may appear coherent, but they are 221
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internally aligned with an incorrect prediction. In-222

cluding these samples would cause the model to223

learn incorrect patterns, which would reduce its224

detection effectiveness and explanation quality.225

Explanation Quality. After ensuring the label226

correctness, we further focus on the explanation227

quality to prevent low-value or misleading explana-228

tions from the training data. We evaluate the quality229

of explanations by testing whether they can help230

the model M used for training (e.g., Llama-3.1-231

8B-Instruct) to make correct predictions. Specifi-232

cally, we first measure the model’s perplexity for233

the ground-truth label using only the document doc,234

claim c, and the synthetic CoT ˆcot:235

PPLw/o. exp “ PPLMpygt | doc, c, ˆcotq, (4)236

which indicates the model’s confidence in generat-237

ing the correct label. We then include the synthe-238

sized explanation ê as the input and compute the239

model’s perplexity again, i.e.,240

PPLw. exp “ PPLMpygt | doc, c, ˆcot, êq, (5)241

which reflects the model’s confidence in generating242

the correct label based on the tested explanation.243

We retain only the samples ŝ with explanations that244

lower model perplexity on correct labels:245

Fexppŝq “ ItPPLw. exp ă PPLw/o. expu, (6)246

where I is the indicator function for filtering data247

with low-quality explanations. This indicates that248

the explanation makes the model more confident in249

the correct answer, showing that the explanation is250

both informative and high-quality. In this way, our251

method is able to filter out low-quality explanations,252

ultimately ensuring that the cold-started model can253

provide high-quality explanations.254

Data Diversity. Although filtering for label cor-255

rectness and explanation quality improves the re-256

liability of individual samples, it may also lead to257

distribution bias, where the retained data focus on258

specific tasks and hallucination patterns, ultimately259

limiting the model’s cross-task generalization. For260

instance, the filtering for label correctness can re-261

tain too many easy samples, reducing the model’s262

abilities in complex hallucination scenarios.263

Thus, we consider the diversity of the given doc-264

ument doc and claim c, since faithfulness halluci-265

nations arise from their semantic relationship. We266

adopt a clustering-based approach to preserve data267

diversity, which can identify semantically close268

document-claim pairs pdoc, cq and form clusters for 269

different types of data. For each pdoc, cq pair from 270

the sample ŝ, we first use a sentence embedding 271

model to map it to a dense vector. We utilize the 272

obtained embeddings to employ the K-Medoids 273

algorithm (Park and Jun, 2009) and cosine similar- 274

ity to get different clusters and their corresponding 275

medoids, i.e., the most centrally located samples 276

in the clusters. Then, we use the K medoids to 277

construct a probe set Sp “ tŝ1
1, ..., ŝ

1
Ku, then uti- 278

lize this set to evaluate whether a tested sample ŝ 279

can help diverse samples within probe set Sp to- 280

wards correct labels. Specifically, we first infer 281

each probe sample into the model M and compute 282

the perplexity of the ground-truth labels: 283

PPLpŝ1
iq “ PPLMpŷ1

i | doc1
i, c

1
i, ˆcot

1

i, ê
1
iq, (7) 284

where ŝ1
i “ pdoc1

i, c
1
i, ˆcot

1

i, ê
1
i, ŷ

1
iq denotes the i-th 285

sample in probe set Sp. Next, we incorporate the 286

candidate sample ŝ as an in-context demonstration 287

and recompute the perplexity: 288

PPLpŝ1
i | ŝq “ PPLMpŷ1

i | ŝ, doc1
i, c

1
i, ˆcot

1

i, ê
1
iq, (8) 289

where a decrease in perplexity indicates that ŝ pro- 290

vides complementary information that helps the 291

model better predict the correct label for sample 292

ŝ1
i. Finally, we count the number of probe sam- 293

ples whose perplexity decreases and retain ŝ if it 294

improves a sufficient portion of the probe set: 295

Fdivpŝq “ I

#

ˇ

ˇtŝ1
i P Sp | PPLpŝ1

i | ŝq ă PPLpŝ1
iqu

ˇ

ˇ ě
K

2

+

, (9) 296

where I is the indicator function. In this way, we 297

can ensure that the retained samples have a positive 298

impact across different types of data. Consequently, 299

training the model on such diversified and informa- 300

tive samples enhances its ability to maintain strong 301

performance across different tasks. 302

Fine-tuning. Finally, we apply these three pro- 303

posed filtering criteria to ensure the data quality, 304

then fine-tune the model on quality-checked train- 305

ing data D, to get the initialized detection model: 306

LSFT “ ´Eŝ„DrlogMp ˆcot, ê, ygt | doc, cqs. (10) 307

Thus, the model is equipped with the ability to 308

detect hallucinations and generate explanations. 309

3.2 Reinforcement Learning Training 310

The SFT-initialized model can easily memorize the 311

simple training samples and struggles to general- 312

ize to complex detection tasks. Also, the model 313
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may generate correct explanations but often lacks314

clarity or informativeness, as it is trained to imitate315

training data rather than explicitly optimize for ex-316

planation quality. To further enhance effectiveness317

and trustworthiness, we frame it as a rule-based RL318

problem and propose well-designed rewards from319

prediction correctness and explanation quality.320

3.2.1 Reinforcement Learning Protocol321

For the RL training of LLMs, policy optimization322

methods such as PPO (Schulman et al., 2017) and323

GRPO (Shao et al., 2024) have been well-explored.324

Given the advantages of GRPO, e.g., eliminating325

the need for a reward model, we utilize the GRPO326

algorithm to optimize our model Mours.327

For each document-claim pair pdoc, cq, the de-328

tection model generates a group of G explana-329

tions te1, . . . , eGu, and G candidate correspond-330

ing predictions tp1, . . . , pGu. Each output is evalu-331

ated using a designed composite rule-based reward332

(§ 3.2.2). GRPO utilizes the relative performance333

of candidates within the group to compute an ad-334

vantage Ai for each output, guiding policy updates335

according to the following objective:336

LGRPOpMoursq “ Epdoc,cq,tei,piu„Mold

«

1

G

G
ÿ

i“1

Li ´ βDKLpMours||Mrefq

ff

, (11)337

338
Li “ min pwiAi, clippwi, 1 ´ ϵ, 1 ` ϵqAiq , (12)339

where wi “
Mourspei,pi|doc,cq

Moldpei,pi|doc,cq
, Mref is the reference340

policy (i.e., the initialized model), Mold is the pol-341

icy before the update, ϵ and β are hyperparameters342

for the update step and divergence regularization,343

and Ai is estimated advantage within the group.344

3.2.2 Reward Design345

Having a well-designed reward is key to the effec-346

tiveness of RL training (Kimi-Team et al., 2025).347

An intuitive method is to use a correctness reward348

to check whether the prediction from the model is349

correct, ensuring the models can achieve better de-350

tection capabilities. However, this method cannot351

ensure that the generated explanations are high-352

quality, as the training signal only explicitly rein-353

forces accurate hallucination detection. Meanwhile,354

directly evaluating the quality of free-form expla-355

nation via the rule-based verification continues to356

pose an unresolved challenge (OpenAI, 2025). To357

achieve the balance of trustworthiness and effec-358

tiveness, we introduce a prediction correctness re-359

ward to improve detection performance and an ex-360

planation quality reward to enhance the informa-361

tiveness and clarity of generated explanations.362

Prediction Correctness Reward. This reward as- 363

sesses whether the detection prediction ypred from 364

the model matches the ground-truth answer ygt, en- 365

suring that the training signal explicitly reinforces 366

accurate hallucination detection. Formally, 367

Rpred “

#

1 if ypred “ ygt,

0 otherwise.
(13) 368

In this way, we can further enhance the model’s 369

prediction accuracy beyond SFT, leading to more 370

reliable detection across diverse scenarios. 371

Explanation Quality Reward. Directly evaluating 372

the quality of free-form content via the rule-based 373

verification remains challenging. Thus, we attempt 374

to use the proposed explanation quality reward to 375

evaluate it implicitly. Specifically, we thoroughly 376

assess a generated explanation by checking if it can 377

help a novice-level model Mnov (e.g., Llama-3.1- 378

8B-Instruct) correctly predict the ground-truth an- 379

swer. The idea behind this reward is that if the gen- 380

erated explanation e enables a novice-level model 381

to generate the correct prediction, it indicates that 382

the explanation is sufficiently coherent and informa- 383

tive for conveying the relevant evidence. Formally, 384

Rexp “

#

1, if yMnov
pred pdoc, c, eq “ ygt,

0, otherwise,
(14) 385

where yMnov
pred pdoc, c, eq denotes the final binary pre- 386

diction produced by the novice-level model con- 387

ditioned on the provided document doc, claim c, 388

and generated explanation e. This ensures that only 389

high-quality explanations that are sufficiently co- 390

herent and informative are rewarded. 391

Format Reward. To enforce the desired output for- 392

mat, we assign a format reward to evaluate whether 393

the whole generated response contains the proper 394

tags described in the prompt. Formally, 395

Rformat “

#

1, if correct formatting,
0, if incorrect formatting.

(15) 396

Final Reward. Finally, we use the sum of these 397

three rewards as the final composite reward Rfinal: 398

Rfinal “ Rpred ` Rexp ` Rformat. (16) 399

By doing so, we can leverage the well-designed 400

rewards to improve both the detection performance 401

and explanation quality, achieving a distinctive bal- 402

ance of effectiveness and trustworthiness. 403
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Model Agg-
CNN

Agg-
XSum

Claim
Verify

Expert
QA

FC-
GPT LfQA RAG

Truth Reveal Tofu-
MediaS

Tofu-
MeetB Wice HoVer Overall

Std (σ) Ó Avg (µ) Ò

The State-of-the-Art LLMs
GPT-4o 62.3 74.9 78.3 68.3 86.0 75.0 81.8 86.9 71.5 76.9 77.9 73.6 7.0 76.1
o1 68.3 76.7 77.1 72.3 85.0 76.1 79.6 85.9 65.8 76.1 78.7 79.9 5.9 76.8
DeepSeek-V3.2-Non-Think 75.5 65.5 75.4 74.4 87.9 72.9 80.8 91.0 65.5 82.9 72.7 76.7 7.8 76.8
DeepSeek-V3.2-Think 86.8 76.8 88.0 80.7 88.0 77.4 85.9 92.1 83.5 91.4 81.8 80.0 5.1 84.4
Claude-3.7-Sonnet 75.6 73.6 83.7 74.4 86.9 86.0 87.0 88.0 85.4 84.0 86.0 80.2 5.3 82.6
Llama-3.1-405B-Inst 65.5 71.6 80.7 68.8 82.0 76.3 80.7 84.0 67.3 78.8 72.5 81.6 6.4 75.8
GPT-4.1 74.1 73.6 81.6 80.3 91.3 81.1 89.1 93.2 75.9 86.3 86.4 82.6 6.5 83.0
o3-mini 64.4 81.5 80.2 73.0 86.0 81.5 80.7 84.8 77.1 78.3 84.0 78.5 5.9 79.2
o3 67.8 77.2 83.3 79.6 86.9 87.7 80.6 92.2 82.9 83.8 82.1 81.1 6.0 82.1

Specialized Detection Models
AlignScore 45.7 68.0 79.8 75.0 83.7 86.6 83.6 92.2 75.8 76.5 67.3 73.3 12.0 75.6
FactCG 76.9 68.1 76.2 75.3 89.0 86.5 79.6 90.0 79.1 71.9 72.2 73.1 7.0 78.2
MiniCheck 70.0 72.7 85.6 72.9 86.8 89.0 86.9 91.0 74.3 77.8 85.9 74.9 7.5 80.7
ClearCheck 72.8 78.6 85.4 72.7 87.9 87.0 83.8 87.0 67.8 75.8 81.8 80.3 6.6 80.1
FaithLens 84.9 79.0 89.4 79.6 92.4 92.1 86.8 92.2 85.1 87.2 85.6 82.9 4.6 86.4
∆ Compared to Llama-3.1-8B-Inst. +41.8 +30.4 +25.8 +29.8 +22.6 +46.0 +34.8 +14.0 +34.3 +24.9 +37.4 +19.3 -6.3 +30.1

Table 1: Effectiveness Results. We report experimental results on 12 various datasets from LLM-AggreFact and
HoVer benchmarks. Bold numbers indicate the best performance of specialized detection models. Our FaithLens
simultaneously outperforms other specialized models and advanced LLMs such as GPT-4.1 and o3.

