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Abstract001

While large language models (LLMs) excel002
at many domain-specific tasks, their ability003
to deeply comprehend and reason about full-004
length academic papers remains underexplored.005
Existing benchmarks often fall short of cap-006
turing such depth, either due to surface-level007
question design or unreliable evaluation met-008
rics. To address this gap, we introduce ELAIP-009
BENCH, a benchmark curated by domain ex-010
perts to evaluate LLMs’ comprehension of ar-011
tificial intelligence (AI) research papers. De-012
veloped through a game-theoretic, adversarial013
annotation process, ELAIPBENCH features 403014
multiple-choice questions from 137 papers. It015
spans three difficulty levels and emphasizes016
non-trivial reasoning rather than shallow re-017
trieval. Our experiments show that the best-018
performing LLM achieves an accuracy of only019
39.95%, far below human performance. More-020
over, we observe that frontier LLMs equipped021
with a thinking mode or a retrieval-augmented022
generation (RAG) system fail to improve final023
results—even harming accuracy due to over-024
thinking or noisy retrieval. These findings un-025
derscore the significant gap between current026
LLM capabilities and genuine comprehension027
of academic papers.028

1 Introduction029

In recent years, large language models (LLMs)030

have made remarkable advancements in acquiring031

domain-specific knowledge and enhancing reason-032

ing capabilities. These models encapsulate exten-033

sive expertise across various fields, enabling perfor-034

mance at or beyond human-expert levels on mul-035

tiple scientific benchmarks (Achiam et al., 2023;036

Lála et al., 2023; Laurent et al., 2024; Du et al.,037

2025). Furthermore, LLMs have demonstrated038

strong reasoning abilities on tasks that require logi-039

cal deduction (Liu et al., 2024; Yang et al., 2025),040

including mathematics (Hendrycks et al., 2021) and041

programming (Hui et al., 2024; Jain et al., 2025).042

Question:
According to the results of this article, when Llama2 faces the 
repetition task, Chinese is less likely to use English as an intermediate 
language than Finnish. This is because:
A. The training corpus for Chinese is significantly larger than that for 
Finnish, leading the model to prefer expressing itself directly in 
Chinese.
B. Llama 2 is designed with a greater number of specialized tokens for 
Chinese.  
C. Compared to Chinese, English and Finnish share greater similarities in 
expression, allowing the model to use English as an intermediate 
language to facilitate generation.
D. The Chinese training corpus contains a substantial amount of noise, 
which may influence the model to detour through English. 

Paper Title: Do Llamas Work in English? On the Latent 
Language of Multilingual Transformers

Correct Answer： B

Evidence: 
For A: … even a small percentage of non-English training data still 
constitutes a large number of tokens in absolute terms (e.g., 0.17% = 
3.4B German tokens, 0.13% = 2.6B Chinese tokens) …
For B: …

Figure 1: An example from ELAIPBENCH. Option A,
while potentially factually correct, is not substantiated
by the text. Option C is a deliberately constructed dis-
tractor with no direct supporting evidence in the text.
Option D is also not explicitly stated in the text, al-
though its latter part is derived from the paper.

Given that artificial intelligence (AI) research often 043

requires a strong command of both mathematics 044

and algorithmic programming, these advancements 045

have led AI researchers to increasingly employ 046

LLMs as tools for reading, interpreting, and even 047

reviewing academic papers. However, this raises a 048

critical question: To what extent can LLMs truly 049

comprehend academic content—specifically, are 050

they capable of deep understanding, learning, 051

and reasoning based on lengthy scholarly texts? 052

Unfortunately, existing domain-specific bench- 053

marks fail to adequately assess the deep comprehen- 054

sion of LLMs for academic papers. Some bench- 055

marks focus on content extraction tasks where 056

answers are explicitly stated in the papers (Lála 057

et al., 2023; Auer et al., 2023; Laurent et al., 2024). 058

These answers can be easily retrieved by LLMs 059

due to their strong recall abilities. Others em- 060

ploy open-ended questions requiring the summa- 061
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rization of phenomena or methods described in the062

