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Abstract

We introduce CHEF, a novel Comparative Hallucination Evaluation Framework1

that leverages the HaluEval2.0 LLM-in-the-loop hallucination detection pipeline to2

directly measure the relative effectiveness of hallucination mitigation techniques,3

specifically retrieval-augmented generation (RAG) and fine-tuning. While HaluE-4

val2.0 provides absolute hallucination scores using a single evaluator LLM, CHEF5

demonstrates that by evaluating an identical model architecture across three distinct6

configurations, we can effectively attribute the resulting differences in hallucina-7

tion rates to each specific technique. Our experiments across science, biomedical,8

and other domains, conducted using CHEF, reveal variable effectiveness of both9

RAG and fine-tuning approaches, with significant domain-dependent performance10

differences. Offering valuable and actionable insights into mitigation strategies.11

1 introduction12

Large Language Models (LLMs) have demonstrated remarkable capabilities across numerous tasks,13

yet hallucination remains a persistent challenge for their deployment in high-stakes domains [Li et al.,14

2023]. While various mitigation strategies exist, there is a critical gap in our ability to systematically15

compare their effectiveness under consistent evaluation conditions. Existing evaluation frameworks16

like HaluEval2.0 [Li et al., 2024b] face a fundamental limitation: evaluator hallucination confounds17

absolute scores [Manakul et al., 2023, Kossen et al., 2024], making it difficult to reliably compare18

mitigation techniques.19

Our key contribution is CHEF, a comparative evaluation framework that shifts focus from single-20

score reporting to controlled differential analysis. By systematically applying the same evaluation21

pipeline to three variants of the same base model, CHEF obtains relative hallucination reductions22

that remain robust to evaluator error. We hypothesize that measuring percentage changes relative to23

a shared baseline isolates true mitigation effects from evaluator bias. This controlled experimental24

design isolates the effects of specific mitigation techniques while controlling for model architecture,25

evaluation methodology, and domain characteristics, representing a systematic comparison of RAG26

and fine-tuning for hallucination mitigation.27

CHEF provides three critical advantages over traditional benchmarking approaches:28

1. Isolation of mitigation effects: By holding constant the model architecture and evaluation29

methodology, CHEF allows us to attribute performance differences specifically to RAG or30

fine-tuning interventions.31

2. Robustness to evaluator inconsistency: Relative improvements measured by CHEF remain32

meaningful even when absolute scores contain systematic error.33
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3. Practical guidance: Our results, derived using CHEF, quantify the relative effectiveness of34

two popular mitigation strategies, informing cost-benefit decisions for real-world applica-35

tions.36

2 related work37

LLM-in-the-loop evaluators Recent work has developed various approaches to detect hallucina-38

tions in large language models using the models themselves as evaluators. SelfCheckGPT leverages39

the insight that if an LLM has knowledge of a given concept, sampled responses are likely to be40

similar and contain consistent facts, while hallucinated facts tend to cause stochastically sampled41

responses to diverge and contradict one another Manakul et al. [2023]. This sampling-based approach42

performs well but increases computational overhead by requiring multiple model generations.43

TofuEval Tang et al. [2024] specifically examines hallucinations in dialogue summarization, highlight-44

ing limitations in LLM-based evaluators when tasked with verifying factual consistency. HalluLens45

Bang et al. [2025] extends this work by offering a dynamic taxonomy-based benchmark that distin-46

guishes between intrinsic and extrinsic hallucinations. Meanwhile, Phare’s multilingual benchmark47

Dora [2025] confirms the pervasiveness of evaluator errors across languages, emphasizing the need48

for our comparative framework that controls for such biases.49

Mitigation via RAG vs. fine-tuning The effectiveness of RAG and fine-tuning approaches has been50

investigated in several studies, with complementary findings to our work. Soudani et al. [2024] and51

Ovadia et al. [2023] demonstrate that RAG particularly excels at addressing low-frequency knowledge52

queries compared to fine-tuning approaches, supporting our hypothesis that these techniques provide53

different benefits in hallucination mitigation.54

End-to-end RAG pipelines have shown significant improvement in domain-specific factuality Li et al.55

[2024a], while fine-tuning remains more resource-intensive Lakatos et al. [2024]. Our work builds56

on these insights by providing a direct comparative analysis of both approaches within a consistent57

evaluation framework, allowing for more precise quantification of their relative benefits.58

Meta-evaluation and evaluator fallibility A critical challenge in hallucination research is the59

reliability of the evaluators themselves. McKenna et al. [2023] identify behavioral biases in Natural60

Language Inference (NLI) tasks that contribute to evaluator hallucinations. FACTOID Rawte et al.61