4 Experiments404

In this section, we conduct experiments and analy-405

ses to show the advantages of our FaithLens.406

4.1 Experiment Settings407

Evaluation. We use LLM-AggreFact (Tang et al.,408

2024a) and HoVer (Jiang et al., 2020) as evaluation409

benchmarks. LLM-AggreFact contains 11 different410

faithfulness hallucination detection tasks, such as411

summarization, RAG, and dialogue, to fully eval-412

uate the effectiveness and generalization. HoVer413

benchmark further focuses on more complex multi-414

hop reasoning tasks. Also, Seo et al. (2025) found415

that the original two benchmarks contain a large416

number of annotation errors and ambiguous exam-417

ples. Thus, we use the refined version of LLM-418

AggreFact and HoVer, then apply macro-F1 as our419

metric, following Seo et al. (2025) for a fair com-420

parison. More details are shown in Appendix B.421

Baselines. We compare several baselines, includ-422

ing (1) The State-of-the-Art LLMs: We evalu-423

ate the most advanced LLMs, including GPT-4o,424

o1, GPT-4.1, o3-mini, o3, DeepSeek-V3.2, Llama-425

3.1-405B-Inst, and Claude-3.7-Sonnet (Anthropic,426

2025). (2) Specialized Detection Models: We fur-427

ther compare open-source detection models. Align-428

Score (Liu et al., 2023a) trains a 355M-parameter429

detection model on 4.7M data from 7 different430

tasks. MiniCheck (Tang et al., 2024a) proposes431

a data synthesis pipeline and uses 35K private data432

synthesized from Llama-3.1-405B-Inst to train a433

7B model. FactCG (Lei et al., 2025) uses the con-434

text graph to generate complex multi-hop synthetic435

data to train a 435M-parameter model. ClearCheck436

(Seo et al., 2025) uses 57K ANLI examples, 25K 437

private data, and CoT distilled from Llama-3.1- 438

405B-Inst to train Llama-3.1-8B-Inst with multi- 439

task training. Details are shown in Appendix C. 440

Implementation Details. For a fair comparison 441

with previous works (Seo et al., 2025), our main 442

experiments are conducted on Llama-3.1-8B-Inst. 443

For training FaithLens, we use the same training 444

data as FactCG (Lei et al., 2025), as it is based on 445

public data instead of private ones. Specifically, 446

we utilize the same ANLI (Nie et al., 2020) sub- 447

set, C2D, and D2C sets following Lei et al. (2025) 448

as our initial SFT data, then use our explanation 449

synthesis and filtering strategies, and finally apply 450

SFT on the filtered data. For the RL stage, we 451

use the CG2C-MHQA and CG2C-Doc sets from 452

Lei et al. (2025) to train our SFT-initialized model. 453

In this way, we use the same data as FactCG (Lei 454

et al., 2025) throughout the training process, with- 455

out introducing additional data. For computing 456

our explanation quality reward (§ 3.2.2), we also 457

use Llama-3.1-8B-Inst as our novice-level model. 458

We use DeepSeek-V3.2-Think instead of other ad- 459

vanced LRMs (e.g., o3) to synthesize data (§ 3.1.1), 460

as these models do not allow us to access the CoT 461

content. More details are shown in Appendix D, 462

e.g., the sentence embedding model used for data 463

diversity (§ 3.1.2) and hyperparameters. 464

4.2 Results 465

Effectiveness Results. As shown in Table 1, our 466

FaithLens achieves SOTA overall performance on 467

12 different tasks. Compared with specialized mod- 468

els, FaithLens not only achieves better results on 469

cross-task scenarios (LLM-AggreFact), but also 470
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Model Read. Help. Info. Avg

GPT-4o 94.4 84.8 73.0 84.1
o1 91.8 81.6 75.4 82.9
DeepSeek-V3.2-Non-Think 93.0 90.6 84.2 89.3
DeepSeek-V3.2-Think 94.4 92.6 83.0 90.0
Claude-3.7-Sonnet 95.7 94.6 83.7 93.5
Llama-3.1-405B-Inst 90.6 79.6 81.0 83.7
GPT-4.1 99.8 95.2 83.2 92.7
o3-mini 94.6 88.2 71.6 84.8
o3 97.6 97.6 85.2 93.5
ClearCheck 85.2 79.0 67.8 77.3
CoT from FaithLens 81.4 76.6 68.4 75.5
FaithLens 92.4 93.4 85.4 90.4
∆ Compared to Llama-3.1-8B-Inst. +17.1 +21.1 +17.2 +18.5

Table 2: Explainability Results. We use GPT-4.1 to
evaluate the generated explanations from three dimen-
sions, including readability (Read.), helpfulness (Help.),
and informativeness (Info.). Bold numbers indicate the
best performance of specialized detection models.

Model Cost($) Model Cost($)

GPT-4o 7.3 o1 140.6
DeepSeek-V3.2-Non-Think 0.8 o3-mini 5.9
DeepSeek-V3.2-Think 1.2 o3 8.8
GPT-4.1 11.4 Claude-3.7-Sonnet 14.5
Llama-3.1-405B-Inst 16.7 FaithLens (8B) 0.1

Table 3: Inference Efficiency Results. Inference cost
on 1.2K samples from 12 datasets. FaithLens delivers
SOTA performance with lowest cost ($ 0.8/GPU-hour).

significantly improves the performance in the com-471

plex reasoning detection task (HoVer). Meanwhile,472

FaithLens can achieve better performance than ad-473

vanced LLMs with much lower cost, e.g., GPT-4.1474

and o3. It shows strong generalization abilities,475

achieving the lowest standard deviation and the476

most stable performance across tasks.477

Explainability Results. We further evaluate the478

quality of generated explanations using GPT-4.1 as479

a judge to show the trustworthiness. To ensure the480

correctness and usability of the explanations, we481

only evaluate the explanations corresponding to the482

samples that were correctly predicted by the model.483

To obtain explanations from advanced LLMs, we484

adjust the prompts used in effectiveness experi-485

ments to require models to generate the explana-486

tions before giving their predictions, as FaithLens,487

which has little to no effect on the model’s predic-488

tion performance. Most of the specialized models489

(e.g., MiniCheck) treat hallucination detection as a490

binary classification task and cannot provide expla-491

nations. One exception is ClearCheck, which first492

generates a CoT and then produces the prediction.493

Thus, we use the CoT from ClearCheck to evaluate494

its explainability. Specifically, we consider three495

dimensions for explanations: readability, helpful-496

ness, and informativeness. As shown in Table 2,497

FaithLens can produce high-quality explanations498

Model # Data Data Source Is Explainable?

AlignScore 4,700K Public No
FactCG 52K Public No
MiniCheck 35K Private No
ClearCheck 82K Private Partial
FaithLens 28K Public Yes
- w/o. Data Filtering 52K Public Yes

Table 4: Data Efficiency Results. Comparison of spe-
cialized detection models on training data sizes, data
source, and explainability.

Method Effectiveness Explainability

Std Ó Avg Ò Avg Ò

Llama-3.1-8B-Inst 10.9 56.3 71.9
Direct SFT on 52K Data 6.1 79.1 N/A
FaithLens 4.6 86.4 90.4
- w/o. Cold-start SFT Stage 5.7 83.4 88.1
- w/o. Data Filtering 6.7 81.2 82.3
- w/o. Label Correctness Filtering 5.3 83.5 86.0
- w/o. Explanation Quality Filtering 4.8 85.8 83.4
- w/o. Data Diversity Filtering 6.4 85.0 89.3
- w/o. Rule-based RL Stage 6.0 82.6 83.8
- w/o. Explanation Quality Reward 5.1 85.7 84.7

Table 5: Ablation Study. N/A means the trained model
cannot provide the corresponding explanations.

even compared to advanced LLMs. This is because 499

our designed data filtering strategy can ensure the 500

quality of explanations used for the SFT stage. Our 501

explanation quality reward requires LLMs to gen- 502

erate fluent and helpful explanations for a novice 503

model, which further optimizes the quality. In com- 504

parison, unsupervised CoT content from FaithLens 505

cannot serve as high-quality explanations, further 506

showing the effectiveness of our design. More de- 507

tails can be found in Appendix E. 508

Efficiency Results. As shown in Table 3, we com- 509

pare the inference cost with advanced API-based 510

LLMs. Specifically, our proposed FaithLens deliv- 511

ers SOTA performance with the lowest cost, achiev- 512

ing the balance of effectiveness and efficiency. We 513

also show the comparison of specialized models as 514

shown in Table 4. Our model can achieve reliable 515

performance and provide the corresponding expla- 516

nations without relying on private data. With our 517

data filtering strategy, our method can efficiently 518

utilize data to achieve better performance. In this 519

way, our FaithLens can achieve efficiency in both 520

inference cost and training data. 521

4.3 Analysis 522

Ablation Study. We conduct an ablation study to 523

show the effectiveness of our methods in Table 5. 524

The results reveal that each of our designed com- 525

ponents can significantly enhance the model. For 526

our data filtering strategy, we find that each consid- 527
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Method Original Decontextualization Decomposition

Std Ó Avg Ò Std Ó Avg Ò Std Ó Avg Ò

GPT-4o 7.0 76.1 6.9 76.1 6.6 76.6
o1 5.9 76.8 6.0 76.5 5.6 77.2
GPT-4.1 6.5 83.0 6.5 83.0 6.2 83.3
o3 6.0 82.1 6.0 82.0 5.7 82.5
AlignScore 12.0 75.6 11.9 75.4 11.5 76.1
FactCG 7.0 78.2 6.8 78.0 7.1 78.6
MiniCheck 7.5 80.7 7.5 80.6 7.3 80.8
ClearCheck 6.6 80.1 6.6 80.1 6.4 80.2
FaithLens 4.6 86.4 4.6 86.4 4.4 86.6

Table 6: Claim Decontextualization and Claim De-
composition Study. We use GPT-4.1 to perform these
two operations for claims as new inputs.