papers (Saikh et al., 2022; Lee et al., 2023; Wan063

et al., 2024; Gui et al., 2025); however, their evalu-064

ation metrics (e.g., ROUGE) fail to accurately and065

reliably measure fine-grained details or key tech-066

nical knowledge. Crucially, existing approaches067

relying on human annotation struggle with quality068

control—although some incorporate question vali-069

dation mechanisms (Welbl et al., 2017; Bai et al.,070

2024), crowd-sourced annotation schemes may still071

produce superficial questions (Kittur et al., 2008).072

To address these limitations, we aim to construct073

a benchmark with the following features: (1) Re-074

liability: all evaluations should be conducted in075

the form of multiple-choice questions, ensuring076

a precise and standardized format; (2) Difficulty:077

the questions should be challenging enough that078

even experienced researchers cannot answer all of079

them correctly in a short time; (3) High Quality:080

all questions must be answerable, and each must081

be accompanied by evidence-supported answers to082

ensure both validity and interpretability.083

With the above goal in mind, we introduce084

ELAIPBENCH, a benchmark designed to evalu-085

ate Expert-Level Artificial Intelligence Paper un-086

derstanding. ELAIPBENCH encompasses papers087

from the domains of machine learning (ML), com-088

puter vision (CV), and natural language process-089

ing (NLP). It comprises 403 manually crafted090

multiple-choice questions in both single-answer091

and multiple-answer formats, thereby ensuring the092

reliability of evaluation. The benchmark, pre-093

sented in English, provides each question with its094

full-length source paper, the correct answers, and095

the corresponding evidence excerpt from the paper.096

To ensure the difficulty and high quality of097

ELAIPBENCH, we employ a game-theoretic com-098

petitive annotation protocol designed to yield chal-099

lenging questions. We recruit 20 human annotators,100

each holding at least a master’s degree in computer101

science and having prior experience in publishing102

academic papers. Each annotator is assigned one103

of three roles: Question Writer, Evidence Verifier,104

or Answer Verifier.The Question Writer is responsi-105

ble for creating data instances. Each instance com-106

prises an English academic paper, a set of questions107

with corresponding answer choices, the correct an-108

swer, and supporting evidence excerpts from the109

paper. Subsequently, as a preliminary difficulty110

filter, we use three LLMs for automated review.111

If any model answers the question correctly, it is112

discarded as too easy. The filtered questions are113

assigned to Evidence Verifiers, who answer them 114

using the paper and evidence excerpts. A question 115

is retained only if the Evidence Verifier derives the 116

correct answer using the provided evidence. Fi- 117

nally, the Answer Verifier attempts to answer the 118

questions based solely on the paper, question, and 119

options. Throughout the process, annotators re- 120

ceive a base salary and compete for performance 121

bonuses based on response time and accuracy. By 122

adopting this game-theoretic incentive design, we 123

establish careful annotation as the Nash equilib- 124

rium for all annotators, thereby yielding challeng- 125

ing yet answerable questions. Figure 1 presents 126

an example question from ELAIPBENCH. Its op- 127

tions not only incorporate explicit content from the 128

paper but also require LLMs to perform reason- 129

ing based on this content combined with scientific 130

common knowledge. Overall, our contributions are 131

summarized as follows: 132

• We introduce ELAIPBENCH, a benchmark 133

containing 403 expert-created questions with 134

three difficulty levels. The questions are pre- 135

cise and unambiguous, and they require deep 136

understanding beyond simple paper retrieval. 137

• We propose a game-theoretic annotation 138

mechanism that uses performance-linked 139

bonuses to generate high-quality questions. 140

Comprehensive evaluations show the bench- 141

mark’s difficulty: human experts achieve only 142

48.14% accuracy within 20 minutes, while the 143

best-performing LLMs reach just 39.95%. 144

• In our experiments, we observe that LLMs 145

augmented with either reasoning or re- 146

trieval capabilities generally underperform 147

non-augmented baselines on ELAIPBENCH. 148

This suggests that current naive augmentation 149

methods may lead to misinterpretations of pa- 150

pers, which highlights an unexplored gap for 151

future research. 152

2 Related Works 153

2.1 Scientific Comprehension Benchmarks 154

To advance the evaluation of LLMs in the domain 155

of scientific comprehension, a variety of bench- 156

mark datasets have emerged, with increasing em- 157

phasis on task complexity and domain specificity. 158

These benchmarks can be broadly categorized into 159

two groups. The first group either does not require 160

contextual information or relies on only brief text 161
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passages. Sorted by publication date, these bench-162

marks include emrQA (Pampari et al., 2018), Pub-163

MedQA (Jin et al., 2019), ScienceQA (Saikh et al.,164

2022), SciQA (Auer et al., 2023), SciBench (Wang165

et al., 2023), ChemLit-QA (Wellawatte et al., 2025),166

and HLE (Phan et al., 2025). They primarily as-167

sess models’ intrinsic knowledge within a specific168

domain while neglecting the critical ability to com-169

prehend contextual information—an essential skill170

in academic research or paper review. The second171

group incorporates full academic papers as con-172

text (Lála et al., 2023; Skarlinski et al., 2024; Bai173

et al., 2024); however, the associated questions tend174

to be superficial, enabling LLMs to locate answers175

through direct text matching rather than requiring176

synthesis, inference, or critical engagement with177

the academic paper context. For more detailed178

comparisons of existing benchmarks, please refer179

to Appendix A.1.180

2.2 Annotation Methods181

Current academic question answering benchmarks182

are primarily generated using two annotation ap-183

proaches. The first relies on crowdsourced hu-184

man annotation, where data labeling is conducted185

through pipeline-based workflows and quality con-186

trol is typically managed by a review group (Lála187

et al., 2023; Bai et al., 2024; Skarlinski et al., 2024;188

Asai et al., 2024; Gui et al., 2025). This approach,189

however, heavily depends on the efficiency and190

expertise of the reviewing team, with limited mech-191

anisms for providing feedback on the review out-192

comes. The second approach leverages LLMs to193

automatically generate datasets by equipping them194

with various specialized tools and prompting frame-195

works (Lee et al., 2023; Wan et al., 2024; Kim et al.,196

2025; Yu et al., 2025). While scalable, this method197

is constrained by the inherent comprehension limits198

of the models, frequently resulting in insufficient199

diversity and a lack of depth required for resolv-200

ing complex academic questions. To the best of201

our knowledge, we are the first to integrate game-202

theoretic principles into the annotation process for203

academic QA benchmarks.204

3 Construction of ELAIPBENCH205

In this section, we present the construction process206

of ELAIPBENCH. First, we define the task. Next,207

we introduce a game-theoretic annotation mecha-208

nism designed to ensure challenging data. Finally,209

we provide statistical information.210

3.1 Task Overview 211

Task Definition. The task is formally defined as 212

follows: given an academic paper text p from the 213

AI domain, published in a conference or journal, 214

and a multiple-choice question q, the model is re- 215

quired to identify all correct answer choices based 216

on the content of the paper. Any response contain- 217

ing incorrect options or failing to include all correct 218

choices receives zero points. 219

Annotation Team. To collect high-quality and 220

challenging question-answering (QA) data derived 221

from academic papers, we recruit a team of 20 an- 222

notators from top universities. We also develop an 223

online annotation platform designed to facilitate the 224

annotation process. All annotators have previously 225

published papers in the field of AI and are fluent 226

in English. Specifically, the team comprises one 227

professor, one postdoctoral researcher, ten Ph.D. 228

students, and eight master’s students, all special- 229

izing in AI. Further details about the annotation 230

platform and team are provided in Appendix A.3. 231

3.2 Game-Theoretic Annotation Mechanism 232

As illustrated in Figure 2, our annotation mecha- 233

nism consists of three key stages: QA Pair Gen- 234

eration, Evidence Verification, and Answer Veri- 235

fication. These stages involve three distinct roles 236

(Question Writer, Evidence Verifier, and Answer 237

Verifier), staffed with 10, 4, and 6 annotators, re- 238

spectively. The roles operate independently yet 239

pursue competing objectives within the workflow. 240

Compensation is structured as a combination of 241

base pay and performance-based bonuses. Annota- 242

tors receive a base payment of 30 CNY per ques- 243

tion they generate. During the verification stages, 244

they can earn additional performance bonuses of 245

30 CNY (Level-1) or 60 CNY (Level-2), awarded 246

based on the quality of their annotations. The total 247

cost for all data collection and annotation was over 248

50,000 CNY (~7,000 USD). 249

3.2.1 QA Pair Generation 250

In the QA Pair Generation stage, each Question 251

Writer is required to first upload a long paper from 252

a top conference or journal with which they are 253

thoroughly familiar. The annotation platform em- 254

ploys a PDF-to-text tool such as PyMuPDF1 to 255

transform the uploaded file into plain text. This 256

preprocessed text is then automatically checked for 257

length, and any document containing fewer than 258

1https://github.com/pymupdf/PyMuPDF
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Figure 2: Construction of ELAIPBENCH.

