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Abstract001

Hallucination detection remains a significant002
challenge for large language models. Exist-003
ing agentic applications rely on LLMs to self-004
assess the factuality of their outputs using005
single-step “LLM-as-a-judge” prompts. How-006
ever, even when equipped with ground truth007
information, current LLMs still fall short in008
detecting hallucinations, and this one-shot eval-009
uation offers neither the transparency nor the010
granularity needed to diagnose where and why011
the detection fails. To address this gap, we012
introduce PROBE (Process-based Benchmark013
for Hallucination Detection), a comprehensive014
benchmark that breaks down hallucination de-015
tection into four critical steps: claim decom-016
position, evidence finding, evidence evalua-017
tion, and hallucination localization, and eval-018
uates each step individually. PROBE con-019
sists of 12,000 test cases across three task020
types—summarization, question answering,021
and style transfer. Critically, we demonstrate022
that when hallucination detection is treated as023
a multi-step process, all models achieve consid-024
erably better performance. Through extensive025
evaluation, we show that current LLMs struggle026
chiefly with evidence finding, and that finetun-027
ing on our released training data substantially028
improves performance on this step. PROBE029
represents a significant step toward more trans-030
parent, diagnosable, and robust hallucination031
detection systems.032

1 Introduction033

In recent years, language models have made re-034

markable progress across many language modeling035

tasks, including text generation (Li et al., 2024),036

text summarization (Zhang et al., 2024), and ques-037

tion answering (Allemang and Sequeda, 2024).038

However, one of the key challenges in deploying039

LMs to perform these tasks in real-world applica-040

tions is their tendency to hallucinate facts. This041

typically entails the model generating content that042

is not grounded in factual information or provided043
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Figure 1: Comparison of hallucination detection ap-
proaches. Our proposed step-wise evaluation provides
fine-grained insights for factual hallucination detection.

context (Niu et al., 2023) – behavior that is deeply 044

rooted in the nature of LM generation: even when 045

given authoritative source documents, the model is 046

not inherently constrained to produce outputs that 047

strictly follow the facts in its input. As a result, de- 048

tecting factual hallucinations has become a critical 049

problem for ensuring the safety and trustworthiness 050

of LM-based systems. 051

In terms of factual hallucination detection, var- 052

ious agentic applications have emerged in which 053

LLMs are prompted to self-reflect or self-judge 054

their own outputs to improve factuality (Hu et al., 055

2024; Song et al., 2024; Mishra et al., 2024). In 056

these applications, the LLM is invoked as a judge 057

to identify factual inconsistencies between its gen- 058

erated content and the provided ground-truth in- 059

formation. Correspondingly, a range of evalua- 060

tion benchmarks has been developed to measure 061

LLMs’ hallucination detection capabilities at both 062

the word/span level and the sample level. For ex- 063

ample, RAGTruth (Niu et al., 2023) offers a cor- 064

pus tailored for detecting word-level hallucinations 065

in RAG settings, whereas HaluBench (Ravi et al., 066

2024) evaluates hallucination recognition at the 067
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sample level using binary labels to indicate whether068

a model’s output contains hallucinations.069

Despite growing interest in this direction, ex-070

isting approaches suffer from a fundamental lim-071

itation. Current benchmarks focus primarily on072

outcome-based evaluation, assessing only whether073

the final answer is factually correct yet providing074

no insight into why this detection process succeeds075

or fails. This limitation becomes more pronounced076

in long-context scenarios, where direct prompting077

is insufficient for reliably identifying hallucina-078

tions (Wei et al., 2024). In general, existing eval-079

uation methods treat hallucination detection as a080

monolithic task, overlooking the distinct cognitive081

capabilities required for effective fact-checking:082

the ability to decompose complex claims, find rel-083

evant evidence, evaluate evidence relevance, and084

precisely localize unsupported claims.085

Motivated by this, we introduce PROBE086

(PROcess-Based BEnchmark for Hallucination De-087

tection), a comprehensive benchmark for evaluat-088

ing hallucination detection capabilities through a089

multi-step assessment process. PROBE comprises090

12,000 test cases across three diverse task types,091

including summarization, question answering, and092

style transfer, with 118,628 annotated claims with093

detailed annotations at both claim and evidence094

levels. Our benchmark decomposes hallucination095

detection into four critical steps: (1) claim decom-096

position, evaluating the model’s ability to break097

down complex statements into verifiable atomic098

claims; (2) evidence finding, assessing whether099

models can locate truthful and relevant evidence;100

(3) evidence evaluation, measuring the capability101

to differentiate relevant from irrelevant evidence;102

and (4) hallucination localization, determining the103

exact span of hallucinated content.104

Our key contributions are:105

1. We introduce PROBE, the first large-scale106

process-based benchmark suite for fine-107

grained hallucination detection across mul-108

tiple tasks.109

2. We introduce a comprehensive evaluation110

framework that breaks down hallucination de-111

tection into four distinct capabilities, enabling112

more precise diagnosis of model strengths and113

weaknesses.114

3. We build a high-quality dataset spanning three115

categories of real-world LLM tasks, featuring116

annotated claim-evidence pairs and precise-117

annotated hallucinations.118

4. We conduct extensive experiments evaluating 119

current LLMs on each step of the process, 120

identifying evidence finding as the primary 121

performance bottleneck and establishing de- 122

tailed step-wise baselines. 123

5. We show that process-based evaluation yields 124

more actionable insights than one-shot LLM- 125

as-a-judge prompting and that step-wise su- 126

pervision enables more effective model im- 127

provement. In particular, we demonstrate that 128

finetuning on our released training data sub- 129

stantially enhances model performance on the 130

hardest steps. 131

2 Motivation 132

This paper investigates a new paradigm for eval- 133

uating the hallucination detection capabilities of 134

large language models. Specifically, our work is 135

motivated by three key observations: 136

• Granular Diagnosis Matters: Decompos- 137

ing hallucination detection into well-defined 138

stages enables fine-grained diagnosis of model 139

failures. This breakdown makes it possible to 140

pinpoint where a model goes wrong, such as 141

inaccurate claim extraction, weak evidence re- 142

trieval, or incorrect evidence evaluation, pro- 143

viding actionable insights for improving accu- 144

racy. 145

• Process Evaluation Enhances Detection Ac- 146

curacy: A decomposed hallucination detec- 147

tion process yields substantially higher detec- 148

tion accuracy than one-shot outcome-based 149

evaluation, as shown in Figure 4b. By explic- 150

itly modeling the reasoning pipeline, models 151

achieve more faithful and robust assessments 152

of factual consistency. 153

• Stronger Learning through Process Super- 154

vision: Outcome-based supervision offers 155

only a coarse and often ambiguous training 156

signal. In contrast, granular step-level anno- 157

tations supply rich process supervision that 158

guides models toward mastering each compo- 159

nent of the hallucination detection workflow, 160

leading to more effective learning and better 161

generalization. 162

3 PROBE Construction 163

The term hallucination in the context of LLMs is 164

commonly used in two distinct ways. It may refer 165

to nonfactual content, where model outputs are not 166
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STAGE 1:
Base Content
Generation