OursWins Tie GPT-4oWins

Figure 3: Human Evaluation. We compare the expla-
nations from FaithLens and GPT-4o on 120 samples.

ered dimension plays its expected role. Specifically,528

the label correctness filtering affects the model’s529

prediction performance. The explanation quality530

filtering influences the model’s explainability, and531

the data diversity filtering impacts the consistency532

of the model’s cross-task performance. Meanwhile,533

the proposed rule-based RL stage with a composite534

reward can further enhance the performance and535

explainability of the SFT-initialized model. The536

designed explanation quality reward effectively im-537

proves the quality of corresponding explanations538

and enhances the final model performance. More539

detailed results can be found in Appendix F.540

Claim Decontextualization and Claim Decompo-541

sition Study. We revisit two typical stages in detec-542

tion pipelines: claim decontextualization and claim543

decomposition. Decontextualization (Choi et al.,544

2021) aims to address coreference and ellipsis in545

the claims, which may make sentences difficult to546

ground. Decomposition (Min et al., 2023) tries to547

decompose each claim into atomic facts and use548

the detection model to predict the label for each549

atomic fact. If all atomic facts are supported by the550

document, then the claim is supported; otherwise,551

the claim is not supported. We use GPT-4.1 to con-552

duct these two operations, then use the modified553

claims as new inputs. As shown in Table 6, claim554

Method Effectiveness Explainability

Std Ó Avg Ò Avg Ò

Llama-3.1-8B-Inst 10.9 56.3 71.9
Llama-3.1-70B-Inst 8.7 70.1 83.5
Llama-3.1-405B-Inst 6.4 75.8 83.7
FaithLens-8B 4.6 86.4 90.4
Qwen2.5-3B-Inst 9.1 73.3 79.3
Qwen2.5-7B-Inst 11.3 73.9 81.7
Qwen2.5-32B-Inst 8.6 73.1 84.2
FaithLens-3B 4.9 83.4 88.3
FaithLens-7B 4.2 84.9 90.3

Table 7: Generalization Across Foundation Models.
The impact of different backbones of the trained models.

decontextualization is not needed for our model as 555

it can effectively capture the context-dependent re- 556

lations. Also, we can find that claim decomposition 557

can further improve the performance of FaithLens. 558

Details can be found in Appendix G. 559

Human Evaluation. We conduct the human evalu- 560

ation for the explanations from FaithLens and GPT- 561

4o on 120 selected samples. For each comparison, 562

the final result is determined by majority voting 563

for three dimensions: readability, helpfulness, and 564

informativeness. Results from Figure 3 show the 565

effectiveness of our method. Details are shown in 566

Appendix H, e.g., evaluation principles. 567

Generalization Across Foundation Models. As 568

shown in Table 7, using our designed process to 569

train the detection model on different foundational 570

models, e.g., Qwen-2.5-Inst (Yang et al., 2024) and 571

Llama-3.1-Inst, can consistently improve perfor- 572

mance compared to the original ones. 573

Parameter Study, Variant Methods Testing, and 574

Case Study. We also perform these additional anal- 575

yses in the Appendix J-L to show the effectiveness. 576

5 Conclusion 577

In this paper, we introduce a cost-efficient and ef- 578

fective model, FaithLens, for detecting faithfulness 579

hallucinations while providing corresponding ex- 580

planations for real-world users. We first synthesize 581

training data with explanations and apply a well- 582

defined data filtering strategy to ensure data quality. 583

We then fine-tune the model on these well-curated 584

data as a cold start and optimize it with reinforce- 585

ment learning, using rewards for both prediction 586

correctness and explanation quality. In this way, 587

FaithLens can deliver advanced detection effective- 588

ness across 12 different tasks and offer high-quality 589

explanations at a much lower cost. Overall, our 590

FaithLens achieves a distinctive balance of trust- 591

worthiness, efficiency, and effectiveness. 592
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Limitations593

Although FaithLens demonstrates strong empirical594

results and is widely applicable, it still has some595

limitations. In this section, we outline these limita-596

tions below and explain why they are beyond the597

scope of this work. First, we focus exclusively on598

textual faithfulness hallucination detection and do599

not address multi-modal settings. Extending our600

FaithLens to multi-modal settings would require601

fundamentally different grounding signals and ex-602

planation formats, which are beyond the scope of603

this study. To ensure the comparability with prior604

work, we therefore restrict our investigation to the605

textual domain. Also, our FaithLens generates its606

CoT, explanation, and predicted label sequentially.607

Although this design substantially improves trust-608

worthiness and explainability, it introduces addi-609

tional inference overhead compared to models of610

similar size that output only predicted labels. Fi-611

nally, following standard practice in existing works,612

FaithLens outputs only binary labels (faithful vs.613

hallucinated). While more fine-grained hallucina-614

tion categories may benefit real-world applications,615

current datasets lack a unified taxonomy for such616

distinctions. We therefore leave fine-grained hallu-617

cination detection as future work. These limitations618

reflect deliberate choices made to maintain method-619

ological consistency and ensure a fair evaluation,620

and we view them as promising avenues for extend-621

ing FaithLens in future research.622
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Appendix1273

This appendix is organized as follows.1274

• In Section A, we detail the related work to1275

comprehensively show our motivation.1276

• In Section B, we go into detail about the1277

datasets used in our experiments.1278

• In Section C, we show the details of the base-1279

lines during the evaluation.1280

• In Section D, we list the details of the imple-1281

mentation, e.g., hyperparameters.1282

• In Section E, we further show the details of1283

the explanation evaluation.1284

• In Section F, we report the detailed results of1285

the ablation study, e.g., the detailed results.1286

• In Section G, we go into details about claim1287

decontextualization and claim decomposition1288

study, e.g., the detailed results.1289

• In Section H, we show the implementation1290

details of human evaluation.1291

• In Section I, list the details of the generaliza-1292

tion test across the foundation models.1293

• In Section J, we conduct experiments to ex-1294

plore the impact of hyperparameters.1295

• In Section K, we conduct fine-grained variant1296

method testing to validate the effectiveness of1297

our proposed designs.1298

• In Section L, we come up with a practical case1299

study to show the effectiveness of FaithLens.1300

A Related Work1301

Hallucinations in LLMs. Hallucinations occur1302

when the generated content from LLMs seems1303

believable but does not match factual or contex-1304

tual knowledge (Ji et al., 2023; Rawte et al., 2023;1305

Huang et al., 2024). Hallucinations in LLMs can1306

be categorized into factuality hallucinations (Min1307

et al., 2023; Wei et al., 2024b) and faithfulness hal-1308

lucinations (Huang et al., 2025; Si et al., 2025a).1309

Factuality hallucinations arise when LLMs rely1310

solely on their parametric knowledge and gener-1311

ate statements that contradict real-world facts (Wei1312

et al., 2024a). Faithfulness hallucinations occur1313

when the model’s output is inconsistent with or1314

unsupported by the given input, such as a ground- 1315

ing document and retrieved evidence (Wan et al., 1316

2023; Zhou et al., 2023; Bi et al., 2025; Si et al., 1317

2025b). LLMs are prone to faithfulness halluci- 1318

nations across various settings, generating infor- 1319

mation that cannot be supported by the given con- 1320

text. For instance, in retrieval-augmented genera- 1321

tion, models may generate supplementary informa- 1322

tion that is not supported by retrieved documents 1323

(Xu et al., 2024). Even when provided with gold 1324

source text—e.g., in summarization or simplifica- 1325

tion—LLMs still produce inconsistent and hallu- 1326

cinated outputs, exhibiting diverse error patterns 1327

across domains (Li and Yu, 2025). In this work, we 1328

focus on faithfulness hallucinations, aiming to train 1329

an effective and explainable detection model that 1330

can assess whether LLM-generated claims remain 1331

faithful to the given context. 1332

Hallucination Detection. There are two main ap- 1333

proaches to detecting faithfulness hallucinations in 1334

LLM-generated outputs. One relies on advanced 1335

LLMs evaluating the LLM-generated outputs, like 1336

SelfCheckGPT (Manakul et al., 2023), or further 1337

leveraging Chain-of-Thought (CoT) strategies to 1338

improve effectiveness (Liu et al., 2023c; Dhuli- 1339

awala et al., 2024; Lei et al., 2023). However, these 1340

methods are inefficient for real-world applications 1341

because they rely on large and advanced models 1342

to achieve reliable performance. Deploying large 1343

open-source models requires substantial computing 1344

resources, while using advanced API-based mod- 1345

els can be very costly. To reduce cost, the other 1346

focuses on training cost-efficient detection models. 1347

SummaC (Laban et al., 2022) adapts natural lan- 1348

guage inference (NLI) models for document-level 1349

faithfulness evaluation. However, NLI-based ap- 1350

proaches struggle with the diverse error patterns 1351

and fine-grained faithfulness hallucinations, lim- 1352

iting their robustness across tasks and domains. 1353

Recent studies thus turn to synthetic data gener- 1354

ation for training more capable detection models. 1355

AlignScore (Zha et al., 2023) develops a unified 1356

training framework by integrating a large diver- 1357

sity of data sources, resulting in 4.7M training ex- 1358

amples from 7 well-established tasks. MiniCheck 1359

(Tang et al., 2024a) synthesizes training data using 1360

advanced LLMs and outperforms previous work. 1361

FactCG (Lei et al., 2025) further improves mod- 1362

els by enhancing LLM-generated data complexity 1363

using knowledge graphs. ClearCheck (Seo et al., 1364

2025) uses synthetic data and multi-task training, 1365

enabling the model to engage in CoT reasoning be- 1366
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fore answering. However, despite these advances1367

in prediction performance, current models still pro-1368

vide only binary labels without accompanying ex-1369

planations for real-world users, and often exhibit1370

inconsistent performance across tasks. In this work,1371

we fill these gaps by creating high-quality synthetic1372

data using well-defined data filtering strategies and1373

a carefully crafted rule-based RL stage. This en-1374

ables us to develop FaithLens, a compact detection1375

model that offers a unique combination of trustwor-1376

thiness, efficiency, and effectiveness.1377

B Dataset Details1378

We introduce 12 various datasets from both LLM-1379

AggreFact and HoVer for our evaluation. Accord-1380

ing to Seo et al. (2025), label ambiguity and annota-1381

tion errors in the original datasets can significantly1382

impact the evaluations. Seo et al. (2025) point out1383

that 9.1% of the examples are ambiguous, and 6.6%1384

are mislabeled. Thus, Seo et al. (2025) further con-1385

structs a refined and well-labeled version of these1386

two benchmarks. For a fair comparison, we use1387

the cleaned version following Seo et al. (2025) to1388

conduct our experiments. Specifically, the LLM-1389

AggreFact includes 11 different faithfulness hallu-1390

cination detection tasks, including:1391

Agg-CNN & Agg-XSum. AggreFact (Tang et al.,1392

2023) is an evaluation benchmark for summariza-1393

tion targeting CNN(/DM) (Nallapati et al., 2016)1394

and XSum (Narayan et al., 2018). It focuses on the1395

SOTA sets, where documents are from the original1396

CNN and XSum datasets and summaries are gener-1397

ated from SOTA finetuned summarizers, since their1398

analysis suggests that summaries are more chal-1399

lenging to evaluate for hallucination compared to1400

summaries generated by pre-SOTA summarizers.1401

ClaimVerify. This dataset (Liu et al., 2023b) eval-1402

uates the correctness of responses from four gen-1403

erative search engines in answering user queries.1404

The dataset contains annotations on whether check-1405

worthy sentences from the engines’ responses can1406

be fully supported by their cited documents.1407

ExpertQA. It contains responses from 6 differ-1408

ent systems to queries curated by experts from 321409

fields (Malaviya et al., 2024). These systems an-1410

swer queries either in a closed-book fashion, with-1411

/without in-line citations, or based on retrieved doc-1412

ument(s). For each sentence in the response, the1413

sentence is verified against the concatenation of1414

cited or retrieved document(s), if any.1415

FC-GPT. FactCheck-GPT (Wang et al., 2023) con-1416

tains factual consistency annotations for LLMs’ re- 1417

sponses to search queries. In this dataset, each sen- 1418

tence from LLMs’ responses is first decomposed 1419

into atomic facts, and those atomic facts are then 1420

decontextualized so that they can stand alone. 1421

LfQA. LFQA (Chen et al., 2023) contains LLM- 1422

generated responses to questions from the ELI5 1423

dataset (Fan et al., 2019). LLMs generate responses 1424

based on documents retrieved by humans, models, 1425

or randomly selected. Human annotators then eval- 1426

uate each sentence in the LLM-generated responses 1427

against the corresponding document set, classifying 1428

them into supported or not supported. 1429

RAGTruth. It is a hallucination detection corpus 1430

in various tasks within the RAG setting (Wu et al., 1431

2023). It comprises naturally generated responses 1432

from diverse LLMs using RAG. These responses 1433

have undergone meticulous manual annotations at 1434

both the individual cases and word levels, incorpo- 1435

rating evaluations of hallucination intensity. 1436

Reveal. REVERL (Jacovi et al., 2024) is a bench- 1437

mark that evaluates the correctness of reasoning 1438

chains generated by LLMs in the context of open- 1439

domain question-answering. The dataset includes 1440

annotations at the sentence level, covering various 1441

aspects of response correctness. 1442

Tofu-MediaS & Tofu-MeetB. These two datasets 1443

are collected from TofuEval (Tang et al., 2024b). It 1444

is a benchmark for dialogue summarization, target- 1445

ing MediaSum (Zhu et al., 2021) and MeetingBank 1446

(Hu et al., 2023). It includes topic-focused dialogue 1447

summaries generated by 6 LLMs, with sentence- 1448

level annotations by linguists. 1449

Wice. WiCE (Kamoi et al., 2023) is a textual en- 1450

tailment dataset that consists of naturally occurring 1451

claims from Wikipedia and their cited documents. 1452

To evaluate the performance in complex reason- 1453

ing scenarios, we include the HoVer benchmark. 1454

HoVer. HoVer is an open-domain, many-hop hallu- 1455

cination detection dataset built upon the Wikipedia 1456

corpus. In HoVer, the claims require evidence to be 1457

extracted from as many as four English Wikipedia 1458

articles and embody reasoning graphs of diverse 1459

shapes. Most of the 3/4-hop claims are written in 1460

multiple sentences, which adds to the complexity 1461

of understanding long-range dependency relations 1462

such as coreference. 1463

C Baseline Details 1464

In our work, we compare several baselines, includ- 1465

ing both advanced LLMs and specialized detection 1466
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models. In this part, we will detail the version of1467