[2024] introduces factual entailment for more precise detection, while HALoGEN Ravichander62

et al. [2025] provides a taxonomy and multi-domain verification framework specifically designed to63

identify evaluator errors.64

Our comparative benchmarking approach (CHEF) directly addresses these concerns by focusing65

on relative improvements rather than absolute scores. By controlling for evaluator biases through66

differential analysis, we isolate the true effects of mitigation strategies while acknowledging the67

inherent limitations of LLM-in-the-loop evaluation. The proposed CHEF framework approach68

aligns with recent work on semantic uncertainty quantification Kossen et al. [2024], which similarly69

recognizes the value of comparative metrics over absolute scores for robust hallucination detection.70

3 proposed framework71

CHEF builds upon the HaluEval2.0 hallucination detection pipeline to evaluate three distinct test-time72

LLM configurations—the baseline test LLM, the same model augmented with Retrieval-Augmented73

Generation (RAG), and a version fine-tuned using Low-Rank Adaptation (LoRA) Hu et al. [2022]—all74

under a shared, LLM-in-the-loop hallucination detection setup.75

The evaluation unfolds in two key stages: (1) identification of hallucinations using HaluEval2.0’s76

extraction and verification procedure, and (2) comparative analysis across the three model variants.77

This structured setup enables quantification of relative hallucination rates across different mitigation78

strategies under consistent evaluation conditions.79

See Appendix A.2 for a visual overview of the CHEF framework architecture.80
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3.1 Hallucination detection pipeline81

We adopt HaluEval2.0’s three-stage detection pipeline [Li et al., 2024b], applied consistently across82

all model configurations:83

• Answer generation: For each benchmark query, the test LLM generates an answer, forming84

a QA pair.85

• Fact extraction: A separate evaluation LLM identifies atomic factual claims from the QA86

output using a template-based prompt.87

• Fact evaluation: The same evaluator LLM verifies each claim, assigning one of three labels:88

True, False (with justification), or Unknown.89

3.2 Mitigation strategies90

Retrieval-Augmented Generation (RAG) The RAG strategy supplements the LLM with external91

factual knowledge at inference time through a structured pipeline:92

• Key-Topic extraction: Identifying key terms from each query93

• Document collection: Retrieving relevant sources94

• Embedding and retrieval: Processing documents into chunks for contextual retrieval95

The full RAG pipeline implementation is detailed in Appendix A.3.96

LoRA-based fine-tuning We apply Low-Rank Adaptation (LoRA) to fine-tune the base LLM with97

domain-grounded knowledge:98

• Synthetic QA generation: Creating domain-specific training examples99

• Training procedure and configuration: Applying parameter-efficient adaptation tech-100

niques and balancing knowledge integration with generalization101

3.3 Comparative evaluation102

By comparing each variant against the shared baseline, we quantify changes in hallucination rates103

attributable to each mitigation strategy, controlling for model architecture and evaluation methodology.104

4 experimental setup105

4.1 Dataset106

We conduct experiments on the HaluEval2.0 benchmark, comprising 8,770 fact-intensive questions107

across five domains: Biomedicine (1,535 questions), Finance (1,125), Science (1,409), Education108

(1,701), and Open Domain (3,000) [Li et al., 2024b]. Questions are drawn from BioASQ, NFCorpus,109

FiQA-2018, SciFact, LearningQ, and HotpotQA, filtered to include only those requiring factual110

reasoning.111

4.2 RAG implementation details112

For each input question, we first perform key-topic extraction by prompting GPT-4 with a lightweight113

template. This yields a compact, semantically-focused bag of terms (e.g., "colorectal cancer,"114

"metastases," "regional spread," "cancer statistics"), which we have found to generalize more broadly115

than using the raw questions themselves. We then use the Wikipedia API to retrieve the full text of116

the top 2–3 pages matching each extracted keyword, yielding 32 thousand pages in total across our117

benchmark queries. All documents are split into 512-token chunks with 50-token overlap to preserve118

context, embedded via a local sentence embedding model. At inference, we retrieve the top-k chunks119

(we set k = 3) for answer synthesis.120

4.3 Fine-tuning implementation details121

Rather than fine-tuning on the original benchmark Q&A pairs, we generate a synthetic, topic-grounded122

dataset from our scraped documents. For each document in the Science and Bio-Medical domain, we123
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instructed the GPT-4 to generate up to 10 fact-checking questions along with their precise answers124

based solely on the provided text. This yields over 18,000 Q&A pairs that cover the same topical125

space as the benchmark yet differ in surface form.126

We then fine-tune the base LLaMA [Team, 2024] model using Low-Rank Adaptation (LoRA) [Hu127

et al., 2022], targeting the Query and Value projection matrices in each attention layer. We set the128