FINAL
OUTPUT:
PROBE

STAGE 3: Claim-Evidence Pair Generation
Claim

Decomposition Evidence
Finding

Evidence
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Faithful Claim

Hallucinated
Claim

SOURCE DATA:
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(3,000 articles)
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Figure 2: PROBE generation pipeline. (1) Base content generation, where responses are generated using LLMs
with natural prompts; (2) Hallucination insertion, in which three levels of hallucinations are synthetically injected
into the base content while preserving linguistic consistency; and (3) Claim-evidence pair generation, where frontier
models are leveraged to find evidence from the ground truth and vote on evidences.

grounded in real-world knowledge, or to unfaithful167

or inconsistent content, where the generated text168

fails to adhere to the provided input. PROBE fo-169

cuses on the latter setting in which an LLM must170

complete a task such as summarization, question171

answering, or style transfer based on a given pas-172

sage or reference, as in Retrieval-Augmented Gen-173

eration (RAG) (Lewis et al., 2020). Under this def-174

inition, a statement is considered unfaithful when175

it lacks support from the source material.176

Figure 2 illustrates the pipeline used to gen-177

erate and annotate our dataset, which includes178

three types of poisoned content: summaries,179

question–answer pairs, and style-transferred texts.180

Across all task types, the generation process fol-181

lows a consistent pattern involving baseline con-182

tent generation, hallucination injection, and claim-183

evidence pair generation.184

3.1 Task Definition and Content Generation185

We consider three widely used generation tasks un-186

der RAG settings: summarization, question answer-187

ing, and style transfer. We randomly sample 1,000188

articles for each task from the training split of the189

Clean Wikipedia dataset (Foly et al., 2025), result-190

ing in 3,000 source documents. For summarization,191

LLMs are prompted to produce a concise summary192

of each source document. For question answering,193

we first prompt the language model to generate a194

question about the provided text that can be an-195

swered with a small number (2-4) of concrete facts.196

The model is then asked to answer each generated197

question using only the retrieved passages corre-198

sponding to the article. For style transfer, the goal199

is to rewrite the article in a different style while200

preserving its meaning. We consider four target201

styles: blog post, lecture notes, FAQ, and textbook.202

For each article, one style is selected at random,203

and the LLM is prompted to rewrite the original204

Wikipedia text accordingly, yielding approximately 205

25% of samples in each style category. In this step, 206

as well as in the subsequent hallucination insertion 207

step, we use GPT-OSS-120B (OpenAI, 2025) for 208

generation, balancing quality with computational 209

efficiency. All prompts used to generate outputs for 210

these tasks are provided in the Appendix B. 211

3.2 Hallucination Insertion 212

To precisely control the location of hallucinations, 213

we construct unfaithful hallucinations by syntheti- 214

cally injecting poisoned semantics, i.e., statements 215

that appear plausible and factual but are in fact 216

unsupported by the source context. We define a se- 217

mantic perturbation as a subsequence that remains 218

semantically coherent within the generated answer 219

yet lacks any retrievable supporting evidence in 220

the groundedness setting, thereby constituting a 221

claim-level unfaithful hallucination. 222

PROBE comprises three blocks of samples that 223

enable evaluation for summarization, question an- 224

swering, and style transfer over Wikipedia articles. 225

Each block contains 1,000 hallucination-free base- 226

line samples and 3,000 samples with synthetically 227

injected plausible factual hallucinations of three 228

complexity levels. Complexity 1 samples contain 229

one factual hallucination, usually as a direct men- 230

tion incorporated in the otherwise accurate sum- 231

mary. Complexity 2 samples contain two factual 232

hallucinations, either as direct mentions or as fabri- 233

cated factual statements presented as supporting or 234

logically extending true claims. Complexity 3 sam- 235

ples include three factual hallucinations introduced 236

in the same manners as Complexity 1 and 2, with 237

the additional property that genuinely true state- 238

ments may be derived through logical inference 239

from the hallucinated claims. Annotations describ- 240

ing spans corresponding to hallucinated claims are 241

provided in the dataset. 242
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Task # Instance # Claims # Claims Response Length Hallucination Length

Hallucinated Truth Mean Max Mean Max % Resp.

Summarization 3,000 41,558 9,908 31,560 1,697 5,331 223 2,832 15.13%
Question Answering 3,000 12,018 5,489 6,529 167 1,305 135 562 47.42%
Style Transfer 3,000 65,052 10,216 54,836 2,060 8,437 332 1,063 16.93%

Overall 12,000 118,628 25,613 92,925 1,308 8,437 230 2,832 29.96%

Table 1: Claim-level statistics of PROBE. We report hallucinated claims (from injected segments) and truthful
claims supported by strong multi-model consensus. Here “Resp.” stands for “Response” and % Resp. denotes the
proportion of hallucination regarding the whole response.