4,096 tokens is rejected due to insufficient content259

for generating challenging questions. Following260

successful preprocessing, the Question Writer cre-261

ates both single-answer multiple-choice questions262

(SA-MCQ) and multiple-answer multiple-choice263

questions (MA-MCQ) according to detailed annota-264

tion guidelines. Each SA-MCQ must have exactly265

one correct answer, while each MA-MCQ must266

have one or more correct answers. All correct an-267

swers must be grounded in factual content from268

the paper and require corresponding supporting ev-269

idence. This supporting evidence must consist of270

verbatim excerpts from one or more paragraphs of271

the source paper. Its sufficiency is determined by272

whether an AI expert could correctly answer the273

question based solely on this evidence.274

Our annotation guidelines are as follows: (1)275

Avoid selecting highly-cited or canonical academic276

papers to ensure diversity and mitigate the risk277

of models relying on memorized knowledge. (2)278

Questions must be objectively formulated in En-279

glish, free of subjectivity or ambiguity. (3) The280

correct answer must not be obtainable through sim-281

ple keyword matching or direct retrieval from the282

text; instead, answering the question should require283

reasoning, summarization, or integration of multi-284

ple pieces of information from different sections285

of the paper. (4) Questions and options should286

not introduce domain-specific terms or abbrevia-287

tions unless they are explicitly defined or already288

appear in the paper, as such content may confuse 289

LLMs or introduce unintended ambiguity. (5) Dis- 290

tractors should be carefully designed to include 291

misleading phrasing or partial truths—statements 292

that align with some aspects of the paper but are 293

ultimately incorrect—thereby increasing the cogni- 294

tive demand and necessitating careful comparison 295

and deep reasoning. (6) For SA-MCQ, exactly one 296

option must be correct. (7) For MA-MCQ, the 297

number of correct options must be either two or 298

three, a constraint designed to ensure a balanced 299

level of difficulty and discourage random guessing. 300

The detailed annotation guidelines are provided in 301

Appendix A.2. 302

The Question Writer must provide: (1) a pa- 303

per, (2) a question, (3) verbatim evidence from the 304

source paper corresponding to each option, and 305

(4) the correct answer. After the initial annotation, 306

the Question Writer evaluates the question’s diffi- 307

culty during a process we term the Automatic Re- 308

view stage. In this stage, the writer prompts three 309

LLMs on our platform—GPT-4o-mini, Qwen 310

2.5-14B-Instruct and GLM-4-Flash—to 311

answer the question based solely on the provided 312

paper. Questions incorrectly answered by all three 313

models proceed to Evidence Verification. Con- 314

versely, if any of the three models answers the 315

question correctly during this stage, it is deemed 316

insufficiently challenging and must be revised by 317

the Question Writer to increase its difficulty. 318
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3.2.2 Evidence Verification319

In this stage, Evidence Verifiers assess whether the320

provided evidence excerpts are sufficient to support321

a correct choice. This requires: (1) analyzing and322

reasoning over the evidence, and (2) attempting to323

answer the question using only this evidence. To in-324

centivize Question Writers to provide accurate and325

logically aligned evidence, we implement a com-326

petitive mechanism: if the Evidence Verifier arrives327

at the correct answer using exclusively the pro-328

vided evidence, both receive Level-1 performance329

bonuses. Conversely, if verification fails, penalties330

apply: the Question Writer and the Evidence Veri-331

fier lose their bonus allocation. This failure triggers332

a Revision cycle where the Question Writer must333

improve either the evidence or the entire QA pair.334

The revised version must pass both Automatic Re-335

view and subsequent Evidence Verification before336

either party is rewarded. This filtering mechanism337

ensures that questions clearing this stage are fully338

answerable by human experts given the evidence339

excerpts. Crucially, this game-theoretic protocol340

compels Question Writers to simultaneously ele-341

vate the difficulty standards of their questions while342

ensuring the provision of logically sound evidence343

to support their answers.344

3.2.3 Answer Verification345

In the Answer Verification phase, two constraints346

govern the process: correctness and time limitation.347

Specifically, the Answer Verifier attempts to answer348

each question within 20 minutes using only the349

provided paper and without any external evidence.350

Based on the outcome of this process, questions are351

classified into three levels: (1) Easy: The question352

is classified as easy if the verifier answers correctly353

within the time limit. In this case, the Question354

Writer forfeits their bonus, while the Answer Ver-355

ifier receives a Level-1 bonus, indicating that the356

question posed an insufficient challenge. (2) Mod-357

erate: The question is classified as moderate if the358

Answer Verifier responds correctly but exceeds the359

20-minute threshold. In this scenario, the Question360

Writer receives a Level-1 bonus, while the Answer361

Verifier receives no bonus, reflecting the verifier’s362

inadequate efficiency. (3) Hard: The question is363

classified as hard if the Answer Verifier fails to pro-364

vide the correct answer. In this case, the Question365

Writer receives a Level-2 bonus, and the Answer366

Verifier again receives no bonus.367

In summary, the proposed mechanism induces a368

dynamic adversarial relationship among the three369

annotator groups and establishes careful annotation 370

as a Nash equilibrium. Specifically, any deviation 371

from diligent annotation is identified through cross- 372

validation against the others’ annotations, conse- 373

quently resulting in reduced compensation. 374

3.3 Benchmark Statistics 375

Tables 1 presents the distribution of data. For more 376

statistics and examples, please see Appendix A.4. 377

Statistics Numbers Average Length

Paper 137 15,012.85
Question 403 140.17

SA-MCQ 88 163.80
MA-MCQ 315 133.57

Easy Question 85 140.05
Moderate Question 109 139.82
Hard Question 209 140.40

ML Question 129 138.06
CV Question 54 139.44
NLP Question 220 141.59

Table 1: Statistics of ELAIPBENCH.

4 Experiments 378

In this section, we evaluate the performance of fron- 379

tier LLMs on ELAIPBENCH and identify five key 380

findings: (1) Large reasoning models (LRMs) with 381

an explicit thinking mode often underperform their 382

base-model counterparts—a phenomenon we term 383

reasoning paralysis (Section 4.2). (2) Over half of 384

reasoning paralysis cases stem from harmful veri- 385

fication, in which models overturn initially correct 386

answers during the reasoning process (Section 4.3). 387

(3) Longer reasoning chains do not necessarily im- 388

prove accuracy; instead, excessively long chains 389

often lead to incorrect results (Section 4.4). (4) 390

Models fail to adapt their reasoning depth to the 391

difficulty of a question, producing chains of similar 392

length regardless of its complexity (Section 4.5). 393

(5) Retrieval-augmented generation (RAG) yields 394

marginal gains at best, as retrievers struggle to find 395

relevant evidence in academic papers while models 396

fail to sufficiently integrate the retrieved content 397

(Section 4.6). These findings underscore the chal- 398

lenges ELAIPBENCH poses for academic context 399

understanding in LLMs. 400

4.1 Baseline LLMs 401

We evaluate seven base models and seven 402

LRMs. The base models include Llama3.3-70B- 403

Instruct (Dubey et al., 2024), Qwen3-8B, Qwen3- 404
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Paradigm Models Total Question Type Difficulty Discipline

SA-MCQ MA-MCQ Easy Moderate Hard ML CV NLP

Base Models

Llama3.3-70B-Instruct 38.71 43.18 37.46 80.00 79.82 0.48 36.43 38.89 42.93
Qwen3-8B 35.48 23.86 38.73 69.41 77.06 0.00 31.01 35.19 40.98
Qwen3-14B 36.23 28.41 38.41 77.65 73.39 0.00 32.56 35.19 41.46
Qwen3-32B 37.72 31.82 39.37 82.35 75.23 0.48 33.33 38.89 42.93
DeepSeek-V3 39.95 32.95 41.90 85.88 78.90 0.96 37.21 38.89 44.88
GPT-4o-0806 37.47 22.73 41.59 80.00 75.23 0.48 34.11 37.04 42.44
GPT-5 38.71 31.82 40.63 85.88 74.31 0.96 36.43 38.89 42.93

CoTs

Llama3.3-70B-Instruct + CoT 25.81 25.00 26.03 80.00 32.11 0.48 24.81 24.07 28.78
Qwen3-8B + CoT 35.98 25.00 39.05 72.94 76.15 0.00 30.23 35.19 42.44
Qwen3-14B + CoT 31.76 19.32 35.24 77.65 56.88 0.00 31.01 31.48 34.63
Qwen3-32B + CoT 32.75 23.86 35.24 82.35 56.88 0.00 32.56 33.33 35.12
DeepSeek-V3 + CoT 29.78 32.95 28.89 84.71 42.20 0.96 27.13 29.63 33.66
GPT-4o-0806 + CoT 25.31 12.50 22.54 78.82 31.19 0.48 22.48 25.93 28.78
GPT-5 + CoT 35.24 22.73 38.73 85.88 62.39 0.48 31.78 35.19 40.00