LoRA rank r = 36 and scaling factor α = 36 (so that α/r = 1) to balance adaptation capacity129

against parameter efficiency. Training is run for 4 epochs with effective batch size of 24, which we130

found sufficient to integrate new factual knowledge without overfitting.131

LoRA parameters are set with rank r = 36 and α = 36 following prior parameter-efficient adaptation132

studies Hu et al. [2022], balancing adaptation capacity against training cost. Training is run for 4133

epochs with effective batch size of 24, which we found sufficient to integrate new factual knowledge134

without overfitting.135

Due to compute limits, we restrict fine-tuning to Science and Biomedical domains, which we judge136

most sensitive to hallucination.137

4.4 Evaluation & comparision metrics138

We adopt the standard HaluEval2.0 metrics, recording for each predicted answer:139

• Accuracy: proportion of claims labeled True.140

• False rate: proportion labeled False.141

• Unknown rate: proportion labeled Unknown.142

• Micro-hallucination rate (MiHR): the average, over all responses, of the fraction of claims143

in a response flagged as hallucinated:144

• Macro-hallucination rate (MaHR): proportion of responses with at least one hallucinated145

claim:146

• Comparison: To isolate the effect of each mitigation technique, we compute percentage147

reductions in MiHR and MaHR, as well as accuracy differences, all relative to our shared148

baseline.149

5 Results and Discussion150

5.1 Baseline performance151

The LLaMA 3.2 8B base model demonstrates varied performance across domains. In the Science152

domain, it achieves the highest accuracy (90.28%) with the lowest hallucination rate (MiHR 6.58%,153

MaHR 24.28%). In contrast, the Open-Domain exhibits the lowest accuracy (73.29%) and highest154

hallucination rates (MiHR 17.54%, MaHR 55.50%). Other domains fall between these extremes,155

with Bio-Medical and Education domains showing similar patterns.156

Table 1: Performance metrics for base and rag models across different domains

Domain LLaMA 3.2 8B base model LLaMA 3.2 8B + rag model

Acc (%) MiHR (%) MaHR (%) FR (%) Acc (%) MiHR (%) MaHR (%) FR (%)

Bio-Medical 87.32 11.50 33.62 11.48 86.78 9.89 34.33 10.57
Science 90.28 6.58 24.28 8.17 89.74 6.87 29.88 7.79
Finance 77.28 9.53 39.47 13.39 79.18 11.69 46.31 13.91

Education 87.57 11.11 35.39 10.94 85.35 8.88 34.22 10.62
Open-Domain 73.29 17.54 55.50 17.35 79.04 4.67 13.73 15.16

Table 2: Performance metrics for fine-tuned model

Domain Acc (%) MiHR (%) MaHR (%) FR (%)

Bio-Medical 78.93 16.96 50.42 16.32
Science 91.59 4.97 14.48 5.66
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5.2 Effects of RAG157

Retrieval-Augmented Generation (RAG) demonstrates mixed effectiveness across domains. In Open-158

Domain, RAG was able to drastically decrease the hallucination rates (decreased 73.38% for MiHR159

and 75.26% for MaHR). In the Science domain, RAG slightly decreases accuracy while increasing160

hallucination rates, particularly MaHR (a 23.06% increse). For Bio-Medical queries, RAG reduces161

MiHR by 14.17% while slightly increasing MaHR. In the Finance domain, RAG improves accuracy162

but increases both hallucination metrics, while in Education, it decreases accuracy but reduces163

hallucination rates.These mixed results suggest domain-specific factors influence RAG effectiveness.164

Table 3: rag model: performance delta vs. base model

Domain ∆Acc (%) ∆MiHR (%) ∆MaHR (%)

Bio-Medical -0.62 14.17 -2.11
Science -0.60 -4.41 -23.06
Finance 2.46 -22.67 -17.33

Education -2.54 20.07 3.31
Open-Domain 7.85 73.38 75.26

5.3 Effects of Fine-Tuning165

Our fine-tuning experiments reveal contrasting outcomes between domains. In the Science domain,166

fine-tuning produces the most promising results, with increased accuracy (90.28% to 91.59%) and167

substantial reductions in hallucination rates (MiHR from 6.58% to 4.96%, MaHR from 24.28% to168

14.48%). In stark contrast, fine-tuning in the Bio-Medical domain significantly degrades performance,169

with decreased accuracy (87.32% to 78.93%) and dramatically increased hallucination rates. This170

domain-dependent variability suggests that fine-tuning effectiveness is contingent on domain-specific171

knowledge characteristics.172

Table 4: Fine-tuned model: performance delta vs. base model

Domain ∆Acc (%) ∆MiHR (%) ∆MaHR (%)