In general, PROBE consists of three subsets243

designed to evaluate factuality in summariza-244

tion, question answering, and style transfer over245

Wikipedia articles. Each subset contains 1,000246

hallucination-free baseline samples and 3,000 sam-247

ples with synthetically injected plausible factual248

hallucinations, evenly distributed across three com-249

plexity levels.250

3.3 Claim-Evidence Pair Generation251

Claim Decomposition. To construct high-quality252

claim-evidence pairs, we first decompose each sam-253

ple into a set of atomic claims. We define a claim254

as the smallest unit of information that can be inde-255

pendently evaluated against a given context. This256

formulation follows prior work on hallucination257

and factuality evaluation, which similarly decom-258

poses model outputs into claims for fine-grained259

assessment (Min et al., 2023; Akbar et al., 2024;260

Hu et al., 2024). Each claim is associated with the261

specific text segment in the ground truth source that262

expresses it. For this step, we invoke a language263

model (Llama-3.1-70B (AI@Meta, 2024)) in paral-264

lel to perform claim decomposition. Claims orig-265

inating from synthetically injected hallucination266

segments are directly labeled as hallucinated, since267

no supporting evidence exists in the source docu-268

ment. For claims derived from baseline content, we269

then perform the following evidence finding step to270

retrieve evidence from original Wikipedia sources.271

Evidence Finding. In this step, we retrieve candi-272

date evidence spans from the original Wikipedia273

articles using four frontier LLMs, including Llama-274

3.1-70B (AI@Meta, 2024), GPT-4o-mini (Hurst275

et al., 2024), Mixtral-8×22B (Mistral.ai, 2024), and276

Claude-Sonnet-4.5 (Anthropic, 2025). We take the277

union of all retrieved evidence spans as the candi-278

date evidence set. Here we observe that LLaMA-279

3.1-70B outperforms LLaMA-3.3-70B on our task,280

which we attribute to its stronger alignment with281

explicit task instructions. In contrast, LLaMA-3.3-282

70B appears to favor broader generalization, which 283

does not translate as effectively to our instruction- 284

sensitive setting. Accordingly, we adopt LLama- 285

3.1-70B throughout this paper. 286

Evidence Evaluation. Then, each evidence candi- 287

date is independently evaluated by the same four 288

models to determine whether it supports the cor- 289

responding claim, producing a binary judgment. 290

A piece of evidence is accepted as supporting if 291

at least 3 out of 4 models agree, i.e., >=0.75 con- 292

sensus. The resulting verified evidences form the 293

claim’s supporting evidence set. Claims with one 294

or more verified evidence spans are labeled as truth 295

claims, and claims without any supporting evidence 296

are labeled as hallucinated claims. This proce- 297

dure yields an accurate and robust claim–evidence 298

dataset, with faithful claims grounded by validated 299

evidence and hallucinated claims precisely identi- 300

fied through controlled perturbation. 301

3.4 Benchmark Statistics 302

We presented detailed statistics of PROBE in Ta- 303

ble 1. Compared to existing datasets for halluci- 304

nation detection, PROBE is considerably large in 305

scale. In total, the benchmark contains 12,000 gen- 306

erated responses and 118,628 claims extracted from 307

9,000 samples across summarization, question an- 308

swering, and style transfer tasks. Specifically, 309

we focus on two claim categories: hallucinated 310

claims, which originate from synthetically injected 311

segments, and high-confidence grounded claims, 312

which are supported by evidence validated with 313

strong multi-model consensus. Overall, PROBE 314

includes 25,613 hallucinated claims (21.7%) and 315

92,925 high-confidence grounded claims (78.3%). 316

The dataset exhibits substantial diversity in re- 317

sponse length and hallucination characteristics 318

across tasks. Summarization and style transfer pro- 319

duce substantially longer responses (mean lengths 320

of 1,697 and 2,060 characters, respectively), re- 321

sulting in relatively low hallucination ratios at the 322
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response level (15.13% and 16.93%). In contrast,323

question answering responses are shorter on aver-324

age but contain a much higher proportion of hallu-325

cinated content (47.42%), reflecting the brittleness326

of factual precision in concise answers. Overall,327

hallucinated spans average 230 characters in length328

and account for 29.96% of responses, underscoring329

the necessity of fine-grained, claim-level evaluation330

rather than coarse response-level judgments.331

4 Evaluation332

4.1 Setup333

Hallucination Detection Algorithms. We eval-334

uate both direct prompting baselines and our335

proposed process-based hallucination detection336

method. For direct prompting, large language mod-337

els are instructed in a single step to identify halluci-338

nated content within a generated response. In con-339

trast, our process-based approach decomposes hal-340

lucination detection into four sub-steps, including341

claim decomposition, evidence finding, evidence342

evaluation and hallucination localization. All hallu-343

cination detection prompts are manually designed344

and applied uniformly across frontier models, in-345

cluding Llama-3.1-70B (AI@Meta, 2024), GPT-346

4o-mini (Hurst et al., 2024), Mixtral-8×22B (Mis-347

tral.ai, 2024), and Claude-Sonnet-4.5 (Anthropic,348

2025). Detailed prompt templates and implementa-349

tion details are provided in the Appendix.350

Data Split. All detection algorithms are evaluated351

on the same evaluation set of PROBE. This eval-352

uation set is constructed by randomly sampling353

100 instances from each task type: summariza-354

tion, question answering, and style transfer. The355

remaining data is used exclusively for fine-tuning356

language models to enhance its capability in evi-357

dence finding and evidence evaluation, ensuring no358

overlap between training and evaluation samples.359

Evaluation Metrics. Unlike prior work that evalu-360

ates hallucination detection at the response level or361

word level, we adopt a fine-grained claim-wise eval-362

uation protocol. Specifically, we compute claim-363

level matching between the predicted hallucination364

claims and the ground-truth annotated hallucina-365

tion claims. Based on this overlap, we report pre-366

cision, recall, and F1 score at the character level,367

which more accurately reflects a model’s ability368

to localize hallucinated content within long and369

complex responses. Unlike prior work that evalu-370

ates hallucination detection at the response or word371

level, we adopt a fine-grained, claim-wise evalu-372

85%

90%
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100%

Precision Recall F1 Precision Recall F1 Precision Recall F1

Summarization QA Style Transfer

Llama-3.1-70B GPT-4o-mini Mixtral-8x22B Claude-Sonnet-4.5

Figure 3: The claim decomposition performance of
LLMs on PROBE. Frontier LLMs perform strongly on
this task, achieving high recall and laying a solid foun-
dation for step-wise evaluation.