LRMs

QwQ-32B 9.68 12.50 8.89 31.76 11.01 0.00 9.30 9.26 10.73
Qwen3-235B-A22B-thinking 19.35 20.45 19.05 57.65 22.94 0.48 17.83 18.52 21.95
DeepSeek-R1 25.81 31.82 24.13 61.18 45.87 0.96 23.26 25.93 29.27
GPT-5-thinking-all 37.22 46.59 34.60 83.53 70.64 0.96 37.21 38.89 39.51
GPT-o1-mini 35.48 28.41 37.46 78.82 67.89 0.96 34.11 35.19 39.02
Gemini-2.5-flash-thinking 19.35 18.18 19.68 60.00 23.85 0.48 17.05 20.37 21.95
Claude-3.7-Sonnet-thinking 38.46 43.18 37.14 85.88 73.39 0.96 35.66 38.89 42.93

Human - 48.14 56.82 45.71 100.00 100.00 0.00/100.00* 45.74 51.85 52.20

Table 2: Accuracy of LLMs on the ELAIPBENCH. Bold indicates the best result among LLMs. The Human results
are provided by the Answer Verifier, and values marked with * indicate the accuracy of the Evidence Verifier.

14B, Qwen3-32B (Yang et al., 2025), DeepSeek-405

V3 (Liu et al., 2024), GPT-4o-0806 (Hurst406

et al., 2024), and GPT-52. The LRMs com-407

prise QwQ-32B (Wake et al., 2024), Qwen3-235B-408

A22B-thinking (Yang et al., 2025), DeepSeek-409

R1 (Liu et al., 2024), GPT-5-thinking-all, GPT-410

o1-mini (Jaech et al., 2024), Gemini-2.5-flash-411

thinking (Comanici et al., 2025), and Claude-3.7-412

Sonnet-thinking3. To reduce variability introduced413

by stochastic decoding, we report the mean results414

from 3 independent API calls. Evaluation metric,415

prompts and detailed parameter configurations of416

all LLMs are provided in Appendix A.5.417

4.2 Results for LLMs418

We employ three primary paradigms: a base model419

paradigm, a chain-of-thought (CoT) paradigm, and420

an LRM paradigm. In the base model paradigm,421

models are instructed to output only the final an-422

swer option. In the CoT paradigm, we add the423

prompt “Let’s think step by step.” to elicit step-424

wise reasoning before the final answer. In the LRM425

paradigm, the model is allowed to produce an un-426

structured reasoning chain before the answer.427

As shown in Table 2, the overall performance428

of evaluated models on ELAIPBENCH is poor,429

with the highest accuracy reaching only 39.95%,430

highlighting their limitations in handling complex431

2www.openai.com/index/introducing-gpt-5
3www.anthropic.com/news/claude-3-7-sonnet

academic reasoning. Moreover, integrating rea- 432

soning strategies into base models yields incon- 433

sistent improvements: apart from Qwen3-8B, all 434

other LLMs exhibit degraded performance with 435

CoT prompting. This trend persists in specialized 436

LRMs—GPT-5-thinking-all underperforms GPT- 437

5, while DeepSeek-R1 trails DeepSeek-V3. This 438

phenomenon, which we term reasoning paralysis, 439

indicates that current reasoning paradigms are in- 440

sufficient for ELAIPBENCH’s academic challenges. 441

In both SA-MCQ and MA-MCQ tasks, LLMs 442

consistently underperform human experts. In SA- 443

MCQ, the LRMs demonstrate moderate improve- 444

ment over the base model (GPT-5-thinking-all 445

achieves 46.59%, surpassing GPT-5’s 31.82%). 446

However, in the MA-MCQ setting, the accuracy of 447

LLMs drops significantly. We hypothesize that this 448

decline is attributable to the increased complexity 449

of the MA-MCQ format, which, by requiring the se- 450

lection of multiple correct answers, makes it more 451

challenging for LLMs to reliably identify all correct 452

options. Furthermore, no LLM exceeds human ex- 453

pert performance on questions of easy or moderate 454

difficulty. On hard questions, the marginal advan- 455

tages exhibited by a few models (a mere 0.96%) 456

are insufficient to warrant their reliable use by hu- 457

man experts for academic paper understanding. Fi- 458

nally, the consistent underperformance of LLMs 459

compared to human experts across all AI-related 460

disciplines indicates that their limitations in paper 461
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Figure 3: Reasoning error distribution of ELAIPBNECH
on different LLMs.

comprehension are generalizable.462

4.3 Reasoning Error Analysis463

To investigate the causes of reasoning paralysis, we464

randomly selected 30 incorrectly answered ques-465

tions from the results produced under both the466

LRM and CoT paradigms and conducted a manual467

examination of the outputs. Based on our analysis468

of these errors, we classify the causes into three469

categories: (1) Analytical Error, where the model470

consistently performs incorrect reasoning to pro-471

duce wrong answers; (2) Harmful Verification,472

where the model’s flawed corrective measures dur-473

ing its verification process alter originally correct474

answers to incorrect ones; and (3) Overconfidence,475

where the model determines answers based on its476

own prior knowledge rather than the provided text.477

Figure 3 illustrates the distribution of these failure478

types. Notably, across all integrated reasoning set-479

tings, Harmful Verification accounts for over half480

of all error cases, indicating that the model often481

initially generates the correct answer but subse-482

quently invalidates it through excessive re-analysis.483

This finding suggests that Harmful Verification484

is the primary reason for the underperformance485

of the reasoning paradigms compared to the base486

models. Furthermore, models exhibit a higher ten-487

dency toward reasoning paralysis in MA-MCQ488

tasks. Detailed examples of these three error types489

are provided in Appendix A.6.490

4.4 Accuracy vs. Reasoning Length 491

Figure 4 shows the relationship between reason- 492

ing length and accuracy across different LRMs. 493

A consistent trend emerges: as the output length 494

increases from shorter to longer ranges, accuracy 495

does not improve for any model; instead, it steadily 496

declines. This degradation is most pronounced for 497

Claude-3.7-Sonnet-thinking. These results at least 498

indicate that longer outputs are not a reliable indica- 499

tor of more thorough reasoning; rather, they often 500

reflect a tendency to generate additional explana- 501

tions, branching hypotheses, or redundant steps 502

when the model is uncertain. We further observe 503

that self-verification behaviors account for a sub- 504

stantial fraction of LRM reasoning traces (approx- 505

imately 50%). Such segments often begin with 506

phrases such as wait or Alternatively, followed by 507

a restatement of the original question and a restart 508

of the reasoning process. This repetitive pattern 509

substantially lengthens the reasoning path while 510

introducing largely ineffective verification steps. 511

Representative cases are provided in Appendix A.6, 512

together with statistics summarizing the average 513

reasoning length across models. 514
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Figure 4: Completion Tokens vs.Performance.