Bio-Medical -9.61 -47.48 -49.55
Science 1.45 24.47 40.36

5.4 diagnostics and analysis173

While RAG improved open-domain performance, it degraded biomedical results. Closer inspection174

shows biomedical queries often contain specialized terminology (e.g., gene variants, compound175

names) poorly covered by Wikipedia, leading to retrieval noise.176

By contrast, science queries were generally well-represented in Wikipedia, yet RAG sometimes177

increased hallucination rates due to context-window overload from irrelevant retrieved passages.178

Fine-tuning improved science outcomes, likely because synthetic QAs were unambiguous and179

factual. In biomedicine, however, synthetic data introduced subtle factual noise (e.g., oversimplified180

descriptions of complex mechanisms), which the LoRA adapter amplified, leading to degraded181

accuracy.182

6 Conclusion183

In this paper, we introduced CHEF, a Comparative Hallucination Evaluation Framework that enables184

direct measurement of the relative effectiveness of hallucination mitigation techniques. By evaluating185

identical model architectures across three configurations CHEF successfully isolates the impact of186

specific mitigation strategies while controlling for evaluator biases that confound absolute hallu-187

cination scores. CHEF’s comparative approach represents an important step toward more reliable188

hallucination benchmarking. By focusing on relative improvements rather than absolute scores, we189

mitigate the impact of evaluator inconsistency that has hampered previous hallucination detection190

frameworks.191
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Limitations192

While CHEF provides valuable comparative insights, several limitations remain. First, our evaluation193

is currently limited to a single base model architecture (LLaMA), which may not generalize to194

other model families with different pre-training objectives or architectural designs. Second, our195

RAG implementation relies solely on Wikipedia, potentially limiting its effectiveness for specialized196

domains requiring more technical resources. Third, the HaluEval2.0 prompts we adopted may not197

optimally extract or evaluate claims across all domains.198

Future work should address these limitations through:199

1. Model diversity: Extending CHEF to evaluate a wider variety of model architectures (e.g.,200

Mixtral, PaLM, GPT-4, Claude) to understand how mitigation techniques perform across201

different foundation models.202

2. Prompt refinement: Enhancing the HaluEval2.0 prompts with domain-specific terminology203

and structured claim formats to improve fact extraction and evaluation reliability. Exploring204

chain-of-thought approaches may also lead to more consistent evaluations.205

3. Domain-specific knowledge sources: Integrating domain-specific databases and literature206

repositories beyond Wikipedia to better address specialized knowledge domains.207

4. Comprehensive fine-tuning: Extending our fine-tuning methodology to all domains (Fi-208

nance, Education, and Open-Domain) to provide a complete comparative analysis across209

the entire benchmark. This would allow for more robust conclusions about the relative210

effectiveness of fine-tuning as a hallucination mitigation strategy across diverse knowledge211

areas.212

5. Evaluator uncertainty quantification: Incorporating Semantic Entropy Probes (SEPs) as213

an additional comparison metric to detect and account for evaluator uncertainty. SEPs offer214

a computationally efficient approach to measuring semantic uncertainty by directly approxi-215

mating semantic entropy from the hidden states of a single model generation, eliminating216

the need for multiple sampling runs. This technique would provide a more robust measure217

of evaluator confidence when determining hallucination rates, potentially improving the218

reliability of our comparative framework.219

The comparative benchmarking approach pioneered in CHEF opens new possibilities for systematic220

evaluation of hallucination mitigation techniques. As the field continues to advance, we believe this221

focus on controlled differential analysis, rather than absolute scoring, will be essential for reliable222

progress measurement in reducing LLM hallucinations.223
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A appendix263

To support future work in explicit content detection, we release the full dataset, annotation scripts,264

and category definitions at Anonymous Repository.265

A.1 Hardware usage266

all experiments have been done in Anonymous Cluster with single Nvidia A100 gpu. Fine tuning267

took 4 hours of GPU time for each field. Evaluation per topic took 6 hours on average.268

A.2 CHEF Framework architecture269

Figure 1 provides a visual overview of our CHEF framework, illustrating how we evaluate three270

distinct configurations of the same base model—baseline, RAG-enhanced, and fine-tuned—using a271

consistent hallucination detection pipeline.272

A.3 RAG pipeline details273

Figure 2 illustrates our RAG implementation, which follows a three-stage process of key-topic274

extraction, document collection, and embedding-based retrieval as described in Section 3.2.275

A.4 Equations276

MiHR =
1

n

n∑
i=1

Count
(
hallucinatory facts in ri

)
Count

(
all facts in ri

)
MaHR =

Count
(
hallucinatory responses

)
n

(1)
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∆MiHR =
MiHRbaseline −MiHRmethod

MiHRbaseline
× 100%,

∆MaHR =
MaHRbaseline −MaHRmethod

MaHRbaseline
× 100%.