ation protocol. Specifically, we match predicted 373

hallucinated claims against ground-truth annotated 374

hallucination claims at the claim level. Based on 375

the resulting matchs, we compute precision, recall, 376

and F1, which more accurately measure a model’s 377

ability to localize hallucinated content within long 378

and complex responses. 379

4.2 Step-Wise Results of PROBE 380

Claim Decomposition. The first step in our eval- 381

uation pipeline assesses the quality of claim de- 382

composition, which determines whether a model 383

can correctly identify the set of claims present in a 384

generated response. We directly prompt the LLMs 385

to decompose each response into a set of atomic 386

claims. The extracted claims are then matched 387

against ground-truth claims annotated in PROBE. 388

As shown in Figure 3, both precision and recall 389

are consistently high across tasks, especifically for 390

the recall (consistently > 95%). This indicates that 391

modern LLMs are effective at identifying atomic 392

claims in generated text, and that claim decomposi- 393

tion itself is a relatively easy subtask compared to 394

later stages such as evidence finding and evaluation. 395

The strong performance on claim decomposition 396

thus provides a reliable foundation for downstream 397

steps in the process-based evaluation pipeline, en- 398

abling more meaningful analysis of evidence find- 399

ing and evaluation capabilities. 400

Evidence Finding. The second evaluation stage 401

examines the ability of LLMs to find supporting 402

evidences for a given claim. For each claim that is 403

correctly matched in the claim decomposition step, 404

the model is prompted to identify evidences from 405

the ground-truth Wikipedia article. We evaluate 406

evidence finding using two complementary met- 407

rics. Partial Match measures whether the model 408

retrieves at least one correct supporting evidence 409

span for a claim, while Complete Match requires 410

the model to retrieve all annotated supporting evi- 411

dences associated with that claim. 412

As shown in Table 2, frontier models achieve 413
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Table 2: The evidence finding (EF) and evidence evaluation (EE) accuracy of LLMs on PROBE. “Partial” denotes
retrieving at least one correct supporting evidence, while “Complete” denotes retrieving all required supporting
evidence. SFT Llama-3.1-8B refers to the fine-tuned Llama-3.1-8B model. Overall, current frontier LLMs exhibit
sub-optimal performance on both EF and EE, whereas the fine-tuned model consistently performs better.

Models Partial Evidence Finding Complete Evidence Finding Evidence Evaluation

Summarization QA Style Transfer Summarization QA Style Transfer Summarization QA Style Transfer
Llama-3.1-70B 82.7 88.6 82.9 69.2 49.7 69.0 77.5 72.3 81.9
GPT-4o-mini 78.7 80.1 79.2 64.2 41.6 66.5 79.9 70.6 79.2
Mixtral-8x22B 77.0 82.0 77.9 63.4 43.5 66.0 80.3 71.6 77.9
Claude-Sonnet-4.5 81.6 86.4 81.6 68.1 49.1 69.1 81.6 69.8 81.6
SFT Llama-3.1-8B 83.2 87.4 84.1 70.3 55.1 71.4 82.9 80.7 83.1

relatively high partial match scores (about 80%),414

indicating that LLMs are often able to locate at least415

one relevant evidence. However, complete match416

performance remains substantially lower, even be-417

low 50% for QA task, revealing a significant gap418

in the LLM’s ability to comprehensively retrieve419

all necessary evidence. Moreover, we observe that420

QA achieves the highest partial evidence finding421

accuracy but the lowest complete evidence finding422

accuracy. This is because claims extracted from423

QA tend to have more supporting evidence than424

those from summarization or style transfer, ow-425

ing to the higher fact density in QA. These results426

highlight evidence finding as a major bottleneck427

in the hallucination detection process. While mod-428

els can often identify some relevant context, they429

struggle to exhaustively recover all supporting evi-430

dence, which limits reliable downstream evidence431

evaluation and hallucination localization.432

Evidence Evaluation. The third stage evaluates433

the ability of LLMs to judge whether candidate434

evidence supports a given claim using a binary435

voting mechanism. To isolate evidence evaluation436

from retrieval quality, we reuse the candidate ev-437

idences obtained in the EF step and perform no438

additional retrieval. For truth claims, a predic-439

tion is considered correct if the evaluator votes440

support for its truth evidences. For hallucinated441

claims, a prediction is considered correct if the442

evaluator votes non-support for possibly retrieved443

evidences. As shown in Table 2, the overall accu-444

racy of evidence evaluation is sub-optimal. Even445

the advanced Claude-Sonnet-4.5 tends to misclas-446

sify evidences, achieving a low accuracy of only447

69.8%. This indicates that, even when candidate448

evidence is provided, LLMs struggle to reliably449

assess evidence sufficiency and relevance, making450

evidence evaluation a non-trivial bottleneck in the451

hallucination detection pipeline.452

Hallucination Localization. The final stage evalu-453

ates the model’s ability to localize hallucinated con-454

tent in the generated response. This step reuses the 455

hallucination predictions from the evidence evalu- 456

ation stage, where claims without supporting evi- 457

dence are classified as hallucinated. To assess local- 458

ization accuracy, we match predicted hallucinated 459

claims to ground-truth hallucination annotations, 460

reusing the semantic claim matching results in the 461

first step. Therefore, no additional model inference 462

is performed in this step. 463

We report precision, recall, and F1 score for hal- 464

lucination localization. As shown in Figure 4a, all 465

LLMs achieve high recall (above 80%), indicating 466

that step-wise reasoning effectively captures most 467

hallucinated content, but their precision remains 468

relatively low, reflecting limitations in the evidence 469

evaluation step. Notably, the Claude-Sonnet-4.5 470

model achieves the highest recall (88.8%) but the 471

lowest precision (74.5%), due to its conservative 472

voting behavior in the evidence evaluation step. 473

Overall, GPT-4o-mini demonstrates the best bal- 474

ance, achieving the highest average F1 score. 475

4.3 Hallucination Detection Performance 476

We compare hallucination detection performance 477

between direct prompting and our process-based 478

evaluation method. We focus primarily on recall, 479

as it directly reflects a model’s ability to identify 480

hallucinated content within generated responses. 481

As shown in Figure 4b, direct prompting yields 482

very low recall (below 40%), indicating that LLMs 483

struggle to reliably detect hallucinations in long- 484

form generations when asked to do so in a sin- 485

gle step. In contrast, the process-based method 486

consistently achieves substantially higher recall, 487

generally exceeding 80% and reaching up to 90% 488

in the best case. These results demonstrate that 489

decomposing hallucination detection into explicit 490

reasoning steps is critical for effectively identifying 491

hallucinations in long and complex model outputs, 492

and strongly motivate the use of process-based eval- 493

uation over one-shot LM-as-a-judge prompting. 494
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Figure 4: (a) The final step-wise hallucination localization performance of LLMs on PROBE. All models achieve
high recall yet relatively low precision, reflecting limitations in correctly identifying supported evidence. (b)
Comparison of direct prompting and process-based evaluation. The process-based evaluation consistently achieves
higher recall than direct prompting.