4.5 Difficulty vs. Reasoning Length 515

Figure 5 presents the reasoning lengths of LLMs 516

across different question types. We observe 517

that all LRMs generate longer outputs than the 518

CoT paradigm. However, across question cat- 519

egories—including SA-MCQ, MA-MCQ, easy, 520

moderate, and hard difficulty levels—none of the 521

baselines exhibit meaningful variation in reasoning 522

length. This lack of adaptive behavior suggests 523

that current LLMs fail to recognize the relation- 524

ship between distractors in the options and the pa- 525

per content, and consequently do not engage in 526

deeper analysis. This shallow reasoning process 527

often leads to incorrect inferences, which in turn 528

degrades final performance, resulting in reasoning- 529

7



enhanced LLMs sometimes underperforming non-530

reasoning baselines. These findings underscore a531

critical limitation in current LLMs: while they can532

produce longer responses, they lack the ability to533

strategically adjust reasoning depth based on ques-534

tion complexity.535

SM

SE

ME

MM

MH

SH

250
500

750
1000

1250
1500

1750

Gemini-2.5-flash-thinking
DeepSeek-R1
QwQ-32B

Qwen3-32B+CoT
Llama-3.3-70b-Instruct+CoT
GPT-4o-0806+CoT

Figure 5: The reasoning lengths across different ques-
tion types (SE: SA-MCQ + easy, SM: SA-MCQ + mod-
erate, SH: SA-MCQ + hard, ME: MA-MCQ + easy,
MM: MA-MCQ + moderate, MH: MA-MCQ + hard).

4.6 RAG Performance536

In our RAG-based evaluation, we adopt two re-537

trieval paradigms: intra-paper retrieval and web-538

based retrieval. For intra-paper retrieval, we seg-539

ment each paper into non-overlapping passages540

of 512 tokens using sentence boundaries as de-541

limiters. We then retrieve the top-five most rele-542

vant passages for each question using two meth-543

ods: dense passage retrieval (DPR) based on the544

BGE-m3 (Chen et al., 2024) encoder and the BM25545

algorithm (Robertson et al., 2009). For web-based546

retrieval, we query the Google API using the ques-547

tion and paper title as input, retaining the content548

of the top-five most relevant web pages. In the549

prompt, we explicitly inform the LLM that the550

retrieved content constitutes auxiliary knowledge,551

which it may consult alongside the original paper.552

Detailed hyper-parameters, RAG configurations553

and prompts are provided in Appendix A.7.554

Figure 6 presents the impact of RAG on answer555

accuracy across different LLMs. We observe that556

both BGE-m3-based DPR and BM25 intra-paper557

retrieval lead to performance degradation. This558

stems from the retrievers’ inability to effectively559

align the questions with paper content, making it560

difficult to pinpoint evidence strongly correlated561

25 30 35 40Acc

Claude-3.7-Sonnet-thinking

GPT-o1-mini

GPT-5-thinking-all

D eepSeek-R1

GPT-5

DeepSeek-V3

Qwen3-32B

Llama-3.3-70b-Instruct

Google
BM25
BGE-m3
None

Figure 6: RAG Performance. The label None indicates
that the LLM generates answers directly, and its accu-
racy corresponds to the Total reported in Table 2.