these models used and the technical details.1468

AlignScore. It is an entailment-based model that1469

has been trained on 4.7M data from a wide range1470

of tasks such as NLI, QA, fact verification, and1471

summarization. We use the strongest, largest, and1472

released model trained based on RoBERTa-Large1473

(Liu et al., 2019) in our experiments1. Meanwhile,1474

we set the prediction threshold as 0.5, then Align-1475

Score outputs a label of either 0 or 1.1476

MiniCheck. MiniCheck proposes a data synthesis1477

pipeline to automatically get training samples that1478

reflect the complexity of LLM faithfulness hallu-1479

cination detection. MiniCheck introduces Claim1480

to Doc (C2D) and Doc to Claim (D2C) generation1481

technologies to generate synthetic documents that1482

require models to be able to check multiple facts1483

in the claim against multiple sentences each, and1484

to generate claims and pair them with portions of1485

these human-written documents, resulting in C2D1486

and D2C sets. Combined with the ANLI training1487

subset, MiniCheck-FT5 can outperform all systems1488

of comparable size and reach GPT-4 performance.1489

The authors further train a 7B-level SOTA model1490

MiniCheck-7B2 on 35K private data synthesized1491

from Llama-3.1-405B-Inst based on the proposed1492

C2D and D2C technologies. In this paper, we com-1493

pare the MiniCheck-7B in experiments.1494

FactCG. This work investigates the difference be-1495

tween state-of-the-art synthetic generated claims1496

and real LLM-generated claims. Then, FactCG1497

proposes a new synthetic data generation approach,1498

CG2C, that leverages the context graph to gen-1499

erate complex multi-hop claims without relying1500

on LLMs to decide data labels, resulting in the1501

CG2C-MHQA and CG2C-Doc sets. Then the au-1502

thors use the same ANLI subset, C2D set, D2C1503

set directly from MiniCheck, along with proposed1504

CG2C-MHQA and CG2C-Doc sets (totaling 52K1505

data) to train FactCG-DBT based on DeBERTa-1506

v3-Large (He et al., 2020). FactCG-DBT3 lever-1507

ages this generated data to achieve state-of-the-art1508

performance compared with models of similar pa-1509

rameter size and even outperforms GPT-4-o, which1510

is used to construct the CG2C dataset. We com-1511

pare FactCG-DBT in our paper, as it is the only1512

released version of FactCG. Also, we set the pre-1513

1https://huggingface.co/yzha/AlignScore
2https://huggingface.co/bespokelabs/Bespoke-

MiniCheck-7B
3https://huggingface.co/yaxili96/FactCG-DeBERTa-v3-

Large

diction threshold as 0.5 for each task. 1514

ClearCheck. Seo et al. (2025) found that a small 1515

fine-tuned model underperforms larger models by 1516

a huge margin, particularly for instances requiring 1517

complex reasoning (e.g., HoVer dataset). Then the 1518

authors introduce a simple method to build syn- 1519

thetic multi-hop detection data based on Wikipedia 1520

and Llama-3.1-405B-Inst, and experiments show 1521

that fine-tuning the model on this data largely im- 1522

proves its performance on examples from the Hover 1523

dataset. ClearCheck again uses Llama-3.1-405B- 1524

Inst to generate direct answers for the given docu- 1525

ments and claims, and then CoT reasoning traces 1526

on 57K ANLI examples and 25.2K private syn- 1527

thetic multi-hop data as training data. ClearCheck 1528

fine-tunes the Llama-3.1-8B-Inst with multi-task 1529

training, enabling the model can provide direct an- 1530

swers or engage in CoT reasoning before answer- 1531

ing. We use the released model of ClearCheck-8B4 1532

to conduct our experiments. Seo et al. (2025) point 1533

out that using CoT or providing direct answers does 1534

not give different evaluation results; however, CoT 1535

makes the verifier output legible to humans so that 1536

possible errors can be detected. Thus, we report 1537

the results from ClearCheck with CoT and use the 1538

corresponding CoT as the explanation to measure 1539

the explainability and trustworthiness. 1540

Here, we list the API versions of the advanced 1541

LLMs we used as baselines, including gpt-4o-2024- 1542

08-06 for GPT-4o, o1-2024-12-17 for o1, gpt-4.1- 1543

2025-04-14 for GPT-4.1, o3-2025-04-16 for o3, 1544

o3-mini-2025-01-31 for o3-mini, deepseek-chat 1545

for DeepSeek-V3.2-Non-Think, deepseek-reasoner 1546

for DeepSeek-V3.2-Think, and claude-3-7-sonnet- 1547

20250219 for Claude-3.7-Sonnet. 1548

D Implementation Details 1549

Hyperparameters and Devices. For the designed 1550

data synthesis stage, we use DeepSeek-V3.2-Think 1551

to prepare the training data with explanations and 1552

set the temperature to 1.0, as it can offer the gener- 1553

ated CoTs used for the SFT stage. For our data fil- 1554

tering stage, we set the number of clusters K as 10, 1555

which is used in data diversity filtering according to 1556

Eq.(9). Also, we use the embedding model Llama- 1557

Embed-Nemotron-8B (Babakhin et al., 2025) to get 1558

the clusters, which is based on the Llama-3.1-8B 1559

model. Meanwhile, we report the data remaining 1560

after applying the filtering strategy shown in Table 1561

8. Specifically, we sequentially perform Label Cor- 1562

4https://huggingface.co/just1nseo/ClearCheck-8B
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Model # Data

Initial Whole Data (i.e., - w/o. Data Filtering) 52,268
Initial SFT Data (i.e., - w/o. Data Filtering) 35,554
Initial Data For RL 16,714
Filtered Data from whole Data Filtering 23,625
Filtered Data from Label Correctness Filtering 14,258
Filtered Data from Explanation Quality Filtering 4,363
Filtered Data from Data Diversity Filtering 5,004
Final Data For SFT 11,929
Final Data For RL 16,714
FaithLens 28,643

Table 8: The Number of The Used Data. We list the
number of filtered data by our proposed filtering strategy
and the used data for training FaithLens.

rectness Filtering, Explanation Quality Filtering,1563

and Data Diversity Filtering, resulting in the final1564

filtered numbers. This is because by first apply-1565

ing Label Correctness Filtering, a large number of1566

useless samples can be removed, eliminating the1567

need to compute the metrics for explanation qual-1568

ity and data diversity on all samples. Meanwhile,1569

we only apply the filtering strategy during the SFT1570

stage, as the RL data we selected consists of veri-1571

fied, high-quality, and more challenging samples1572

by Lei et al. (2025). For SFT training, we use the1573

Adam optimizer (Kingma and Ba, 2017) to train1574

our model, with a 1 ˆ 10´5 learning rate with a1575

weight decay of 0.1, and a batch size of 16, steering1576

the training across 3 epochs. We conduct our SFT1577

stage with DeepSpeed+ZeRO3 and BF16. For RL1578

training, the learning rate is set to 1 ˆ 10´6 for the1579

actor. We use a group size G of 7, and the rollout1580

temperature is set to 0.6, which is the same as the1581

temperature during the evaluation stage. Also, for1582

the novice-level model used to compute the expla-1583

nation quality reward, we set the temperature to1584

0.6. The mini-batch size is set to 16, a total of 1121585

across 7 GPUs for 2 epochs, the KL-divergence1586

loss coefficient β is set to 0.001, and ϵ is set to 0.2.1587

The gamma-decay factor α is set to 0.2. To enforce1588

the desired output format, we assign a format re-1589

ward on the whole generated response to evaluate1590

whether it contains the proper three types of XML1591

tags, as shown in Figure 4. Our experiments are1592

conducted on NVIDIA A800 SXM4 80G GPUs.1593

Evaluation. During the evaluation for baselines,1594

we infer them twice to report the final results, e.g.,1595

AlignScore, or directly use the results from Seo1596

et al. (2025). Meanwhile, for FaithLens, we also1597

infer our model twice to obtain stable results.1598

Prompt Templates. We use the same prompt tem-1599

plate as shown in Figure 4 for training and evalu-1600

ation of FaithLens. For data synthesis, we use the1601

prompt shown in Figure 5 to query the DeepSeek- 1602

V3.2-Think. For data filtering, we use the prompt 1603

shown in Figure 6 to evaluate the explanation qual- 1604

ity, and utilize the prompt in Figure 7 to evaluate 1605

whether a tested sample can help diverse samples 1606

towards correct labels in the data diversity filtering. 1607

When computing the explanation quality reward, 1608

we use the prompt template shown in Figure 8 to 1609

assess whether a generated explanation can help a 1610

novice model correctly predict the correct answer. 1611

E Explainability Results Details 1612

To assess explanation quality, we use GPT-4.1 as 1613

an automatic judge. All judgments reported in 1614

§ 4.2 are obtained by querying the GPT-4.1 API 1615

(version gpt-4.1-2025-04-14) with default parame- 1616

ters and asking it to score each explanation along 1617

the three dimensions described in the main paper 1618

(readability, helpfulness, and informativeness). The 1619

exact prompt template we used to query GPT-4.1 1620

for scoring is provided in Figure 9. We report the 1621

percentage as the final results. For baselines that 1622

by default only produce a binary prediction (i.e., 1623

no explanation), including API-based LLMs and 1624

Llama-3.1-Inst-series, we modify the prompt used 1625

in Seo et al. (2025) so that the models are asked 1626

to produce both the explanation and the final bi- 1627

nary decision. The modified prompt is shown in 1628

Figure 10. We note that requiring an explanation 1629

before the final answer has little to no effect on 1630

the numeric prediction outcome, as shown in Ta- 1631

ble 1 and Table 13 while making the output legible 1632

for downstream explainability evaluation. At the 1633

same time, we also investigate whether there is any 1634

bias in our use of LLM-as-a-judge. Therefore, we 1635

conduct additional experiments using a different 1636

LLM as the judge. Specifically, we used GPT-5- 1637

mini API (gpt-5-mini-2025-08-07) as the judge. 1638

As shown in Table 10, we can observe that help- 1639

fulness and informativeness scores remain stable, 1640

while the readability scores fluctuate, especially 1641

for GPT-4.1. This indicates that when a model 1642

is used to evaluate its own outputs, it tends to as- 1643

sign higher scores for readability. Regardless of 1644

the LLMs used for scoring, our model consistently 1645

achieves improvements and maintains advanced 1646

performance compared with API-based LLMs. We 1647

also conduct the human evaluation in Appendix 1648

H to demonstrate the effectiveness. By combin- 1649

ing both automatic and human evaluation results, 1650

we can find that the explanations from FaithLens 1651
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Model Agg-
CNN