4.4 Finetuning Performance495

We utilize the Llama-3.1-8B (AI@Meta, 2024)496

model as the backbone model for fine-tuning to497

improve evidence finding and evidence evaluation498

capabilities. We perform full-parameter fine-tuning499

with a learning rate of 2e−5. Training uses the500

Adam optimizer (Kingma, 2014) with β1 = 0.9501

and β2 = 0.999, together with a cosine learning502

rate scheduler and a 2% warm-up over the total503

training steps. The fine-tuned model is initialized504

from a HuggingFace checkpoint and trained on 8505

NVIDIA A100 (80GB) GPUs using Fully Sharded506

Data Parallel (Zhao et al., 2023).507

The fine-tuning results are reported in Table 2.508

Leveraging our high-quality claim–evidence train-509

ing dataset, the fine-tuned Llama-3.1-8B achieves510

the best performance on both evidence finding and511

evidence evaluation tasks. These results demon-512

strate the effectiveness of our data in enhancing513

model capabilities for hallucination detection.514

5 Related Work515

5.1 Granularity of Hallucinations516

In terms of hallucination-checking granularity,517

response-level evaluation (Li et al., 2023) deter-518

mines only whether an entire model output contains519

hallucinations. While such binary judgments suf-520

fice for short queries, they become uninformative521

and often lead to false negatives when hallucina-522

tions occur locally within long-form responses. To523

achieve finer granularity, prior work (Niu et al.,524

2023) introduces span-level or word-level halluci-525

nation annotations, labeling only specific regions526

of text as hallucinated. However, hallucination-527

span boundaries are structurally difficult to define,528

making it challenging to construct high-quality529

demonstrations for in-context learning. To address530

these limitations, in PROBE, we propose using531

claims as the basic unit of hallucination check-532

ing. Claims provide fine-grained, semantically co- 533

herent, and more clearly separable units of mean- 534

ing. When hallucinated information appears in 535

lengthy LLM responses, evaluating individual ex- 536

tracted claims improves hallucination detection ac- 537

curacy (Akbar et al., 2024). Figure 5 illustrates how 538

claim-level hallucination annotation contrasts with 539

coarser (response-level) and finer but less struc- 540

tured (span-level) alternatives. 541

5.2 Hallucination Detection Benchmarks 542

With the rise of LLMs, the detection of hallucina- 543

tions has become increasingly challenging, neces- 544

sitating the development of high-quality datasets 545

for LLM evaluation. RAGTruth (Niu et al., 2023) 546

presents a corpus specifically designed for ana- 547

lyzing word/span-level hallucinations in RAG set- 548

tings. Their dataset comprises nearly 18,000 nat- 549

urally generated responses with meticulous man- 550

ual annotations at both response and word levels. 551

The FACTS Grounding Leaderboard (Jacovi et al., 552

2025) focuses on evaluating models’ ability to gen- 553

erate responses fully grounded in provided context 554

documents while fulfilling users’ requests. This 555

approach uses automated judge models to assess 556

factuality with respect to a given context, though 557

the evaluation remains primarily outcome-focused. 558

HaluBench (Ravi et al., 2024) sources examples 559

from existing benchmarks such as HaluEval (Li 560

et al., 2023) and RAGTruth (Niu et al., 2023), 561

yielding a large collection of model-generated and 562

human-annotated hallucinated samples across di- 563

verse domains. Both FactScore (Min et al., 2023) 564

and LongFact (Wei et al., 2024) propose to decom- 565

pose a model’s response into atomic facts and eval- 566

uate the proportion of facts supported by reliable 567

sources or web search. FastFact (Wan et al., 2025) 568

advances this pipeline by integrating confidence- 569

based pre-verification, significantly reducing the 570

7



Table 3: Comparison of PROBE with existing hallucination detection benchmarks. PROBE is the first to provide
process-based evaluation at claim-level granularity, enabling detailed diagnosis of detection capabilities.

Feature PROBE (Ours) RAGTruth FACTS Grounding HaluBench HaluEval FactScore
Evaluation Level Claim-level Span-level Response-level Response/Span-level Response-level Claim-level
Process-Based Yes No No No No No
Task Diversity Summarization, QA QA, Data-to-Text, Long-form QA QA, Summarization, Biography

Style Transfer Summarization generation domains Dialogue generation
Annotation Step-wise Span-level Binary Binary Binary Fact-level
Scale 12,000 samples 14,289 spans 1,719 examples Large-scale 30,000+ samples 10,000 facts

(120,404 claims) (17,790 responses)

Figure 5: Comparison of hallucination annotation granularities. Claim-level annotation offers a balance of granularity
and structure, overcoming the limitations of coarse response-level and unstructured span-level methods, especially
for long-form model responses.