with the answer options. Within the web-based 562

paradigm, improvements in answer accuracy re- 563

main marginal. Our analysis of the retrieved results 564

reveals that nearly all returned documents are other 565

relevant academic papers, compelling the LLM to 566

perform multi-document QA while simultaneously 567

analyzing complex scholarly content. Moreover, 568

many models struggle to extract and synthesize in- 569

formation from noisy web sources, impeding coher- 570

ent and contextually grounded reasoning. Although 571

models such as GPT-5, GPT-5-thinking-all, and 572

Claude-3.7-Sonnet-thinking show modest perfor- 573

mance gains, these incremental improvements fall 574

short of the expert-level academic understanding 575

expected. We believe that a carefully engineered 576

retriever, coupled with a structured organization of 577

retrieved external knowledge, could enhance the ca- 578

pacity of LLMs for academic paper comprehension. 579

Nevertheless, optimizing RAG system configura- 580

tions lies beyond the scope of our study, and thus 581

we defer such investigations to future work. 582

5 Conclusion 583

In this work, we introduce ELAIPBENCH, an 584

expert-level benchmark designed to evaluate the 585

understanding of AI research papers by LLMs. 586

Our evaluation reveals that even state-of-the-art 587

LLMs achieve only moderate performance (best at 588

39.95%), highlighting a substantial gap in current 589

models’ ability to perform fine-grained, evidence- 590

grounded reasoning over complex scientific texts. 591

8



6 Limitations592

We acknowledge several limitations of our work.593

(1) The scope of our benchmark is constrained in594

two ways: it is limited to the AI domain and covers595

only a single modality—text. However, expanding596

the benchmark is hindered by the practical chal-597

lenges and high cost of annotation; for instance,598

recruiting expert annotators to collect the current599

403 questions required six months and over 50,000600

CNY (~7,000 USD). (2) The benchmark is English-601

only, which limits the evaluation of models’ cross-602

lingual capabilities. In the future, we aim to ex-603

pand the benchmark in two directions: including604

other scientific disciplines such as biology, physics,605

and chemistry, and incorporating multi-modality to606

enable a broader evaluation of scientific compre-607

hension.608
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A Appendix802

A.1 Academic Paper Understanding Dataset803

Comparison804

As shown in Table 3, we summarize key dataset805

characteristics along multiple dimensions, includ-806

ing whether the benchmark is constructed from807

full-length papers, the number of instances, task808

format, the presence of objective evaluation met-809

rics, and whether the data are human-annotated.810

Among the listed benchmarks, only a small sub-811

set—PaperBench (Starace et al., 2025), AcadRea-812

son (Gui et al., 2025), and our proposed ELAIP-813

Bench—is built on complete scientific papers.814

This distinction is crucial: understanding an815

entire paper requires sustained comprehension816

of complex methodology, nuanced argumenta-817

tion, and long-range dependencies, which can-818

not be adequately assessed using only abstracts,819

snippets, or short prompts. By contrast, Arx-820

ivBench (Li et al., 2025), SciQAG (Wan et al.,821

2024), ChemLit-QA (Wellawatte et al., 2025), and822

ScienceQA (Saikh et al., 2022) rely on short or823

automatically generated inputs that may measure824

retrieval or surface-level knowledge, but are insuf-825

ficient for evaluating deep understanding over full826

academic texts.827

Dataset scale further differentiates existing re-828

sources. While some benchmarks (e.g., SciQAG)829

contain more than 180,000 instances, these are au-830

tomatically generated and often lack the authentic-831

ity and depth required to assess expert-level rea-832

soning. In contrast, human-annotated datasets are833

typically much smaller due to high cost and domain834

expertise requirements. For example, LITQA (Lála835

et al., 2023) contains only 50 MCQs and does not836

provide full-paper context; PaperBench includes837

only 20 instances and primarily targets code gen-838

eration rather than comprehension. Although Pa-839

perBench places substantial demands on planning,840

engineering, and coding ability, these skills are841

largely orthogonal to the central goal of evaluat-842

ing scientific understanding. AcadReason is based843

on full papers but likewise includes only 50 ques-844

tions, limiting its statistical power for robust model845

evaluation.846

Task design and evaluability also vary substan-847

tially across benchmarks. Many datasets, includ-848

ing ArxivBench, SciQAG, and AcadReason, adopt849

open QA settings, making objective and repro-850

ducible evaluation difficult. Accordingly, we ap-851

proach such paradigms with caution when aiming852

for rigorous benchmarking. 853

Finally, human annotation remains essential for 854

producing high-quality, domain-specific questions 855

grounded in genuine scientific reasoning. Although 856

automatic generation can scale efficiently, it often 857

falls short in the subtlety and cognitive rigor needed 858

for expert assessment. Our annotation protocol fur- 859

ther strengthens reliability via a game-theoretic 860

mechanism that incentivizes careful reading and 861

verification, thereby excluding superficial engage- 862

ment that can arise in pipeline-style labeling. 863

In summary, ELAIPBench uniquely synthesizes 864

four key attributes: (1) the utilization of full-text 865

papers, (2) large-scale human annotation, (3) ob- 866

jective evaluation via MCQs, and (4) a focus on 867

deep comprehension rather than citation retrieval 868

or code generation. These properties make ELAIP- 869

Bench a rigorous and reliable tool for evaluating 870

advanced LLMs in realistic academic comprehen- 871

sion scenarios. 872

A.2 Annotation Guidelines 873

All annotators utilized the annotation platform 874

anonymously, ensuring their identities remained 875

concealed from one another and thereby eliminat- 876

ing the possibility of collusion for reward acquisi- 877

tion. Different annotators are provided with distinct 878

guidelines based on their assigned tasks. The con- 879

tent of these guidelines is shown below: 880

Guideline for Question Writer

Overview Thank you for participating in
this annotation project. Your task is to read
the assigned academic paper carefully and
write well-designed, challenging questions
based on its content. These questions will
be used to evaluate the academic reason-
ing capabilities of large language models
(LLMs) in long-context settings. Your con-
tribution is highly valuable to the advance-
ment of AI benchmarks. We ask you to
approach this task with care and precision,
as your work directly supports the develop-
ment of more accurate and responsible AI
systems.
General Guidelines

• Prefer documents between 8,192 and
128,000 words.

• Read the paper thoroughly before writ-
ing questions.

881
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Datasets Full-Length Paper #Data Task Objective Evaluation Metric Human Annotation

ArxivBench (Li et al., 2025) ✗ 6,500 Open QA ✗ ✗

SciQAG (Wan et al., 2024) ✗ 188,042 Open QA ✗ ✗

ChemLit-QA (Wellawatte et al., 2025) ✗ 1,000 Open QA ✗ ✗

ScienceQA (Saikh et al., 2022) ✗ 100k Open QA ✗ ✗

LITQA (Lála et al., 2023) ✗ 50 MCQ ✓ ✓

PaperBench (Starace et al., 2025) ✓ 20 Code Generation ✓ ✓

AcadReason (Gui et al., 2025) ✓ 50 Open QA ✗ ✓

ELAIPBench ✓ 403 MCQ ✓ ✓

Table 3: Academic paper understanding dataset.

• Questions must not be answerable by
simple keyword matching or shallow
retrieval.

Question Design Requirements

• Avoid selecting overly well-known or
commonly cited academic papers to
ensure diversity and reduce the risk of
models relying on memorized knowl-
edge.

• Questions must be objectively formu-
lated in English, free of subjectivity or
ambiguity.

• The correct answer must not be obtain-
able through simple keyword match-
ing or direct retrieval from the text;
instead, answering should require rea-
soning, summarization, or integra-
tion of multiple pieces of information
across the paper.

• To prevent confusion or unintended
ambiguity, questions and options must
not introduce domain-specific terms or
abbreviations unless they are explicitly
defined within the source paper.

• Distractor selections should be care-
fully designed to include misleading
phrasing or partial truths—statements
that align with some aspects of the pa-
per but are ultimately incorrect—to in-
crease cognitive demand and necessi-
tate careful comparison and deep rea-
soning.

• For SA-MCQ, exactly one option must
be correct.
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• For MA-MCQ, either two or three op-
tions must be correct, ensuring a bal-
anced level of difficulty and discourag-
ing random guessing.

Reward Rules Annotators will receive
30 CNY for each well-written and verified
question. However, the reward may be re-
duced under the following conditions:

• If the question fails to pass evidence
verification.

• If the question is too easy and can be
answered correctly without reasoning.

• If the question or options violate any
of the design guidelines above.

If your question fails the evidence verifica-
tion stage, you will be required to revise and
resubmit it based on the verifier’s feedback.
In such cases, your reward will be reduced
accordingly.

Final Note We sincerely appreciate your
effort and participation in this project. Your
thoughtful contributions are essential to
building more capable and trustworthy AI
systems. Thank you for your cooperation!
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Guideline for Evidence Verifier

Overview Thank you for participating in
the evidence verification process. Your task
is to carefully read the provided academic
paper, the corresponding question, and the
proposed evidence. Based on these inputs,
you must attempt to answer the question as
accurately as possible. This process is de-
signed to evaluate whether the evidence is
sufficient and relevant to support the ques-
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tion.
General Workflow

• Carefully read the assigned paper seg-
ment, the question, and the associated
evidence.

• Try to answer the question solely us-
ing the provided paper content and ev-
idence.

• Submit your answer through the plat-
form interface within the given time
limit.

Answer Judgment and Feedback

• If your answer is correct, you will re-
ceive a reward for this verification task.

• If your answer is incorrect, a penalty
will be applied by deducting part of the
reward.

• Incorrect answers indicate that the evi-
dence may not sufficiently support the
question.

• In such cases, the corresponding ques-
tion will be sent back to the original
question author for revision.

Guidelines for Verification

• Base your judgment strictly on the pro-
vided evidence and the content of the
paper.

• Do not incorporate any external knowl-
edge or assumptions.

• Make sure to complete the task within
the time limit.

• Be precise in your answer; partial cor-
rectness may still lead to rejection.

Reward Rules

• You will receive a base reward for each
correctly verified question.

• If your answer is incorrect:

– A partial deduction will be made
from your total reward for this
task.

– The question will be marked as
needing revision and returned to
the question annotator.
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Final Note Your participation is essential
to ensuring the quality and reliability of our
benchmark. Accurate evidence verification
directly enhances the overall dataset quality
and model evaluation fairness. We appre-
ciate your careful attention and thoughtful
work.
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Guideline for Answer Verifier

Overview Thank you for participating in
the answer verification process. Your task is
to answer a question based on a given aca-
demic paper, simulating the perspective of a
well-informed reader. Your answer quality
and response time will be used to assess the
difficulty level of the question and to deter-
mine the reward distribution for both you
and the original question author.
General Workflow

• Read the provided paper and the asso-
ciated question carefully.

• Answer the question using only the pa-
per content; external knowledge is not
allowed.

• Submit your answer within the inter-
face, where a timer will be running.

Timing and Reward Mechanism

• A timer starts when the question is dis-
played.

• If you submit a correct answer within
the expected time window, you will
receive the maximum reward.

• If you exceed the time limit, a partial
penalty will be applied.

• If your answer is incorrect, a more sig-
nificant penalty will be imposed.