(2)

Figure 1: Overview of the CHEF comparative benchmarking framework.

Figure 2: Detailed view of our proposed rag pipeline.
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A.5 Prompts277

A.5.1 Key word extraction prompt278

attached is a json file279

filled with queries about280

[Domain name] domain281

subjects, i want you to go282

through each question and283

generate keywords and topics284

about the question that285

could be used in Wikipedia286

api search to help find287

documents related to that288

question. The keywords and289

topics should be not too290

large. your output format291

should be a json array in292

this style : [293

{294

"id": query id as integer,295

"keywords": [296

"keywords related to query",297

"topics related to query",298

...299

]300

}, ... ].301

A.5.2 Synthetic Q&A generation prompt302

You are provided with the303

following document:304

"""305

{document_content}306

"""307

Your task is to extract308

straightforward, fact-based309

questions and answers solely310

from the document. Rules:311

312

1. Source Strictness: Only313

use information from the314

document!315

2. Extraction: Generate316

questions with answers317

from key details.318

3. Clarity: Questions must319

be clear and unambiguous.320

4. Question Styles: Use321

varied types (True/false,322

What/How is/are, etc.)323

5. Quantity: Max 15 quality324

questions.325

6. Format: JSON format as:326

327

[{328

"question": "Question?",329

"answer": "Answer."330

}, ... ]331

332
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Provide only the JSON output.333

A.6 Licenses and terms of use for existing assets334

This work makes use of several existing assets, each with their respective licenses and terms of use:335

A.6.1 Models and frameworks336

• LLaMA 3.2 8B: Licensed under the Meta Llama 3.2 Community License Agreement.337

Version 3.2 was used for all experiments.338

• GPT-4: Used via OpenAI API under OpenAI’s Terms of Use.339

• LoRA (Low-Rank Adaptation): The technique is described in Hu et al. (2022) and the340

implementation follows the Apache 2.0 licensed PEFT library.341

A.6.2 Datasets and benchmarks342

• HaluEval2.0: Licensed under MIT License.343

A.6.3 External knowledge sources344

• Wikipedia: Content retrieved via Wikipedia API is licensed under Creative Commons345

Attribution-ShareAlike 4.0 (CC BY-SA 4.0) and GNU Free Documentation License (GFDL).346

We comply with Wikipedia’s API terms of use including appropriate rate limiting and user347

agent identification. All Wikipedia content used in this work maintains the CC BY-SA 4.0348

license requirements.349

All assets were used in accordance with their respective licenses and terms of use. For assets requiring350

attribution, proper citations are provided throughout the paper. No modifications were made to the351

original datasets beyond the filtering and processing described in the methodology section.352
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NeurIPS Paper Checklist353

1. Claims354

Question: Do the main claims made in the abstract and introduction accurately reflect the355

paper’s contributions and scope?356

Answer: [Yes]357

Justification: The abstract and introduction clearly state that CHEF is a comparative frame-358

work for evaluating hallucination mitigation techniques, specifically comparing RAG and359

fine-tuning approaches. The experimental results support these claims.360

Guidelines:361

• The answer NA means that the abstract and introduction do not include the claims362

made in the paper.363

• The abstract and/or introduction should clearly state the claims made, including the364

contributions made in the paper and important assumptions and limitations. A No or365

NA answer to this question will not be perceived well by the reviewers.366

• The claims made should match theoretical and experimental results, and reflect how367

much the results can be expected to generalize to other settings.368

• It is fine to include aspirational goals as motivation as long as it is clear that these goals369

are not attained by the paper.370

2. Limitations371

Question: Does the paper discuss the limitations of the work performed by the authors?372

Answer: [Yes]373

Justification: "Limitations" section discusses constraints including single model architecture374

testing, Wikipedia-only RAG implementation, and incomplete domain coverage for fine-375

tuning.376

Guidelines:377

• The answer NA means that the paper has no limitation while the answer No means that378

the paper has limitations, but those are not discussed in the paper.379

• The authors are encouraged to create a separate "Limitations" section in their paper.380

• The paper should point out any strong assumptions and how robust the results are to381

violations of these assumptions (e.g., independence assumptions, noiseless settings,382

model well-specification, asymptotic approximations only holding locally). The authors383

should reflect on how these assumptions might be violated in practice and what the384

implications would be.385

• The authors should reflect on the scope of the claims made, e.g., if the approach was386

only tested on a few datasets or with a few runs. In general, empirical results often387

depend on implicit assumptions, which should be articulated.388

• The authors should reflect on the factors that influence the performance of the approach.389