cost of web searching. While these benchmarks571

cover a wide range of domains and annotation gran-572

ularities, none explicitly evaluate the multi-step pro-573

cess involved in hallucination detection. Table 3574

presents a detailed comparison between PROBE575

and existing hallucination detection benchmarks.576

5.3 Process-Based Evaluation577

The importance of process-based evaluation has578

been recognized across multiple domains. In math-579

ematical reasoning, PRM800K (Lightman et al.,580

2023) provides step-wise annotations for model-581

generated solutions. CriticBench (Lin et al., 2024)582

evaluates language models’ abilities to critique so-583

lutions and correct mistakes. MathCheck (Zhou584

et al., 2024) synthesizes solutions containing er-585

roneous steps for evaluation purposes. Process-586

Bench (Zheng et al., 2024) introduces a benchmark587

for identifying process errors in mathematical rea-588

soning, demonstrating the value of step-wise eval-589

uation for complex reasoning tasks. Their work590

shows the importance of process supervision and591

step-wise evaluation in the reasoning process. Our592

work falls into this category by providing a struc-593

tured framework for evaluating each component of594

the fact-checking process. 595

6 Conclusion 596

In this paper, we introduce PROBE, a process- 597

based benchmark for evaluating the ability to iden- 598

tify hallucinations in long-form text generation. 599

Unlike prior outcome-based evaluations, PROBE 600

enables an in-depth, step-by-step analysis of LLM 601

capabilities in hallucination detection, providing 602

concrete insights into why models fail to detect 603

hallucinations. Through extensive evaluations on 604

frontier LLMs, we make two key observations: (1) 605

LLMs consistently struggle with evidence finding 606

and evidence evaluation, and (2) step-wise evalua- 607

tion achieves superior performance compared to di- 608

rect prompting. Furthermore, we demonstrate that 609

fine-tuning Llama on PROBE yields competitive 610

results, suggesting that high-quality supervision 611

can enable the development of specialized models 612

that outperform general-purpose LLMs in process- 613

based halluciantion detection. Through PROBE, 614

we aim to establish a new standard for hallucination 615

detection by moving beyond outcome-based met- 616

rics toward process-oriented assessment, enabling 617

more transparent and reliable LLM deployments. 618

8



7 Limitations619

Due to limited computational resources, we do620

not fine-tune larger LLMs, such as LLaMA-3.1-621

70B, using PROBE. Moreover, our approach relies622

on multiple language model invocations to assess623

hallucination detection, resulting in higher latency624

compared to direct prompting. This overhead could625

be partially mitigated through confidence-based626

pre-selection during evidence finding. Finally, we627

limit our benchmark to English and non-expert do-628

mains, as extending PROBE to other languages or629

specialized domains (e.g., finance and medicine)630

would require additional domain expertise. Fu-631

ture work could extend PROBE to multilingual632

and domain-specific settings by leveraging suitable633

multilingual models and domain-specific language634

models.635

8 Ethical Considerations636

This work is in full compliance with the Ethics Pol-637

icy of the ACL. We acknowledge that responses638

generated by LLMs in this study may contain in-639

accuracies. Aside from this, to the best of our640

knowledge, there are no additional ethical issues641

associated with this paper.642
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A Example of Hallucinations 769

Base Answer from QAs
Q: What are the geographical areas that the term "Siam" is used to refer to, and what is the former
name of Thailand?
A: The term "Siam" is used to refer to the historical region of Central Thailand, usually including
Southern Thailand, as well as other places such as Siam, Ohio, Siam area in Bangkok, and Rue de
Siam in Brest, France. The former name of Thailand is Siam.
Hallucinated Example with Complexity 1
Q: What are the geographical areas that the term "Siam" is used to refer to, and what is the former
name of Thailand?
A: The term "Siam" is used to refer to the historical region of Central Thailand, usually including
Southern Thailand, as well as other places such as Siam, Ohio, Siam area in Bangkok, and Rue de
Siam in Brest, France. Historically, Siam was also used as a name for a short-lived French colony in
Southeast Asia during the 19th century.
Hallucinated Example with Complexity 2
Q: What are the geographical areas that the term "Siam" is used to refer to, and what is the former
name of Thailand?
A: The term "Siam" is used to refer to the historical region of Central Thailand, usually including
Southern Thailand, as well as other places such as Siam, Ohio, Siam area in Bangkok, and Rue de
Siam in Brest, France. Additionally, Siam was also used as a name for a short-lived French colony
in Southeast Asia during the 19th century. Furthermore, the term "Siam" is also used to refer to a
specific region in the southern part of Laos. The former name of Thailand is Siam.

Hallucinated Example with Complexity 3
Q: What are the geographical areas that the term "Siam" is used to refer to, and what is the former
name of Thailand?
A: The term "Siam" is used to refer to the historical region of Central Thailand, usually including
Southern Thailand, as well as other places such as Siam, Ohio, Siam area in Bangkok, and Rue de
Siam in Brest, France. Historically, Siam was also used as a name for a short-lived French colony
in Southeast Asia during the 19th century. Additionally, the term "Siam" is also used to refer to a
specific region in the southern part of Laos. The former name of Thailand is Siam, and interestingly,
the name "Siam" was even considered as an alternative name for the country of Cambodia during its
independence movement in the mid-20th century.

Table 4: Examples of the three types of examples with different level of hallucination.

B Generation Prompt 770

The benchmark generation process follows a well-defined pipeline that can be divided into three distinct 771

stages. Here we show the prompt for each step. 772

B.1 STAGE 1: Base Content Generation 773

Summarization: LLMs are prompted to produce a concise summary of each source document. 774

Listing 1: Summary Generation System Prompt
775

You are a helpful assistant that generates a summary of a factual text. Your job is 776

↪→ to extract the main facts from the text and present them in a concise 777

↪→ manner. You must not hallucinate. You must not make up any facts. You must 778

↪→ not use any information that is not in the text. 779

780
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The summary should be one or a few paragraphs and be detailed -- containing all781

↪→ important names, dates, numbers, or facts about actions taken or events that782

↪→ took place. Do not output any other text than the summary.783784

Listing 2: Summary Generation User Prompt
785

Summarize the following text:786

{TEXT}787

788

Reminders:789

- You must not hallucinate.790

- You must not make up any facts.791

- You must not use any information that is not in the text.792

- The summary should be one or a few paragraphs and be detailed -- containing all793

↪→ important names, dates, numbers, or facts about actions taken or events that794

↪→ took place.795

- Do not output any other text than the summary.796797

Question and Answering: We first prompt the language model to generate a question about the798

provided text that can be answered with a small number (2-4) of concrete facts. The model is then asked799

to answer each generated question using only the retrieved passages corresponding to the article.800

Listing 3: Question Generation System Prompt
801

You are a helpful assistant that generates questions about factual text. Your job802

↪→ is to create a question that requires a brief answer containing only a803

↪→ handful of concrete facts (e.g., one date, one location, and one name, or804

↪→ two dates, etc.). The question should be based on the initial segment of the805

↪→ text and should require an answer that includes 2-4 specific, concrete806

↪→ facts.807

808

The question should be specific enough to require only a few factual statements,809

↪→ not long-winded explanations. Do not output any other text than the question.810

↪→811812

Listing 4: Question Generation User Prompt
813

Generate a question about the following text that requires a brief answer with only814

↪→ a handful of concrete facts:815

{TEXT}816

817

Reminders:818

- The question should require an answer with only 2-4 concrete facts819

- The question should be based on the initial segment of the text820

- The answer should include specific facts like dates, locations, names, or numbers821

- The question should be specific enough to require only a few factual statements822

- Do not output any other text than the question.823824

Listing 5: Answer Generation System Prompt
825

You are a helpful assistant that generates brief answers to questions about factual826