Agg-
XSum

Claim
Verify

Expert
QA

FC-
GPT LfQA RAG

Truth Reveal Tofu-
MediaS

Tofu-
MeetB Wice HoVer Overall

Std (σ) Ó Avg (µ) Ò

Ablation Study
Llama-3.1-8B-Inst 43.1 48.6 63.6 49.8 69.8 46.1 52 78.2 50.8 62.3 48.2 63.6 10.9 56.3
Direct SFT on 52K Data 72.2 70.1 77.6 76.8 85.9 87.2 80.4 90.9 78.5 75.3 78.1 76.2 6.1 79.1
FaithLens 84.9 79.0 89.4 79.6 92.4 92.1 86.8 92.2 85.1 87.2 85.6 82.9 4.6 86.4
- w/o. Cold-start SFT Stage 82.9 73.9 85.8 78.3 89.1 88.8 85.3 93.3 75.3 84.7 83.3 80.3 5.7 83.4
- w/o. Data Filtering 78.2 72.5 86.9 73.5 87.9 87.7 82.7 90.9 70.9 79.2 85.3 78.6 6.7 81.2
- w/o. Label Correctness Filtering 77.7 82.4 86.0 79.0 92.4 84.1 84.5 93.2 75.9 81.0 84.4 81.2 5.3 83.5
- w/o. Explanation Quality Filtering 84.9 83.4 84.7 76.8 92.4 87.6 85.5 94.4 82.4 88.4 87.8 81.6 4.8 85.8
- w/o. Data Diversity Filtering 82.1 74.7 87.1 79.4 94.6 92.1 91.3 91.1 76.4 85.5 84.4 81.8 6.4 85.0
- w/o. Rule-bsaed RL Stage 78.1 78.0 87.2 79.2 87.0 89.7 82.9 94.4 74.1 79.8 84.4 76.9 6.0 82.6
- w/o. Explanation Quality Reward 84.9 83.1 87.1 76.3 89.1 93.2 90.2 92.1 80.4 82.1 87.8 82.1 5.1 85.7

Claim Decontextualization Study
GPT-4o 62.3 74.9 78.3 68.6 85.9 75.0 82.0 86.7 71.6 76.7 77.6 73.8 6.9 76.1
o1 68.1 76.6 77.1 71.8 85.0 76.2 78.8 86.3 65.8 76.3 76.6 79.9 6.0 76.5
GPT-4.1 74.1 73.6 81.6 80.3 91.3 81.1 89.1 93.2 75.9 86.3 86.4 82.6 6.5 83.0
o3 67.6 77.3 83.2 79.2 86.9 87.6 80.6 92.1 83.2 82.7 82.1 81.3 6.0 82.0
AlignScore 45.3 67.2 79.8 75.6 83.7 86.7 82.5 91.1 75.9 77.2 67.1 72.4 11.9 75.4
FactCG 76.4 68.6 76.2 75.7 89.0 85.6 78.3 89.7 79.0 71.4 72.5 73.2 6.8 78.0
MiniCheck 70.0 72.7 85.6 72.9 86.8 88.9 86.9 91.0 74.3 77.8 85.6 74.9 7.5 80.6
ClearCheck 72.8 78.6 85.4 72.7 87.9 87.2 83.8 86.7 67.8 75.8 81.8 80.3 6.6 80.1
FaithLens 84.9 79.0 89.4 79.6 92.4 92.1 86.8 92.2 85.1 87.2 85.6 82.9 4.6 86.4

Claim Decomposition Study
GPT-4o 63.6 75.8 78.2 68.6 85.9 75.1 82.0 86.7 72.6 77.8 78.3 74.1 6.6 76.6
o1 69.2 78.3 77.2 72.3 85.0 76.3 79.6 85.6 66.8 76.9 79.0 80.2 5.6 77.2
GPT-4.1 75.3 74.2 82.0 81.0 91.3 81.5 89.1 93.3 75.9 86.2 86.6 82.8 6.2 83.3
o3 68.9 79.1 82.2 79.6 86.9 87.7 81.7 92.2 82.9 84.6 82.9 81.4 5.7 82.5
AlignScore 47.2 69.2 80.1 75.9 83.7 86.7 84.3 92.2 75.4 76.7 68.1 74.2 11.5 76.1
FactCG 78.2 69.2 76.3 76.1 89.0 87.3 78.3 91.1 79.6 71.9 72.5 73.6 7.1 78.6
MiniCheck 72.0 74.3 86.2 71.6 86.8 88.8 87.1 90.9 74.6 77.0 85.6 74.5 7.3 80.8
ClearCheck 73.5 78.8 86.2 73.3 87.9 87.3 83.8 85.6 68.3 75.3 82.0 80.4 6.4 80.2
FaithLens 85.3 79.5 89.6 80.0 92.4 92.1 86.9 92.0 85.2 87.4 85.6 82.9 4.4 86.6

Generalization Study
Llama-3.1-8B-Inst 43.1 48.6 63.6 49.8 69.8 46.1 52.0 78.2 50.8 62.3 48.2 63.6 10.9 56.3
Llama-3.1-70B-Inst 56.3 62.8 68.3 62.7 81.9 64.0 72.9 81.8 62.0 78.3 71.4 79.0 8.7 70.1
Llama-3.1-405B-Inst 65.5 71.6 80.7 68.8 82.0 76.3 80.7 84.0 67.3 78.8 72.5 81.6 6.4 75.8
FaithLens-8B 84.9 79.0 89.4 79.6 92.4 92.1 86.8 92.2 85.1 87.2 85.6 82.9 4.6 86.4
Qwen-2.5-3B-Inst 55.2 67.9 78.0 80.1 78.1 78.3 67.0 90.0 65.3 79.5 70.0 70.6 9.1 73.3
Qwen-2.5-7B-Inst 52.0 63.6 78.4 80.7 85.8 79.5 68.0 92.1 62.3 70.1 82.1 72.0 11.3 73.9
Qwen-2.5-32B-Inst 53.8 65.0 76.8 66.1 83.0 71.5 75.0 82.9 69.6 77.8 81.9 74.1 8.6 73.1
FaithLens-3B 82.3 78.3 91.1 77.6 90.2 80.6 85.3 91.1 80.2 83.2 80.3 80.6 4.9 83.4
FaithLens-7B 83.6 79.3 87.6 78.3 91.3 82.1 87.1 92.1 84.2 85.2 84.3 83.1 4.2 84.9

Table 9: Detailed Effectiveness Results for Ablation Study, Claim Study, and Generalization Study. We report
experimental results on 12 various datasets from LLM-AggreFact and HoVer benchmarks.

can even surpass GPT-4o, especially in terms of1652

helpfulness and informativeness.1653

F Ablation Study Details1654

We further provide the full results corresponding1655

to the ablation study summarized in Table 5 of the1656

main paper. The complete results are reported in1657

Table 9 and Table 10. Meanwhile, we find that1658

directly applying SFT on Llama-3.1-8B-Inst with1659

all the data from FactCG (Lei et al., 2025) does1660

not greatly improve performance, indicating that1661

simple scaling does not substantially enhance the1662

capabilities of hallucination detection models. It1663

demonstrates the necessity of introducing a specifi-1664

cally designed method to train the detection model.1665

G Claim Decontextualization and Claim1666

Decomposition Study Details1667

Claim Decontextualization. During the faithful-1668

ness hallucination detection, phenomena like coref-1669

erence and ellipsis may make sentences difficult 1670

to ground out of context. Previous methods (Choi 1671

et al., 2021; Tang et al., 2024a) attempt to address 1672

this with an explicit decontextualization step. We 1673

prompt GPT-4.1 API (version gpt-4.1-2025-04-14) 1674

for decontextualization as shown in Figure 11, us- 1675

ing the previous claims as context to expand the 1676

claim following Tang et al. (2024a). More detailed 1677

results can be found in Table 9. 1678

Claim Decomposition. We also experiment with 1679

a setting using claim decomposition. In this set- 1680

ting, we decompose each claim c into atomic facts 1681

raf1, af2, ..., afks with the prompt from Kamoi 1682

et al. (2023); Tang et al. (2024a) and use the detec- 1683

tion model to predict the label for each document- 1684

facts pair. If all atomic facts are supported by the 1685

document, then the claim is supported, and unsup- 1686

ported otherwise. There are typically 2-4 atomic 1687

facts per claim across datasets. We prompt GPT-4.1 1688

API (version gpt-4.1-2025-04-14) for decomposi- 1689

tion as shown in Figure 12. As shown in our ex- 1690
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Model Read. Help. Info. Avg

Using GPT-5-mini as a Judge
GPT-4o 90.2 84.6 72.5 82.4
o1 89.2 80.9 75.6 81.9
DeepSeek-V3.2-Non-Think 90.6 90.5 85.1 88.7
DeepSeek-V3.2-Think 91.2 93.1 84.1 89.5
Claude-3.7-Sonnet 90.7 93.8 83.5 89.3
Llama-3.1-405B-Inst 88.6 78.3 81.6 82.8
GPT-4.1 95.3 94.6 82.8 90.9
o3-mini 91.8 88.3 70.8 83.6
o3 93.2 96.9 85.5 91.9
ClearCheck 83.2 78.6 68.2 76.7
CoT from FaithLens 79.2 75.3 67.6 74.0
FaithLens 91.9 93.7 85.6 90.4
∆ Compared to Llama-3.1-8B-Inst. +18.7 +23.5 +18.0 +20.1

Ablation Study
Llama-3.1-8B-Inst 75.3 72.3 68.2 71.9
Direct SFT on 52K Data N/A N/A N/A N/A
FaithLens 92.4 93.4 85.4 90.4
- w/o. Cold-start SFT Stage 90.2 90.2 83.8 88.1
- w/o. Data Filtering 85.2 82.8 78.9 82.3
- w/o. Label Correctness Filtering 88.3 88.2 81.6 86.0
- w/o. Explanation Quality Filtering 85.5 84.3 80.3 83.4
- w/o. Data Diversity Filtering 91.7 91.7 84.5 89.3
- w/o. Rule-bsaed RL Stage 87.8 84.2 79.5 83.8
- w/o. Explanation Quality Reward 88.5 85.6 80.1 84.7

Generalization Study
Llama-3.1-8B-Inst 75.3 72.3 68.2 71.9
Llama-3.1-70B-Inst 90.8 78.6 81.2 83.5
Llama-3.1-405B-Inst 90.6 79.6 81.0 83.7
FaithLens-8B 92.4 93.4 85.4 90.4
Qwen-2.5-3B-Inst 86.7 78.6 72.6 79.3
Qwen-2.5-7B-Inst 88.6 80.2 76.4 81.7
Qwen-2.5-32B-Inst 90.4 81.6 80.6 84.2
FaithLens-3B 90.6 91.6 82.6 88.3
FaithLens-7B 93.5 92.6 84.8 90.3

Table 10: Detailed Explainability Results for Using
GPT-5-mini as a Judge, Ablation Study and General-
ization Study. We evaluate the generated explanations
from three dimensions, including readability (Read.),
helpfulness (Help.), and informativeness (Info.). We use
GPT-4.1 as a judge for Ablation Study and Generaliza-
tion Study. N/A means that the trained model cannot
provide the corresponding explanations.

periments, using claim decomposition can improve1691

the final results to a certain extent. However, this1692

approach increases the inference time and costs1693

by a factor of 2-4 for different datasets, depending1694

on the average number of atomic facts per claim.1695

We believe it should not be used until it provides a1696

significant accuracy benefit. More detailed results1697

about claim decomposition are shown in Table 9.1698

H Human Evaluation Details1699

Evaluating free-form content from LLMs remains1700

challenging. Thus, we conduct a pairwise human1701

evaluation on the 120 samples from 12 different1702

datasets used in our evaluation. We assess these1703

samples across three dimensions: readability, help-1704

fulness, and informativeness. For each comparison,1705

three options are given (FaithLens Wins, Tie, and1706

GPT-4o Wins), and the majority voting determines1707

the final result. The participants follow the princi-1708

ples in Figure 13 to make the decision. We invite1709

three participants pursuing bachelor’s or master’s1710

degrees to compare the explanations generated by1711

Model Read. Help. Info. Avg

Study 1
FaithLens (K=10) 92.4 93.4 85.4 90.4
- w. Setting K as 6 93.1 91.6 84.6 89.8
- w. Setting K as 14 91.5 92.3 84.4 89.4
- w. Setting K as 20 92.2 91.7 85.1 89.7

Study 2
FaithLens (- w. Llama-Embed-Nemotron-8B) 92.4 93.4 85.4 90.4
- w. Linq-Embed-Mistral-7B 92.1 92.8 84.2 89.7
- w. Gemini-Embedding-001 92.2 92.6 85.1 90.0