For example, a facial recognition algorithm may perform poorly when image resolution390

is low or images are taken in low lighting. Or a speech-to-text system might not be391

used reliably to provide closed captions for online lectures because it fails to handle392

technical jargon.393

• The authors should discuss the computational efficiency of the proposed algorithms394

and how they scale with dataset size.395

• If applicable, the authors should discuss possible limitations of their approach to396

address problems of privacy and fairness.397

• While the authors might fear that complete honesty about limitations might be used by398

reviewers as grounds for rejection, a worse outcome might be that reviewers discover399

limitations that aren’t acknowledged in the paper. The authors should use their best400

judgment and recognize that individual actions in favor of transparency play an impor-401

tant role in developing norms that preserve the integrity of the community. Reviewers402

will be specifically instructed to not penalize honesty concerning limitations.403

3. Theory assumptions and proofs404
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Question: For each theoretical result, does the paper provide the full set of assumptions and405

a complete (and correct) proof?406

Answer: [NA]407

Justification: The paper is empirical and does not include theoretical results or proofs.408

Guidelines:409

• The answer NA means that the paper does not include theoretical results.410

• All the theorems, formulas, and proofs in the paper should be numbered and cross-411

referenced.412

• All assumptions should be clearly stated or referenced in the statement of any theorems.413

• The proofs can either appear in the main paper or the supplemental material, but if414

they appear in the supplemental material, the authors are encouraged to provide a short415

proof sketch to provide intuition.416

• Inversely, any informal proof provided in the core of the paper should be complemented417

by formal proofs provided in appendix or supplemental material.418

• Theorems and Lemmas that the proof relies upon should be properly referenced.419

4. Experimental result reproducibility420

Question: Does the paper fully disclose all the information needed to reproduce the main ex-421

perimental results of the paper to the extent that it affects the main claims and/or conclusions422

of the paper (regardless of whether the code and data are provided or not)?423

Answer: [Yes]424

Justification: Experimental setup including dataset descriptions (Section 4.1), RAG imple-425

mentation details (Section 4.2), fine-tuning parameters (Section 4.3), evaluation metrics426

(Section 4.4) is provided and source code is available in appendix.427

Guidelines:428

• The answer NA means that the paper does not include experiments.429

• If the paper includes experiments, a No answer to this question will not be perceived430

well by the reviewers: Making the paper reproducible is important, regardless of431

whether the code and data are provided or not.432

• If the contribution is a dataset and/or model, the authors should describe the steps taken433

to make their results reproducible or verifiable.434

• Depending on the contribution, reproducibility can be accomplished in various ways.435

For example, if the contribution is a novel architecture, describing the architecture fully436

might suffice, or if the contribution is a specific model and empirical evaluation, it may437

be necessary to either make it possible for others to replicate the model with the same438

dataset, or provide access to the model. In general. releasing code and data is often439

one good way to accomplish this, but reproducibility can also be provided via detailed440

instructions for how to replicate the results, access to a hosted model (e.g., in the case441

of a large language model), releasing of a model checkpoint, or other means that are442

appropriate to the research performed.443

• While NeurIPS does not require releasing code, the conference does require all submis-444

sions to provide some reasonable avenue for reproducibility, which may depend on the445

nature of the contribution. For example446

(a) If the contribution is primarily a new algorithm, the paper should make it clear how447

to reproduce that algorithm.448

(b) If the contribution is primarily a new model architecture, the paper should describe449

the architecture clearly and fully.450

(c) If the contribution is a new model (e.g., a large language model), then there should451

either be a way to access this model for reproducing the results or a way to reproduce452

the model (e.g., with an open-source dataset or instructions for how to construct453

the dataset).454

(d) We recognize that reproducibility may be tricky in some cases, in which case455

authors are welcome to describe the particular way they provide for reproducibility.456

In the case of closed-source models, it may be that access to the model is limited in457

some way (e.g., to registered users), but it should be possible for other researchers458

to have some path to reproducing or verifying the results.459
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5. Open access to data and code460

Question: Does the paper provide open access to the data and code, with sufficient instruc-461

tions to faithfully reproduce the main experimental results, as described in supplemental462

material?463

Answer: [Yes]464

Justification: Source code with experimental setup and training dataset has been submitted.465

Guidelines:466

• The answer NA means that paper does not include experiments requiring code.467

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/468

public/guides/CodeSubmissionPolicy) for more details.469

• While we encourage the release of code and data, we understand that this might not be470

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not471

including code, unless this is central to the contribution (e.g., for a new open-source472

benchmark).473

• The instructions should contain the exact command and environment needed to run to474

reproduce the results. See the NeurIPS code and data submission guidelines (https:475

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.476

• The authors should provide instructions on data access and preparation, including how477

to access the raw data, preprocessed data, intermediate data, and generated data, etc.478