↪→ text. Your job is to provide a concise answer that includes only the827

↪→ specific factual claims requested, based on the text. You must not828

↪→ hallucinate. You must not make up any facts. You must not use any829

↪→ information that is not in the text.830
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831

The answer should be brief, use simple English, and contain roughly one sentence 832

↪→ per fact being asked. Avoid long-winded paragraphs. Do not output any other 833

↪→ text than the answer. 834835

Listing 6: Answer Generation User Prompt
836

Answer the following question based on the text: 837

QUESTION: {QUESTION} 838

TEXT: {TEXT} 839

840

Reminders: 841

- You must not hallucinate. 842

- You must not make up any facts. 843

- You must not use any information that is not in the text. 844

- The answer should be brief, use simple English, and contain roughly one sentence 845

↪→ per fact being asked. 846

- Avoid long-winded paragraphs and unnecessary details. 847

- Do not output any other text than the answer. 848849

Style Transfer: The goal is to rewrite the article in a different style while preserving its meaning. We 850

consider four target styles: blog post, lecture notes, FAQ, and textbook. For each article, one style is 851

selected at random, and the LLM is prompted to rewrite the original Wikipedia text accordingly, yielding 852

approximately 25% of samples in each style category. 853

Listing 7: Blog Post Style Transfer Prompt
854

You are a helpful assistant that converts Wikipedia articles into engaging blog 855

↪→ post style. Your job is to rewrite the factual content in a more 856

↪→ conversational, engaging blog post format while preserving all the factual 857

↪→ information. You must not hallucinate. You must not make up any facts. You 858

↪→ must not use any information that is not in the text. If you cannot fit 859

↪→ information into the blog post format naturally, you may omit it, but never 860

↪→ make up new information. 861

862

The blog post should be engaging, conversational, and accessible while maintaining 863

↪→ factual accuracy. Use a personal tone, include transitions, and make it 864

↪→ readable for a general audience. Do not output any other text than the blog 865

↪→ post. 866

--- 867

Convert the following Wikipedia article into an engaging blog post style: 868

869

{TEXT} 870

871

Reminders: 872

- You must not hallucinate. 873

- You must not make up any facts. 874

- You must not use any information that is not in the text. 875

- If you cannot fit information into the blog post format naturally, you may omit 876

↪→ it, but never make up new information. 877

- The blog post should be engaging, conversational, and accessible while 878

↪→ maintaining factual accuracy. 879

- Use a personal tone, include transitions, and make it readable for a general 880

↪→ audience. 881

- Do not output any other text than the blog post. 882883
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Listing 8: Textbook Style Transfer Prompt
884

You are a helpful assistant that converts Wikipedia articles into textbook excerpt885

↪→ style. Your job is to rewrite the factual content in a clear, educational886

↪→ textbook format while preserving all the factual information. You must not887

↪→ hallucinate. You must not make up any facts. You must not use any888

↪→ information that is not in the text. If you cannot fit information into the889

↪→ textbook format naturally, you may omit it, but never make up new890

↪→ information.891

892

The textbook excerpt should be clear, well-structured, educational, and suitable893

↪→ for students. Use formal academic language, include clear headings or894

↪→ sections, and present information in a logical, educational manner. Do not895

↪→ output any other text than the textbook excerpt.896

----897

Convert the following Wikipedia article into a clear textbook excerpt style:898

899

{TEXT}900

901

Reminders:902

- You must not hallucinate.903

- You must not make up any facts.904

- You must not use any information that is not in the text.905

- If you cannot fit information into the textbook format naturally, you may omit it906

↪→ , but never make up new information.907

- The textbook excerpt should be clear, well-structured, educational, and suitable908

↪→ for students.909

- Use formal academic language, include clear headings or sections, and present910

↪→ information in a logical, educational manner.911

- Do not output any other text than the textbook excerpt.912913

Listing 9: Lecture Notes Style Transfer System Prompt
914

You are a helpful assistant that converts Wikipedia articles into lecture notes915

↪→ style. Your job is to rewrite the factual content in a concise, note-taking916

↪→ format while preserving all the factual information. You must not917

↪→ hallucinate. You must not make up any facts. You must not use any918

↪→ information that is not in the text. If you cannot fit information into the919

↪→ lecture notes format naturally, you may omit it, but never make up new920

↪→ information.921

922

The lecture notes should be concise, well-organized, and easy to follow. Use bullet923

↪→ points, numbered lists, and clear structure. Include key concepts,924

↪→ important dates, and main points in a format suitable for students taking925

↪→ notes. Do not output any other text than the lecture notes.926

---927

Convert the following Wikipedia article into concise lecture notes style:928

929

{TEXT}930

931

Reminders:932

- You must not hallucinate.933

- You must not make up any facts.934

- You must not use any information that is not in the text.935
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- If you cannot fit information into the lecture notes format naturally, you may 936

↪→ omit it, but never make up new information. 937

- The lecture notes should be concise, well-organized, and easy to follow. 938

- Use bullet points, numbered lists, and clear structure. 939

- Include key concepts, important dates, and main points in a format suitable for 940

↪→ students taking notes. 941

- Do not output any other text than the lecture notes. 942943

Listing 10: FAQ Style Transfer System Prompt
944

You are a helpful assistant that converts Wikipedia articles into FAQ (Frequently 945

↪→ Asked Questions) format. Your job is to rewrite the factual content as a 946

↪→ series of questions and answers while preserving all the factual information. 947

↪→ You must not hallucinate. You must not make up any facts. You must not use 948

↪→ any information that is not in the text. If you cannot fit information into 949

↪→ the FAQ format naturally, you may omit it, but never make up new information. 950

↪→ 951

952

The FAQ should be organized as a series of relevant questions with clear, factual 953

↪→ answers. Questions should be natural and cover the main topics from the 954

↪→ article. Answers should be concise but informative. Do not output any other 955

↪→ text than the FAQ. 956

--- 957

Convert the following Wikipedia article into FAQ (Frequently Asked Questions) 958

↪→ format: 959

960

{TEXT} 961

962

Reminders: 963

- You must not hallucinate. 964

- You must not make up any facts. 965

- You must not use any information that is not in the text. 966

- If you cannot fit information into the FAQ format naturally, you may omit it, but 967