Study 3
FaithLens (- w. Using Llama-3.1-8B-Inst) 92.4 93.4 85.4 90.4
- w. Using Qwen-2.5-7B-Inst 90.6 90.7 83.9 88.4
- w. Using DeepSeek-V3.2-Think 89.2 88.3 82.1 86.5

Question 1
- w. Using both CoTs and Explanations for SFT 87.8 84.2 79.5 83.8
- w. Using only the Explanations for SFT 85.3 82.1 78.3 81.9
- w. Using only the CoTs for SFT 81.0 75.8 68.2 75.0

Question 2
FaithLens ( - w. Using Correctness as Metrics) 92.4 93.4 85.4 90.4
- w. Using PPL as Metrics 90.8 91.7 82.2 88.2

Table 11: Detailed Explainability Results for Param-
eter Study and Variant Methods Testing. We use
GPT-4.1 to evaluate the generated explanations from
three dimensions, including readability (Read.), helpful-
ness (Help.), and informativeness (Info.).

the models. Before participants begin to make judg- 1712

ments, we describe the principles of our design in 1713

detail and ensure that each participant correctly un- 1714

derstands the principles. If the final result cannot 1715

be determined by majority voting, we will hold a 1716

discussion among the participants and vote on the 1717

result again. We compare two models during the 1718

evaluation, including FaithLens as our method and 1719

GPT-4o as the advanced model. 1720

I Generalization Study Details 1721

We explore the impact of different model back- 1722

bones shown in § 4.3. We also report the detailed 1723

results in Table 9 and Table 10. Meanwhile, to get 1724

the generated explanations from the initial models, 1725

e.g., Llama-3.1-8B-Inst and Qwen-2.5-7B-Inst, we 1726

use the same prompt as detailed in Appendix E. 1727

J Parameter Study 1728

In this section, we further conduct a parameter 1729

study to evaluate the effectiveness of our designed 1730

modules and gain a better understanding of them. 1731

Study 1: The Impact of Different Numbers of 1732

Clusters in Data Diversity Filtering. As the only 1733

hyperparameter introduced in our proposed method, 1734

we further conduct tests on the hyperparameter K 1735

introduced in the data diversity filtering stage. As 1736

shown in Table 11 and Table 12, our designed data 1737

diversity filtering is robust to the hyperparameter 1738

K. Meanwhile, increasing the number of clusters 1739

may introduce additional computing time used for 1740
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Model Agg-
CNN

Agg-
XSum

Claim
Verify

Expert
QA

FC-
GPT LfQA RAG

Truth Reveal Tofu-
MediaS

Tofu-
MeetB Wice HoVer Overall

Std (σ) Ó Avg (µ) Ò

Study 1
FaithLens (K=10) 84.9 79.0 89.4 79.6 92.4 92.1 86.8 92.2 85.1 87.2 85.6 82.9 4.6 86.4
- w. Setting K as 6 84.3 79.1 88.2 78.3 90.2 91.1 86.0 92.2 84.5 86.2 84.4 82.6 4.4 85.6
- w. Setting K as 14 84.9 79.0 89.1 79.0 91.3 92.1 85.3 91.1 84.0 87.2 86.3 83.1 4.4 86.0
- w. Setting K as 20 85.2 78.6 88.2 80.1 90.2 92.0 85.3 90.7 85.5 88.2 86.3 82.8 4.1 86.1

Study 2
FaithLens (- w. Llama-Embed-Nemotron-8B) 84.9 79.0 89.4 79.6 92.4 92.1 86.8 92.2 85.1 87.2 85.6 82.9 4.6 86.4
- w. Linq-Embed-Mistral-7B 84.5 79.3 88.2 78.1 91.3 92.2 86.0 92.1 85.1 87.0 85.4 82.6 4.6 86.0
- w. Gemini-Embedding-001 84.5 78.6 88.8 79.8 92.4 91.1 85.3 88.9 84.2 88.1 84.2 81.9 4.3 85.7

Study 3
FaithLens (- w. Using Llama-3.1-8B-Inst) 84.9 79.0 89.4 79.6 92.4 92.1 86.8 92.2 85.1 87.2 85.6 82.9 4.6 86.4
- w. Using Qwen-2.5-7B-Inst 84.6 79.5 88.2 78.3 90.1 93.2 91.1 90.4 78.6 81.2 86.7 81.3 5.4 85.3
- w. Using DeepSeek-V3.2-Think 84.9 82.7 87.1 82.6 90.2 89.6 87.1 92.1 79.3 84.3 88.3 82.3 3.8 85.9

Question 1
- w. Using both the CoTs and Explanations for SFT 78.1 78.0 87.2 79.2 87.0 89.7 82.9 94.4 74.1 79.8 84.4 76.9 6.0 82.6
- w. Using only the Explanations for SFT 59.9 71.0 79.8 77.9 85.7 85.1 69.1 94.4 69.4 75.0 75.4 66.8 9.5 75.8
- w. Using only the CoTs for SFT 77.3 74.1 83.5 78.7 86.9 89.8 80.6 92.2 72.4 78.3 83.3 76.8 6.1 81.2

Question 2
FaithLens ( - w. Using Correctness as Metrics) 78.1 78.0 87.2 79.2 87.0 89.7 82.9 94.4 74.1 79.8 84.4 76.9 6.0 82.6
- w. Using PPL as Metrics 77.6 78.0 84.9 77.9 86.9 91.1 83.4 91.1 83.2 88.6 84.4 80.1 4.9 83.9

Table 12: Detailed Effectiveness Results for Parameter Study and Variant Methods Testing. We report
experimental results on 12 various datasets from LLM-AggreFact and HoVer benchmarks.

calculating the perplexity score, and does not sig-1741

nificantly improve the performance.1742

Study 2: The Impact of Different Embedding1743

Models in the Data Diversity Filtering. We fur-1744

ther explore the impact of different embedding1745

models used in data diversity filtering. We com-1746

pare Llama-Embed-Nemotron-8B (Babakhin et al.,1747

2025), Linq-Embed-Mistral-7B (Choi et al., 2024),1748

and Gemini-Embedding-0015, which are advanced1749

sentence embedding models according to MTEB1750

leaderboard (Muennighoff et al., 2023). We can1751

find that using different advanced embedding mod-1752

els achieve stable results. Therefore, we recom-1753

mend using advanced open-source embedding mod-1754

els, e.g., Llama-Embed-Nemotron-8B, for imple-1755

mentation to ensure effectiveness and reduce costs.1756

Study 3: The Impact of Different Novice-level1757

Models for Explanation Quality Reward. When1758

calculating the explanation quality reward, our mo-1759

tivation is that if the generated explanation enables1760

a novice-level model to produce the correct predic-1761

tion, it indicates that the explanation is sufficiently1762

coherent and informative for conveying the rele-1763

vant evidence. Therefore, we further investigate1764

how to select the novice-level model, and what1765

would happen if an expert-level model is used to1766

compute the explanation quality reward. We first1767

explore whether the backbone of the novice-level1768

model needs to be consistent with that of the policy1769

model, that is, whether the policy model and the1770

novice-level model should be homologous models1771

(Yu et al., 2024; Si et al., 2025d). As shown in1772

Table 11 and Table 12, even though both Llama-1773

5https://ai.google.dev/gemini-api/docs/embeddings

3.1-8B-Inst and Qwen-2.5-7B-Inst perform poorly 1774

on faithfulness hallucination detection and can be 1775

considered novice-level models, we can find that 1776

using Llama-3.1-8B-Inst as the novice-level model 1777

can achieve better performance than using a heterol- 1778

ogous model, i.e., Qwen-2.5-7B-Inst. This may be 1779

due to different pre-training data, language styles, 1780

or sensitivity to instruction formats, which can re- 1781

sult in a particular model being unable to correctly 1782

predict labels based on the provided explanation. 1783

Also, by using the homologous novice-level model, 1784

we also avoid having the measurement of explana- 1785

tion quality biased by factors other than the novice- 1786

level model’s problem-solving skills, such as con- 1787

text windows. We further test using an expert-level 1788

model instead of a novice model for reward comput- 1789

ing; specifically, we use DeepSeek-V3.2-Think to 1790

perform the experiment. We find that using the 1791

expert-level model results in suboptimal perfor- 1792

mance, particularly regarding the quality of the 1793

generated explanations. This may be because the 1794

expert model can ignore the incorrect explanations 1795

provided and still predict the correct label. As a 1796

result, low-quality explanations are assigned high 1797

rewards, which in turn weakens the quality of the 1798

explanations generated by the policy model. 1799

K Variant Methods Testing 1800

In this section, we further explore the variant meth- 1801

ods in our designs to gain a better understanding of 1802

our proposed FaithLens and design choices, includ- 1803

ing both SFT and rule-based RL stages. 1804

Question 1: Can We Provide Explanations Di- 1805

rectly Instead of Presenting CoTs First? In this 1806
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work, we require FaithLens to first generate a CoT,1807

then the corresponding explanation, and finally the1808

predicted answer. In this paradigm, whether it is1809

possible to directly provide the corresponding ex-1810

planation without first generating a CoT remains1811

an open question. This is because generating a CoT1812

increases inference time, which is critical for real-1813

time hallucination detection. Therefore, in the SFT1814

stage, we remove the CoT module and retain only1815

the explanation and answer parts of the synthetic1816

data (as shown in Figure 14) to train the detection1817

model, allowing the model to directly generate the1818

corresponding explanation and the final prediction.1819

As shown in Table 11 and Table 12, removing the1820

CoT during the cold start stage greatly impairs the1821

model’s performance and results in a poorly initial-1822

ized model. This indicates that explanations alone1823

cannot serve the same role as the CoT in improving1824

faithfulness hallucination detection performance,1825

and further demonstrates that the process of first1826

generating the CoT and then the corresponding ex-1827

planation is a well-justified design choice. We also1828

provide experimental results of directly using the1829

CoTs for SFT as shown in Table 11 and Table 12.1830

The used prompt is shown in Figure 15. The ex-1831

periments show that its effectiveness performance1832

is inferior to using both CoTs and explanations for1833

SFT together. This is because our data filtering1834

strategy ensures the quality of explanations, which1835

allows these explanations to help the model achieve1836

better performance. At the same time, using only1837

CoTs for SFT results in the absence of the explana-1838

tion generation process, and the content from CoTs1839

is difficult to serve as high-quality explanations.1840

Question 2: Why Don’t We Use Perplexity as a1841

Metric for Calculating Rewards During the RL1842

Stage? During the data selection stage, especially1843

in explanation quality filtering and data diversity1844

filtering, we design these data filtering methods1845

based on calculating perplexity scores. One of1846

the main motivations is that, compared to meth-1847

ods that require the model to perform generation1848

and inference for data filtering, perplexity-based1849

approaches can significantly reduce the cost of the1850

filtering process. However, during the RL stage and1851

computing the explanation quality reward, we thor-1852

oughly assess a generated explanation by checking1853

if it can help a novice-level model correctly pre-1854

dict the ground-truth answer, rather than merely1855

judging whether the novice model succeeds in re-1856

ducing the corresponding perplexity on the final1857

predicted answers. Therefore, we further inves-1858

tigate whether this variant approach is effective. 1859

Specifically, when calculating the explanation qual- 1860

ity reward, if the generated explanation success- 1861

fully reduces the novice-level model’s perplexity 1862

on the ground-truth answer, a reward of 1 is as- 1863

signed; otherwise, the reward is 0. As shown in 1864

Table 11 and Table 12, this variant perplexity-based 1865

approach is not as effective as the method we pro- 1866

posed in the main text, i.e., using correctness as a 1867

metric for explanation quality reward. This may 1868

be because reducing perplexity is a simpler task 1869

compared to using correctness, which limits the 1870

model’s ability to explore more effective policies 1871

during the rule-based RL stage and thus prevents it 1872

from achieving better performance. 1873

L Case Study 1874

We conduct the case study for generated explana- 1875

tions from correctly predicted samples in Figure 1876

16 and Figure 17 to visually show the advantages 1877

of FaithLens compared with the advanced LLMs, 1878

including GPT-4o and o1. 1879

Case Study from LLM-AggreFact. Figure 16 1880

illustrates a hallucination detection task involving 1881

a compound claim regarding the Federal Lanham 1882

Act and the FTC Act. FaithLens first summarizes 1883

the claim and supporting documents to enhance 1884

readability, enabling users to clearly understand 1885

the input content. Subsequently, rather than simply 1886

pointing out the hallucinatory part (the Lanham 1887

Act), FaithLens compares it against other pieces 1888

of evidence detailed in the documents (such as the 1889

Truth in Lending Act, the Fair Credit Reporting 1890

Act, etc.). By explicitly pointing out that the docu- 1891

ments list several specific statutes without mention- 1892

ing the Lanham Act, FaithLens provides a rigorous, 1893

evidence-based explanation for its conclusion, us- 1894

ing the omission as strong proof and thereby sig- 1895

nificantly improving helpfulness and informative- 1896

ness. For baselines, GPT-4o provides only a gen- 1897

eral summary of the document, while o1 directly 1898

offers a brief negative judgment. GPT-4o does 1899

not explain the content of the claim, and merely 1900

describes what the document includes and notes 1901

the absence of mention of the Lanham Act, which 1902

severely undermines the readability of the explana- 1903

tion. Furthermore, the generated explanation from 1904

GPT-4o does not cite evidence from the original 1905

text, which reduces its helpfulness and informative- 1906

ness. The explanation from o1 merely states that 1907

the document does not mention the Lanham Act at 1908
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all, lacking any breakdown of the claim itself and1909