• The authors should provide scripts to reproduce all experimental results for the new479

proposed method and baselines. If only a subset of experiments are reproducible, they480

should state which ones are omitted from the script and why.481

• At submission time, to preserve anonymity, the authors should release anonymized482

versions (if applicable).483

• Providing as much information as possible in supplemental material (appended to the484

paper) is recommended, but including URLs to data and code is permitted.485

6. Experimental setting/details486

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-487

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the488

results?489

Answer: [Yes]490

Justification: The paper specifies LoRA parameters , batch size, epochs, model architecture,491

and evaluation pipeline details in Sections 4.2-4.4.492

Guidelines:493

• The answer NA means that the paper does not include experiments.494

• The experimental setting should be presented in the core of the paper to a level of detail495

that is necessary to appreciate the results and make sense of them.496

• The full details can be provided either with the code, in appendix, or as supplemental497

material.498

7. Experiment statistical significance499

Question: Does the paper report error bars suitably and correctly defined or other appropriate500

information about the statistical significance of the experiments?501

Answer: [No]502

Justification: The paper reports raw percentage metrics without error bars.503

Guidelines:504

• The answer NA means that the paper does not include experiments.505

• The authors should answer "Yes" if the results are accompanied by error bars, confi-506

dence intervals, or statistical significance tests, at least for the experiments that support507

the main claims of the paper.508

• The factors of variability that the error bars are capturing should be clearly stated (for509

example, train/test split, initialization, random drawing of some parameter, or overall510

run with given experimental conditions).511

13

https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy


• The method for calculating the error bars should be explained (closed form formula,512

call to a library function, bootstrap, etc.)513

• The assumptions made should be given (e.g., Normally distributed errors).514

• It should be clear whether the error bar is the standard deviation or the standard error515

of the mean.516

• It is OK to report 1-sigma error bars, but one should state it. The authors should517

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis518

of Normality of errors is not verified.519

• For asymmetric distributions, the authors should be careful not to show in tables or520

figures symmetric error bars that would yield results that are out of range (e.g. negative521

error rates).522

• If error bars are reported in tables or plots, The authors should explain in the text how523

they were calculated and reference the corresponding figures or tables in the text.524

8. Experiments compute resources525

Question: For each experiment, does the paper provide sufficient information on the com-526

puter resources (type of compute workers, memory, time of execution) needed to reproduce527

the experiments?528

Answer: [Yes]529

Justification: For compute used in evaluation and Fine-Tuning has been explained in ap-530

pendix.531

Guidelines:532

• The answer NA means that the paper does not include experiments.533

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,534

or cloud provider, including relevant memory and storage.535

• The paper should provide the amount of compute required for each of the individual536

experimental runs as well as estimate the total compute.537

• The paper should disclose whether the full research project required more compute538

than the experiments reported in the paper (e.g., preliminary or failed experiments that539

didn’t make it into the paper).540

9. Code of ethics541

Question: Does the research conducted in the paper conform, in every respect, with the542

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?543

Answer: [Yes]544

Justification: The research focuses on improving hallucination evaluation in LLMs, which545

aligns with responsible AI development and poses no apparent ethical concerns.546

Guidelines:547

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.548

• If the authors answer No, they should explain the special circumstances that require a549

deviation from the Code of Ethics.550

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-551

eration due to laws or regulations in their jurisdiction).552

10. Broader impacts553

Question: Does the paper discuss both potential positive societal impacts and negative554

societal impacts of the work performed?555

Answer: [NA]556

Justification: The paper focuses on technical contributions without discussing broader557

societal impacts.558

Guidelines:559

• The answer NA means that there is no societal impact of the work performed.560

• If the authors answer NA or No, they should explain why their work has no societal561

impact or why the paper does not address societal impact.562

14

https://neurips.cc/public/EthicsGuidelines


• Examples of negative societal impacts include potential malicious or unintended uses563

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations564

(e.g., deployment of technologies that could make decisions that unfairly impact specific565

groups), privacy considerations, and security considerations.566

• The conference expects that many papers will be foundational research and not tied567

to particular applications, let alone deployments. However, if there is a direct path to568

any negative applications, the authors should point it out. For example, it is legitimate569

to point out that an improvement in the quality of generative models could be used to570

generate deepfakes for disinformation. On the other hand, it is not needed to point out571

that a generic algorithm for optimizing neural networks could enable people to train572

models that generate Deepfakes faster.573

• The authors should consider possible harms that could arise when the technology is574

being used as intended and functioning correctly, harms that could arise when the575

technology is being used as intended but gives incorrect results, and harms following576

from (intentional or unintentional) misuse of the technology.577

• If there are negative societal impacts, the authors could also discuss possible mitigation578

strategies (e.g., gated release of models, providing defenses in addition to attacks,579