↪→ never make up new information. 968

- The FAQ should be organized as a series of relevant questions with clear, factual 969

↪→ answers. 970

- Questions should be natural and cover the main topics from the article. 971

- Answers should be concise but informative. 972

- Do not output any other text than the FAQ. 973974

B.2 STAGE 2: Hallucination Insertion 975

To precisely control hallucination locations, we generate unfaithful hallucinations by synthetically injecting 976

poisoned semantics into the text. 977

Listing 11: Hallucination Invention System Prompt for Summaries
978

You are an adversarial assistant that invents new facts about a text. Your job is 979

↪→ to invent {NEW_FACT_COUNT} new facts about the text that are not in the text 980

↪→ (and are not a logical consequence of any information in the text) but are 981

↪→ plausible or believable. The facts should be formulated as statements that 982

↪→ can be evaluated as true or false. Do not output any text other than the 983

↪→ facts separated by newlines. 984985
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Listing 12: Hallucination Invention User Prompt for Summaries
986

Invent {NEW_FACT_COUNT} new facts about the following text. Output the facts987

↪→ separated by newlines -- each fact should be one a single line. Do not988

↪→ output any other text than the facts separated by newlines.989

{TEXT}990

991

Reminders:992

- The facts should be formulated as statements that can be evaluated as true or993

↪→ false.994

- The facts should be plausible or believable.995

- The facts should not be in the text or be a logical consequence of any996

↪→ information in the text.997

- Do not output any other text than the facts separated by newlines.998999

Listing 13: Answer Editor System Prompt
1000

You are a helpful assistant that edits an answer to include new facts that are1001

↪→ provided. Your job is to edit the answer in such a way that it includes new1002

↪→ facts that are provided and are not in the original answer. The inclusion of1003

↪→ these new facts must be seamless and natural, and should appear across the1004

↪→ whole text rather than just being added at the end. Keep the answer brief1005

↪→ and simple, with roughly one sentence per fact. Do not output any other text1006

↪→ than the edited answer. Do not hallucinate = do not make up any new facts.1007

↪→ You must use only the original answer text and the newly provided facts.10081009

Listing 14: Answer Editor User Prompt
1010

Edit the following ANSWER to include the NEW FACTS that are provided. The inclusion1011

↪→ of these new facts must be seamless and natural, and should appear across1012

↪→ the whole text rather than just being added at the end. Keep the answer1013

↪→ brief and simple, with roughly one sentence per fact. Do not output any1014

↪→ other text than the edited answer. Do not hallucinate. Do not make up any1015

↪→ new facts. You must use only the original ANSWER text and the newly provided1016

↪→ facts.1017

1018

ANSWER:1019

{ANSWER}1020

1021

NEW FACTS:1022

{FACTS}1023

1024

Reminders:1025

- The inclusion of these new facts must be seamless and natural, and should appear1026

↪→ across the whole text rather than just being added at the end.1027

- Keep the answer brief and simple, with roughly one sentence per fact asked.1028

- Do not output any other text than the edited answer.1029

- Do not hallucinate = do not make up any new facts.1030

- You must use only the original answer text and the newly provided facts.1031

- Try not to leave out any information from the original answer text.10321033

B.3 STAGE 3: Claim-Evidence Pair Generation1034

Step 1: Claim Decomposition.1035
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Listing 15: Claim decomposition prompt
1036

You are AssertionDecomposer, a helpful text processing assistant that takes a text 1037

↪→ and returns a detailed list of all assertions that the text makes, no matter 1038

↪→ how small. 1039

1040

The TEXT you are given is an output of generation, e.g., an informed answer to a 1041

↪→ question, a summary/essay/report on a document or a piece of text, a 1042

↪→ modification of a text including some stylistic changes, etc.. You can 1043

↪→ assume that the TEXT you will be given is the output of a generation based 1044

↪→ on some information sources that have been provided in order to produce the 1045

↪→ TEXT. 1046

1047

Your job is to find all assertions that the TEXT (including its section headings, 1048

↪→ tables, figure captions, or other non-textual elements) makes, no matter how 1049

↪→ small, taking particular care to note down all facts that the text makes 1050

↪→ including any numbers, dates, names, or claims about something happening. 1051

↪→ You will then output a list of assertions in the following Markdown-inspired 1052

↪→ format: 1053

1054

> SEGMENT#1 1055

Assertion of a fact formulated from SEGMENT#1. 1056

> SEGMENT#2 1057

Assertion of a fact formulated from SEGMENT#2. 1058

... 10591060

Step 2: Evidence Finding 1061

Listing 16: Evidence finding prompt
1062

Find segments/sentences in the ground truth source that are relevant to the 1063

↪→ assertion, i.e., that support, contradict, or are otherwise directly 1064

↪→ relevant to the assertion. Think step by step, then produce your final 1065

↪→ output by marking it with "FINAL OUTPUT:". 1066

1067

<ASSERTION> 1068

{ASSERTION} 1069

</ASSERTION> 1070

1071

<GROUND_TRUTH_SOURCE> 1072

{GROUND_TRUTH_SOURCE} 1073

</GROUND_TRUTH_SOURCE> 1074

1075

Output format: 1076

Thinking: [Your thinking] 1077

FINAL OUTPUT: 1078

Segment #1 1079

... 10801081

Step 3: Evidence Evaluation 1082

Listing 17: Evidence evaluation prompt
1083

Evaluate whether the following evidence supports the given assertion. 1084

1085

ASSERTION: 1086
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{ASSERTION}1087

1088

EVIDENCE EXCERPT:1089

{EVIDENCE}1090

1091

SURROUNDING CONTEXT:1092

{SURROUNDING_CONTEXT}1093

1094

Please analyze whether the evidence excerpt ALONE supports the assertion. Provide1095

↪→ your reasoning and then give a clear PASS or FAIL verdict. The analysis must1096

↪→ rely on the evidence, not the context. The context is informative to help1097

↪→ you better understand the assertion and the evidence, but it is not a crutch1098

↪→ to justify the assertion from which to make far-stretching logical leaps.1099

↪→ When reasoning, do not rely on any statements in the context to make your1100

↪→ case. Use the context only to enhance your understanding of the assertion1101

↪→ and the evidence, and never to justify the assertion.1102

1103

REASONING: [Your analysis here relying on the evidence alone]1104

VERDICT: [PASS or FAIL]11051106
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