supplementary details from the document.1910

Case Study from HoVer. As shown in Figure 17,1911

the explanation from FaithLens demonstrates su-1912

perior quality compared to the ones from GPT-4o1913

and o1. First, the explanation generated by Faith-1914

Lens demonstrates better readability by restating1915

the claim at the beginning of the explanation, which1916

enhances clarity and allows readers to directly un-1917

derstand the topic under discussion. It then cites1918

evidence from the document to provide the final1919

conclusion, enhancing the clarity. Additionally,1920

FaithLens analyzes other atomic facts within the1921

claim and clearly points out that, although there is1922

a hallucination regarding 1940 in the claim, some1923

parts of the claim are correct. This prevents users1924

from misunderstanding and increases the informa-1925

tiveness and helpfulness of the generated explana-1926

tion. In this scenario, GPT-4o adopts a misleading1927

flow, beginning its explanation by validating the1928

correct definition of animation; this creates initial1929

ambiguity regarding the claim’s overall truthful-1930

ness. The o1 model provides a correct verdict but1931

lacks sufficient explanatory detail to be actionable.1932
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Model Agg-
CNN

Agg-
XSum

Claim
Verify

Expert
QA

FC-
GPT LfQA RAG

Truth Reveal Tofu-
MediaS

Tofu-
MeetB Wice HoVer Overall

Std (σ) Ó Avg (µ) Ò

Results by using the modified prompt shown in Figure 10 for baselines
GPT-4o 63.2 73.7 78.3 69.2 84.8 75.0 81.2 86.4 70.5 75.3 76.3 74.6 6.5 75.7
o1 67.3 75.6 78.3 73.2 84.8 76.5 80.1 84.3 66.7 76.5 79.2 80.8 5.7 76.9
DeepSeek-V3.2-Non-Think 63.4 66.3 78.0 78.0 89.0 70.0 81.9 91.0 69.6 84.0 71.9 74.8 8.8 76.5
DeepSeek-V3.2-Think 84.3 73.5 87.8 76.8 89.1 77.1 86.8 91.0 77.5 85.2 83.0 74.8 6.0 82.2
Claude-3.7-Sonnet 77.3 75.2 82.6 75.1 87.0 88.9 88.9 87.3 85.1 84.0 87.5 81.2 5.1 83.3
Llama-3.1-405B-Inst 67.3 72.1 81.3 65.6 80.9 77.8 82.3 86.2 65.2 80.1 73.2 81.6 7.2 76.1
Llama-3.1-8B-Inst 42.0 47.2 62.6 48.1 70.1 49.1 52.4 77.2 51.3 64.2 52.1 65.2 10.7 56.8
GPT-4.1 74.1 72.5 88.0 78.4 92.4 84.9 88.0 92.1 80.4 90.1 84.3 82.8 6.6 84.0
o3-mini 65.3 82.1 81.3 74.2 85.6 82.0 81.0 85.3 77.6 79.6 80.9 80.1 5.4 79.6
o3 68.1 80.1 82.6 80.5 87.0 88.9 78.2 92.2 83.6 84.1 83.3 81.5 6.0 82.5

Table 13: Effectiveness Results by Using the Modified Prompt Shown in Figure 10 for Baselines to Generate the
Corresponding Explanations. Combined with the results from Table 1, we cannote that requiring an explanation
before the final answer for LLM-based baselines has little to no effect on the numeric prediction outcome.

Prompt used for training and inference of FaithLens

Determine whether the provided claim is consistent with the corresponding document.
Consistency in this context implies that all information presented in the claim is substantiated by the document. If not, it
should be considered inconsistent.

- First, think step by step about whether all the information in the claim is fully supported by the document within
<think> and </think> tags.

- Then, please provide an easy-to-understand explanation for your answer within <reason> and </reason> tags.

- Finally, assess the claim’s consistency with the document by responding with either “Yes” or “No” and wrap your final
answer in <answer> and </answer> tags.

Document: [DOCUMENT]
Claim: [CLAIM]

Figure 4: Prompt used for training and inference of FaithLens.

Prompt used for data synthesis

Determine whether the provided claim is consistent with the corresponding document.
Consistency in this context implies that all information presented in the claim is substantiated by the document. If not, it
should be considered inconsistent.

- First, think step by step about whether all the information in the claim is fully supported by the document within
<think> and </think> tags.

- Then, please provide an easy-to-understand explanation for your answer within <reason> and </reason> tags.

- Finally, assess the claim’s consistency with the document by responding with either “Yes” or “No” and wrap your final
answer in <answer> and </answer> tags.

Document: [DOCUMENT]
Claim: [CLAIM]

Figure 5: Prompt used for data synthesis.

24



Prompts used for our designed explanation quality filtering

Determine whether the provided claim is consistent with the corresponding document.
Consistency in this context implies that all information presented in the claim is substantiated by the document. If not, it
should be considered inconsistent.

- First, think step by step about whether all the information in the claim is fully supported by the document within
<think> and </think> tags.

- Finally, assess the claim’s consistency with the document by responding with either “Yes” or “No” and wrap your final
answer in <answer> and </answer> tags.

Document: [DOCUMENT]
Claim: [CLAIM]

<think>[CoT]</think><answer>[Answer]</answer>

- - -

Determine whether the provided claim is consistent with the corresponding document.
Consistency in this context implies that all information presented in the claim is substantiated by the document. If not, it
should be considered inconsistent.

- First, think step by step about whether all the information in the claim is fully supported by the document within
<think> and </think> tags.

- Then, please provide an easy-to-understand explanation for your answer within <reason> and </reason> tags.

- Finally, assess the claim’s consistency with the document by responding with either “Yes” or “No” and wrap your final
answer in <answer> and </answer> tags.

Document: [DOCUMENT]
Claim: [CLAIM]

<think>[CoT]</think><reason>[Explanation]</reason><answer>[Answer]</answer>

Figure 6: Prompts used for our designed explanation quality filtering. To assess the explanation quality, we
concatenate the generated CoT (<think>) and explanation (<reason>) as the input and compute the perplexity of the
corresponding [answer]. The upper part of the prompt is used to measure the model’s perplexity for the ground-truth
label using only the document doc, claim c, and the synthetic CoT ˆcot. The lower part of the prompt reflects the
model’s confidence in generating the correct label by conditioning on the tested explanation, i.e., by concatenating
both the synthetic CoT and the corresponding explanation as inputs.
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Prompts used for our designed data diversity filtering

Determine whether the provided claim is consistent with the corresponding document.
Consistency in this context implies that all information presented in the claim is substantiated by the document. If not, it
should be considered inconsistent.

- First, think step by step about whether all the information in the claim is fully supported by the document within
<think> and </think> tags.

- Then, please provide an easy-to-understand explanation for your answer within <reason> and </reason> tags.

- Finally, assess the claim’s consistency with the document by responding with either “Yes” or “No” and wrap your final
answer in <answer> and </answer> tags.

Document: [DOCUMENT]
Claim: [CLAIM]

<think>[CoT]</think><reason>[Explanation]</reason><answer>[Answer]</answer>

- - -

Determine whether the provided claim is consistent with the corresponding document.
Consistency in this context implies that all information presented in the claim is substantiated by the document. If not, it
should be considered inconsistent.

- First, think step by step about whether all the information in the claim is fully supported by the document within
<think> and </think> tags.

- Then, please provide an easy-to-understand explanation for your answer within <reason> and </reason> tags.

- Finally, assess the claim’s consistency with the document by responding with either “Yes” or “No” and wrap your final
answer in <answer> and </answer> tags.

Document: [DOCUMENT]
Claim: [CLAIM]

Example: [Tested Sample]

<think>[CoT]</think><reason>[Explanation]</reason><answer>[Answer]</answer>

Figure 7: Prompts used for data diversity filtering. The upper part of the prompt is used to measure the model’s
perplexity for the ground-truth label based the document doc1, claim c1, the synthetic CoT ˆcot

1
and explanation

ê1. The lower part of the prompt reflects the model’s confidence in generating the correct label by incorporating
candidate sample ŝ as an in-context demonstration and recompute the perplexity.

Prompt used for computing explanation quality reward

Determine whether the provided claim is consistent with the corresponding document.
Consistency in this context implies that all information presented in the claim is substantiated by the document. If not, it
should be considered inconsistent.

- First, please refer to the provided explanation to assist you to answer the question.

- Then, please assess the claim’s consistency with the document by responding with either “Yes” or “No”. Please wrap
your final answer in <answer> and </answer>.

Document: [DOCUMENT]
Claim: [CLAIM]
Explanation: [EXPLANATION]

Figure 8: Prompt used for computing explanation quality reward.
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Prompt used for scoring the generated explanations using the LLM as a judge

You are an evaluator. Another model was tasked with assessing whether a source document supports a given claim, and
it successfully arrived at the correct determination based on the provided task instruction. The model then generated an
explanation for its conclusion. Your role is to evaluate the quality of that explanation along the specified dimensions.

### Scoring Criteria:
1. Readability (1–5): The explanation should be written in a clear and well-structured manner that enables the reader to
easily follow the reasoning behind the model’s conclusion. Beyond sentence fluency, focus on whether the explanation
presents ideas in a logical sequence, avoids ambiguity, and makes it straightforward for the user to correctly understand
why the model arrived at its prediction.
2. Helpfulness (1–5): The explanation should effectively guide the user to understand why the model arrived at its
conclusion. Focus on whether the reasoning is clear and logically connected to the claim and document, enabling the
user to act on, adapt, or reconsider the claim if needed.
3. Informativeness (1–5): The explanation should provide detailed, specific, and substantive information relevant to the
claim and document. Focus on the richness and completeness of content, such as explicit evidence cited, nuanced
reasoning, or contextual details that give a deeper understanding, even beyond what is strictly needed to justify the
conclusion.

### Output Format (JSON only):
{
“readability”: <1-5>,
“helpfulness”: <1-5>,
“informativeness”: <1-5>
}

### Task Instruction (includes the claim and document):
[Task Instruction]

### Explanation to Evaluate:
[Explanation_Text]

Figure 9: Prompt used for scoring the generated explanations using the LLM as a judge.
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Prompts used for evaluating LLM-based baselines

Instructions:
1. You have been given a STATEMENT and some DOCUMENT.
2. Determine whether the given STATEMENT is supported by the given DOCUMENT. The STATEMENT does not
need to be explicitly supported by the DOCUMENT but should be strongly implied by the DOCUMENT.
3. Before showing your answer, think step-by-step and show your specific reasoning. As part of your reasoning,
summarize the main points of the DOCUMENT.
4. If the STATEMENT is supported by the DOCUMENT, be sure to show the supporting evidence.
5. After stating your reasoning, restate the STATEMENT and then determine your final answer based on your reasoning
and the STATEMENT.
6. Your final answer should be either [Attributable] or [Not Attributable], or [Contradictory].
7. Wrap your final answer in square brackets.