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from580

feedback over time, improving the efficiency and accessibility of ML).581

11. Safeguards582

Question: Does the paper describe safeguards that have been put in place for responsible583

release of data or models that have a high risk for misuse (e.g., pretrained language models,584

image generators, or scraped datasets)?585

Answer: [NA]586

Justification: The paper presents an evaluation framework rather than releasing potentially587

harmful models or datasets.588

Guidelines:589

• The answer NA means that the paper poses no such risks.590

• Released models that have a high risk for misuse or dual-use should be released with591

necessary safeguards to allow for controlled use of the model, for example by requiring592

that users adhere to usage guidelines or restrictions to access the model or implementing593

safety filters.594

• Datasets that have been scraped from the Internet could pose safety risks. The authors595

should describe how they avoided releasing unsafe images.596

• We recognize that providing effective safeguards is challenging, and many papers do597

not require this, but we encourage authors to take this into account and make a best598

faith effort.599

12. Licenses for existing assets600

Question: Are the creators or original owners of assets (e.g., code, data, models), used in601

the paper, properly credited and are the license and terms of use explicitly mentioned and602

properly respected?603

Answer: [Yes]604

Justification: All existing assets used in the paper are properly credited with citations, and605

their licenses and terms of use are explicitly documented in Appendix Section606

Guidelines:607

• The answer NA means that the paper does not use existing assets.608

• The authors should cite the original paper that produced the code package or dataset.609

• The authors should state which version of the asset is used and, if possible, include a610

URL.611

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.612

• For scraped data from a particular source (e.g., website), the copyright and terms of613

service of that source should be provided.614
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• If assets are released, the license, copyright information, and terms of use in the615

package should be provided. For popular datasets, paperswithcode.com/datasets616

has curated licenses for some datasets. Their licensing guide can help determine the617

license of a dataset.618

• For existing datasets that are re-packaged, both the original license and the license of619

the derived asset (if it has changed) should be provided.620

• If this information is not available online, the authors are encouraged to reach out to621

the asset’s creators.622

13. New assets623

Question: Are new assets introduced in the paper well documented and is the documentation624

provided alongside the assets?625

Answer: [Yes]626

Justification: source code with experimental setup and training dataset has been submitted.627

Guidelines:628

• The answer NA means that the paper does not release new assets.629

• Researchers should communicate the details of the dataset/code/model as part of their630

submissions via structured templates. This includes details about training, license,631

limitations, etc.632

• The paper should discuss whether and how consent was obtained from people whose633

asset is used.634

• At submission time, remember to anonymize your assets (if applicable). You can either635

create an anonymized URL or include an anonymized zip file.636

14. Crowdsourcing and research with human subjects637

Question: For crowdsourcing experiments and research with human subjects, does the paper638

include the full text of instructions given to participants and screenshots, if applicable, as639

well as details about compensation (if any)?640

Answer: [NA]641

Justification:The paper does not involve research with human subjects.642

Guidelines:643

• The answer NA means that the paper does not involve crowdsourcing nor research with644

human subjects.645

• Including this information in the supplemental material is fine, but if the main contribu-646

tion of the paper involves human subjects, then as much detail as possible should be647

included in the main paper.648

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,649

or other labor should be paid at least the minimum wage in the country of the data650

collector.651

15. Institutional review board (IRB) approvals or equivalent for research with human652

subjects653

Question: Does the paper describe potential risks incurred by study participants, whether654

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)655

approvals (or an equivalent approval/review based on the requirements of your country or656

institution) were obtained?657

Answer: [NA]658

Justification: The paper does not involve research with human subjects.659

Guidelines:660

• The answer NA means that the paper does not involve crowdsourcing nor research with661

human subjects.662

• Depending on the country in which research is conducted, IRB approval (or equivalent)663

may be required for any human subjects research. If you obtained IRB approval, you664

should clearly state this in the paper.665
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• We recognize that the procedures for this may vary significantly between institutions666

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the667

guidelines for their institution.668

• For initial submissions, do not include any information that would break anonymity (if669

applicable), such as the institution conducting the review.670

16. Declaration of LLM usage671

Question: Does the paper describe the usage of LLMs if it is an important, original, or672

non-standard component of the core methods in this research? Note that if the LLM is used673

only for writing, editing, or formatting purposes and does not impact the core methodology,674

scientific rigorousness, or originality of the research, declaration is not required.675

Answer: [Yes]676

Justification: The paper describes using GPT-4 for evaluation and fact extraction, and677

LLaMA 3.2 8B as the test model, which are core components of the research methodology.678

Guidelines:679

• The answer NA means that the core method development in this research does not680

involve LLMs as any important, original, or non-standard components.681

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)682

for what should or should not be described.683
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