Impact on Question Difficulty

• Your performance is used to estimate
the difficulty of the question:

– Quick and accurate answers sug-
gest the question is easy.

– Slow or incorrect responses indi-
cate higher question difficulty.
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• These estimates will influence qual-
ity control, benchmarking statistics,
and bonus calculations for the original
question writer.

Answering Guidelines

• Base your answer strictly on the infor-
mation provided in the paper.

• Avoid speculative reasoning or as-
sumptions beyond the document.

• Be concise but precise—ambiguous
answers may be penalized.

Final Note Your role is crucial in validat-
ing the reliability and effectiveness of each
question. Accurate and timely answers not
only help refine the question set but also
contribute directly to fairer model evalua-
tion benchmarks. We appreciate your rigor-
ous participation and attention to detail.
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A.3 Annotation Details889

A.3.1 Annotator Statistics890

To better understand the background and compo-891

sition of our annotators, we collected information892

on their age, gender, and academic status during893

registration. Figure 7 summarizes the distribution894

across these three dimensions. In terms of age, the895

majority of annotators fall within the 22–26 (41%)896

and 26–30 (36%) age groups, while those under897

22 (14%) and over 30 (9%) constitute smaller pro-898

portions. Regarding gender, 80% of annotators899

identify as male and 20% as female. All annotators900

hold or are currently pursuing a master’s degree or901

higher: specifically, the cohort includes 8 master’s902

students, 2 individuals with completed master’s de-903

grees, 8 PhD students, 1 postdoctoral researcher,904

and 1 professor. Furthermore, every annotator has905

authored at least one academic paper, and 55%906

have published more than five papers, underscor-907

ing the high level of academic expertise within the908

annotation team.909

A.3.2 Annotation Platform910

Our annotation platform is designed to support the911

construction pipeline for ELAIPBENCH. As shown912

in Figure 8, annotators begin by logging into the913

system, where they can upload papers and track914

their annotation progress, including the number915

80%

20%

Gender

Male Female
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41%

36%

9%
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<22 22-26 26-30 >30

40%

40%

10%

10%
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Master Student PhD Student
PhD Master

45%

25%

20%

10%

The number of papers the 
annotator has published

<5 5-10 10-20 >20

Figure 7: Distribution of our annotators across ages,
genders, and academic status.

of QA pairs submitted and the corresponding re- 916

wards. Once a paper is uploaded, Question Writers 917

can browse its contents and start creating QA pairs 918

along with the associated supporting evidence on 919

the right side of the interface (Figure 9). The in- 920

put interface allows Question Writers to write and 921

submit their QA pairs in a structured format (Fig- 922

ure 10). After submission, they can view their 923

previous submissions and accumulated earnings 924

(Figure 11). Submitted QA pairs then undergo 925

an evidence verification stage, where another Evi- 926

dence Verifier is assigned to judge whether the pro- 927

vided evidence adequately supports the question. 928

Annotators can check the verification status of each 929

question (Figure 12). If the evidence is deemed in- 930

sufficient or incorrect, the original Question Writer 931

is required to revise the QA pair and resubmit it 932

(Figure 13). The evidence verification stage (Fig- 933

ure 14) presents the verifier with the original paper, 934

the question, and the proposed evidence. The ver- 935

ifier must analyze whether the evidence logically 936

supports the question. If the verification is success- 937

ful, the QA pair proceeds to the subsequent answer 938

verification stage. In the answer verification stage 939

(Figure 15), a designated Answer Verifier is tasked 940

with answering the question based on the content of 941

the provided paper. A timer runs during the answer- 942

ing process, and both the accuracy and response 943

time are used to calculate the verifier’s reward. The 944

outcome also determines whether the original ques- 945

tion writer receives a performance bonus. 946
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Figure 8: Screenshot of the QA pair annotation page. After logging in, annotators can upload papers and perform
annotations on this page. They can also see the number of questions they have annotated and the amount of money
they have earned.

Figure 9: Screenshot of the QA pair annotation page. After uploading the papers, Question Writers can browse the
document and create QA pairs along with corresponding evidence on the right side of the page.
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Figure 10: Screenshot of the QA pair annotation page. Annotators input the created QA pairs.

Figure 11: Screenshot of the QA pair annotation page. After annotating and submitting questions, annotators can
view the questions they have submitted and the amount of money they have earned.
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Figure 12: Screenshot of the QA pair annotation page. After verification of evidence, annotators can check the
status of the questions submitted and revise those that did not pass the verification.

Figure 13: Screenshot of the QA pair annotation page. Annotators can revise the questions they have created and
resubmit them.
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Figure 14: Screenshot of the evidence verification page. On this page, annotators are provided with a paper, a
question, and the corresponding evidence for the question. They are then asked to judge whether the evidence
supports the question. Rewards are given based on the correctness of their judgment.

Figure 15: Screenshot of the answer verification page. Answer Verifiers are tasked with answering questions based
on the content of the provided paper. During this process, a timer tracks the duration, and rewards are calculated for
the Answer Verifiers based on both the accuracy of their answers and the response time.
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A.4 Benchmark Statistics947

In ELAIPBENCH, the answer options A, B, C,948

and D account for 26.45%, 26.10%, 24.20%, and949

23.25% of all questions, respectively, indicating950

a relatively balanced distribution among the four951

choices. On average, each article corresponds to952

0.64 SA-MCQs and 2.31 MA-MCQs, with 76% of953

the papers containing at least one question classi-954

fied as Hard difficulty. Among all questions, the955

shortest contains 29 tokens and the longest 492956

tokens; across all source papers, the shortest docu-957

ment spans 5,479 tokens, while the longest reaches958

31,333 tokens. We visualize the word clouds of959

questions and papers from ELAIPBENCH in Fig-960

ures 16 and 17. These figures indicate that the961

benchmark contains a diverse vocabulary for de-962

scribing academic content.963

Word Cloud of Questions

Figure 16: The word cloud visualization of questions in
ELAIPBENCH.

Word Cloud of Papers

Figure 17: The word cloud visualization of papers in
ELAIPBENCH.

Table 4 shows the statistics of the papers. Ta-964

bles 5 through 10 present representative SA-MCQ965

and MA-MCQ examples from the three disciplines:966

ML, CV, and NLP.967

A.5 Evaluation Metric and LLM Settings968

Evaluation Metric. Our evaluation employs969

strict accuracy metrics: for MA-MCQ, responses970

Discipline Year

2021< 2021-2023 >2023

ML 11 9 15
CV 9 4 11
NLP 15 17 46

Table 4: Paper statistics.

must identify all correct options without errors; 971

SA-MCQ requires exact match. 972

Prompts. For the base models: 973

SA-MCQ Prompt

Please select the correct answer based on
the paper content. Each question has only
1 correct option. Format your response as
follows:
The correct answer is boxed {insert answer
here}.
Examples:
The correct answer is boxed {A}
Paper: {paper}
Question: {question}

974

MA-MCQ Prompt

Please select all correct answers based on
the paper content. Each question has 2-3
correct options. Format your response as
follows:
The correct answer is boxed {insert answer
here}.
Examples:
The correct answer is boxed {ACD}
Paper: {paper}
Question: {question}