DOCUMENT:
[DOCUMENT PLACEHOLDER]
STATEMENT:
[STATEMENT PLACEHOLDER]

- - -

Instructions:
1. You have been given a STATEMENT and some DOCUMENT.
2. Determine whether the given STATEMENT is supported by the given DOCUMENT. The STATEMENT does not
need to be explicitly supported by the DOCUMENT, but should be strongly implied by the DOCUMENT.
3. Before showing your explanation and answer, think step-by-step and show your chain of thought and specific
reasoning. As part of your reasoning, summarize the main points of the DOCUMENT.
4. If the STATEMENT is supported by the DOCUMENT, be sure to show the supporting evidence.
5. After stating your reasoning, restate the STATEMENT and then determine your final answer based on your reasoning
and the STATEMENT.
6. After your reasoning but before the final answer, provide a human-readable explanation (<explanation>) that clearly
and concisely justifies your conclusion, citing specific parts or descriptions from the DOCUMENT that support or
contradict the STATEMENT. This explanation should be understandable to a human reader and should not reveal the
model’s internal chain of thought.
7. Your final answer should be either [Attributable] or [Not Attributable], or [Contradictory].Wrap your final answer in
square brackets.
8. Your final output must follow the exact structure: <think>step-by-step reasoning (your internal reasoning)</think>
<reason>human-readable justification using evidence from the document</reason> <answer>[Attributable] or [Not
Attributable] or [Contradictory]</answer>

DOCUMENT:
[DOCUMENT PLACEHOLDER]
STATEMENT:
[STATEMENT PLACEHOLDER]

Figure 10: Prompts used for evaluating LLM-based baselines. The upper part of prompt is adapted from Seo et al.
(2025) and is used to evaluate the effectiveness of LLM-based baselines. The label “Attributable” is mapped to the
absence of hallucination, while the labels “Not Attributable” and “Contradictory” are mapped to the presence of
hallucination. The prompt below shows our modification to the original prompt, enabling the model to output both
an explanation and a final prediction, without affecting the model’s final prediction performance.
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Prompt used for claim decontextualization

You are provied with a context and a claim. Please first determine if the claim can stand alone whitout the conext.
If not, provide a decontextualzied version of the claim that incorporates necessary information from the context to
make it self-contained. The revision should be as minimum as possible. Please respond with a JSON format: {“label”:
“yes”/“no”, “decontext”: “NA”/decontextualized claim}.

Example 1:
Context: There are many reasons why poetry is important for children. Poetry can help children build confidence
through memorizing and reciting poems. It can also provide an easy way for children to remember a lesson or value.
Claim: It can also provide an easy way for children to remember a lesson or value.
Answer: {“label”: “no”, “decontext”: “Poetry can provide an easy way for children to remember a lesson or value.”}

Example 2: Context: Yes, ancient societies had concepts of rights. The concept of rights first appeared in the theory of
natural law which existed in the state of nature. In this state, people enjoyed certain rights sanctioned by natural law.
Claim: In this state, people enjoyed certain rights sanctioned by natural law.
Answer: {“label”: “no”, “decontext”: “In the state of nature, people enjoyed certain rights sanctioned by natural law”}

Example 3:
Context: The ancient Greeks had some concept of human rights, although there is no single word in classical Greek
that captures the sense of “rights” as it is used in modern political thought. However, Greek customs and institutions
provided protection to private property unique in the ancient world, instilling a strong sense of equality. The idea of
human rights spread quickly from Babylon to Greece and eventually Rome, where the concept of “natural law” arose.
Claim: The idea of human rights spread quickly from Babylon to Greece and eventually Rome, where the concept of
“natural law” arose.
Answer: {“label”: “yes”, “decontext”: “NA”}

Your Turn:
Context: [CONTEXT]
Claim: [CLAIM]
Answer:

Figure 11: Prompt used for claim decontextualization.
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Prompt used for claim decomposition

Segment the following sentence into individual facts:

Sentence: Other title changes included Lord Steven Regal and The Nasty Boys winning the World Television Champi-
onship and the World Tag Team Championship respectively.
Facts:
- Lord Steven Regal won the World Television Championship.
- The Nasty Boys won the World Tag Team Championship.

Sentence: 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.

Sentence: Touring began in Europe in April-June with guitarist Paul Gilbert as the opening act, followed by Australia
and New Zealand in July, Mexico and South America in late July-August, and concluding in North America in October-
November.
Facts:
- Touring began in Europe in April-June.
- The opening act of the tour was guitarist Paul Gilbert.
- The tour was in Australia and New Zealand in July.
- The tour was in Mexico and South America in late July-August.
- The tour was concluded in North America in October-November.

Sentence: In March 2018, the company partnered With Amazon Web Services (AWS) to offer Al-enabled conversational
solutions to customers in India.
Facts:
- The company partnered with Amazon Web Services (AWS) in March 2018.
- The two companies partnered to offer Al-enabled conversational solutions to customers in India.

Sentence: The most significant of these is in Germany, which now has a Yazidi community of more than 200,000 living
primarily in Hannover, Bielefeld, Celle, Bremen, Bad Oeynhausen, Pforzheim and Oldenburg.
Facts:
- The most significant of these is in Germany.
- Germany now has a Yazidi community of more than 200,000.
- Yazidi community in Germany lives primarily in Hannover, Bielefeld, Celle, Bremen, Bad Oeynhausen, Pforzheim and
Oldenburg.

Sentence: A previous six-time winner of the Nations’ Cup, Sebastian Vettel became Champion of Champions for the
first time, defeating Tom Kristensen, who made the final for the fourth time, 2-0.
Facts:
- Sebastian Vettel is a previous six-time winner of the Nations’ Cup.
- Sebastian Vettel became Champion of Champions for the first time, defeating Tom Kristensen, 2-0.
- Tom Kristensen made the final for the fourth time.

Sentence: [SENTENCE]
Facts:

Figure 12: Prompt used for claim decomposition.
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The principles of human evaluation

You are asked to evaluate the responses generated by different models. You should choose the preferred responses
according to the following perspectives independently:

1. Readability: The explanation should be written in a clear and well-structured manner that enables the reader to
easily follow the reasoning behind the model’s conclusion. Beyond sentence fluency, focus on whether the explanation
presents ideas in a logical sequence, avoids ambiguity, and makes it straightforward for the user to correctly understand
why the model arrived at its prediction.
2. Helpfulness: The explanation should effectively guide the user to understand why the model arrived at its conclusion.
Focus on whether the reasoning is clear and logically connected to the claim and document, enabling the user to act on,
adapt, or reconsider the claim if needed.
3. Informativeness: The explanation should provide detailed, specific, and substantive information relevant to the claim
and document. Focus on the richness and completeness of content, such as explicit evidence cited, nuanced reasoning,
or contextual details that give a deeper understanding, even beyond what is strictly needed to justify the conclusion.

Finally, please make a decision among the 3 opinions, including FaithLens Wins, Tie, and GPT-4o Wins.

Figure 13: The principles of human evaluation.

Prompt used for question 1 in variant methods testing

Determine whether the provided claim is consistent with the corresponding document.
Consistency in this context implies that all information presented in the claim is substantiated by the document. If not, it
should be considered inconsistent.

- First, please provide an easy-to-understand explanation for your answer within <reason> and </reason> tags.

- Finally, assess the claim’s consistency with the document by responding with either “Yes” or “No” and wrap your final
answer in <answer> and </answer> tags.

Document: [DOCUMENT]
Claim: [CLAIM]

Figure 14: Prompt used for question 1 in variant methods testing.

Prompt used for question 1 in variant methods testing

Determine whether the provided claim is consistent with the corresponding document.
Consistency in this context implies that all information presented in the claim is substantiated by the document. If not, it
should be considered inconsistent.

- First, think step by step about whether all the information in the claim is fully supported by the document within
<think> and </think> tags.

- Finally, assess the claim’s consistency with the document by responding with either “Yes” or “No” and wrap your final
answer in <answer> and </answer> tags.

Document: [DOCUMENT]
Claim: [CLAIM]

Figure 15: Prompt used for question 1 in variant methods testing.
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Case study from LLM-AggreFact

Document: {Document Content, approximately 3,500 words}
Claim: The federal Lanham Act and the FTC Act both prohibit unfair or deceptive advertising.

GPT-4o: The document details the FTC Act’s provisions against unfair or deceptive advertising practices, explaining
the requirements for truthfulness and evidence-based substantiation of claims. It highlights the importance of not
misleading consumers and presents various FTC guidelines and rules in support of this. However, it does not mention
the Lanham Act, and thus there is nocontent in the DOCUMENT that supports the claim regarding the Lanham Act’s
role in prohibiting deceptive advertising.

o1: The DOCUMENT references the FTC Act’s prohibition on unfair or deceptive advertising but does not mention the
Lanham Act at all. Consequently, there is no information confirming that the Lanham Act prohibits such advertising in
the DOCUMENT.

FaithLens (Ours): The claim states that both the federal Lanham Act and the FTC Act prohibit unfair or deceptive
advertising. The document explicitly discusses the FTC Act, which it mentions prohibits “unfair or deceptive advertising
in any medium.” This directly supports the claim regarding the FTC Act. However, the document does not mention the
Lanham Act at all. it lists other federal laws like the truth in lending act, fair credit billing act, fair credit reporting act,
equal credit opportunity act, and others, but no reference is made to the Lanham Act. Since the claim asserts that the
Lanham Act also prohibits unfair or deceptive advertising, and this information is not present in the document, the claim
is not fully substantiated. For the claim to be consistent, all information in it must be supported by the document, which
is not the case here.

Figure 16: Case study from LLM-AggreFact.

Case study from HoVer

Document: Animation is the process of making the illusion of motion and the illusion of change by means of the
rapid succession of sequential images that minimally differ from each other. The illusion—as in motion pictures in
general—is thought to rely on the phi phenomenon and beta movement, but the exact causes are still unclear. Tom and
Jerry: A Nutcracker Tale is a 2007 animated holiday themed fantasy comedy direct-to-video film starring “Tom and
Jerry” produced by Warner Bros. Animation and directed by Spike Brandt and Tony Cervone. It is loosely based on the
story “The Nutcracker and the Mouse King” by E. T. A. Hoffmann, with Jerry in the role of the Nutcracker, while Tom
played one of the King Mouse’s (who, in this version, is replaced with a cat) henchmen.
Claim: Tom and Jerry: A Nutcracker Tale, released in 1940, is an example of an Animation motion picture that makes
the illusion of motion and change by the rapid succession of sequential images that minimally differ from each other.

GPT-4o: According to the DOCUMENT, “Tom and Jerry: A Nutcracker Tale” is indeed an animated film that employs
the technique described—creating the illusion of motion through successive images that minimally differ. However, the
STATEMENT incorrectly lists its release year as 1940, whereas the DOCUMENT states it was released in 2007. The
incorrect release year makes the STATEMENT contradictory to the DOCUMENT.

o1: The DOCUMENT states that Tom and Jerry: A Nutcracker Tale is a 2007 animated film, which conflicts with the
STATEMENT’s assertion that it was released in 1940. While it is indeed an example of an animated motion picture (as
described in the DOCUMENT’s explanation of animation), the mismatch in release date renders the STATEMENT
contradictory overall.

FaithLens (Ours): The claim states that “Tom and Jerry: A Nutcracker tal” was released in 1940. However, the
document explicitly says the film is a “2007 animated holiday themed fantasy comedy.” Since the release year (2007) is
directly provided in the document, the claim’s assertion that it was released in 1940 is not supported. Additionally, the
claim calls the film an “Animation motion picture” and describes it as making motion through “rapid succession of
sequential images,” which aligns with the document’s description of animation. Since the year 1940 is incorrect based
on the document, the claim contains information not substantiated by the document.

Figure 17: Case study from HoVer.
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