975

For the CoT paradigm, we add “Let’s think step 976

by step.” to the prompt. For the LRMs, the prompts 977

are the same as the base models. 978

Parameter Settings. All evaluated LLMs feature 979

context windows of at least 32k tokens, enabling 980

comprehensive coverage of full papers and ques- 981

tions. In the evaluation setup for base models, we 982

configure the generation sampling parameters with 983

temperature=0.1 and max_new_tokens=32. For the 984

base models with CoT setting, we employ temper- 985

ature=0.1 and max_new_tokens=4096. The same 986

parameter configuration is adopted for LRMs to 987
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Paper Title Do Llamas Work in English? On the Latent Language of Multilingual Transformers

Question According to the results of this article, when llama1 faces the repetition task, Chinese is
less likely to use English as an intermediate language than Finnish. This is because:
A. The training corpus for Chinese is significantly larger than that for Finnish, leading
the model to prefer expressing itself directly in Chinese.
B. Llama1 is designed with a greater number of specialized tokens for Chinese.
C. Compared to Chinese, English and Finnish share greater similarities in expression,
allowing the model to use English as an intermediate language to facilitate generation.
D. The Chinese training corpus contains a substantial amount of noise, which may
influence the model to detour through English.

Answer B

Table 5: ML Question (SA-MCQ).

Paper Title Machine Unlearning Fails to Remove Data Poisoning Attacks

Question Regarding the two main failure reason hypotheses proposed by the authors and how
they were validated experimentally, which of the following descriptions is accurate and
incisive?
A. Hypothesis 1: Large Displacement refers to the model parameter movement distance
required for unloading poisoned samples being significantly greater than that required
for unloading an equivalent number of randomly selected clean samples.
B. To validate Hypothesis 2: Orthogonal Subspace, the authors calculated the cosine
similarity between the expected offloading direction vector and the direction vector
obtained from gradient descent with clean data in a linear regression task and found that
this value is close to 1, indicating that the two directions are nearly parallel.
C. When experimentally validating Hypothesis 1, the authors utilized a logistic regression
model trained on CIFAR-10 features, as the solution to the convex optimization problem
is unique, allowing for clear calculation and comparison of distances between different
models.
D. The deeper implication of Hypothesis 2: Orthogonal Subspace is that due to the
poisoning effect and normal learning effect being mutually exclusive in the model
parameter space, any offloading method that only uses good data to repair the model
will ultimately be futile.

Answer AC

Table 6: ML Question (MA-MCQ).
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Paper Title Multimodal ArXiv: A Dataset for Improving Scientific Comprehension of Large Vision-
Language Models

Question Which option most accurately summarizes the strategies and findings of the paper re-
garding dataset construction, model evaluation, and the discussion of current LVLM
limitations?
A. The paper finds that although the BLEU-2 score for multi-figure captioning tasks
significantly improved for the Qwen-VL-Chat model after fine-tuning on the ArXivCap
dataset, GPT-4V demonstrated absolutely leading performance across all vision-to-text
tasks, including single-figure, multi-figure, contextualized, and paper title generation,
highlighting its powerful zero-shot generalization ability in scientific figure comprehen-
sion, far surpassing all open-source models.
B. In the quality control phase of the ArXivCap dataset, to ensure high image quality,
the research team not only excluded images with extreme aspect ratios but also filtered
out images with the shortest edge shorter than 224 pixels and removed images with
pixel numbers exceeding the decompression bombs threshold. These stringent filtering
criteria, combined with text cleaning for LaTeX expressions, were key to the dataset’s
ultimate high quality.
C. The paper conducts a detailed analysis of generated caption error types, where
"contextual misinterpretation" is identified as the most prevalent issue for all models,
typically stemming from the models’ inability to effectively integrate visual information
from images with contextual clues from text. "Oversimplification," on the other hand,
indicates a tendency for models to generate overly generic descriptions, failing to capture
specific details and complex semantics in scientific figures, which reflects the current
LVLMs’ limitations in deep semantic understanding.
D. All of the above.

Answer B

Table 7: CV Question (SA-MCQ).

Paper Title SynTab-LLaVA: Enhancing Multimodal Table Understanding with Decoupled Synthesis

Question Regarding the construction and characteristics of the SynTab-LLaVA multimodal table
understanding synthesis method, which of the following statements are correct?
A. The method decouples the synthesis process into two independent steps: table
image rendering and question-answer pair generation, thereby improving efficiency and
robustness.
B. Compared with human annotation and traditional MLLM synthesis, the method is
more cost-effective, constructing a large-scale dataset with only 200 US dollars.
C. By processing table images generated by Doubao, the LLM can reduce hallucinations
and improve the accuracy of Q&A generation.
D. SynTab-LLaVA adopts a hybrid multi-resolution visual encoder, combining high-
resolution and low-resolution image information to capture both local textual content
and global structural relationships.

Answer AD

Table 8: CV Question (MA-MCQ).
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Paper Title Exploring the Impact of Table-to-Text Methods on Augmenting LLM-based Question
Answering with Domain Hybrid Data

Question Under the Domain-Specific Fine-Tuning framework, according to GPT-4’s evaluation
criteria, which model in the OPT series is the most sensitive to different Table-to-Text
methods?
A. OPT-1.3B
B. OPT-2.7B
C. OPT-6.7B
D. OPT-13B

Answer A

Table 9: NLP Question (SA-MCQ).

Paper Title Astute RAG: Overcoming Imperfect Retrieval Augmentation and Knowledge Conflicts
for Large Language Models

Question Which approach most effectively mitigates the negative consequences of flawed infor-
mation retrieval in RAG systems, as suggested by recent research?
A. A primary approach involves exclusively refining the initial retrieval mechanism
through techniques like advanced query expansion and document re-ranking to guarantee
the relevance of the provided external knowledge.
B. One compelling approach is the sophisticated integration of the language model’s
pre-existing internal knowledge with the retrieved external information, employing
strategies to identify and resolve potential conflicts in a source-aware manner.
C. A straightforward approach to enhance RAG system resilience focuses on increasing
the sheer volume of retrieved documents, assuming that the probability of encountering
correct information will proportionally rise with a larger context window.
D. An alternative approach leverages a multi-stage process where the language model
first generates potential answers based solely on its internal knowledge, and subsequently
uses retrieved documents merely as a validation layer without actively integrating con-
flicting information.

Answer BD

Table 10: NLP Question (MA-MCQ).
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accommodate their extended reasoning capabilities.988

This standardized parameter setup ensures fair com-989

parison across different model configurations while990

allowing sufficient generation length for complex991

reasoning tasks.992

Paper Title: Multimodal ArXiv: A Dataset for Improving Scientific 
Comprehension of Large Vision-Language Models

Correct Answer：B

Reasoning Chain: 
<think> 
Hmm, this is a complex query requiring careful analysis of a technical 
paper summary. The user asks which option best summarizes the paper's 
strategies and findings regarding dataset construction …
Option C correctly identifies key error types from the manual 
evaluation…
The paper emphasizes contextual misinterpretation and 
oversimplification as major limitations, matching C's description. I 
should provide a concise justification highlighting these points without 
unnecessary details.
</think> \\box{C}

Question:
Which option most accurately summarizes the strategies and findings of 
the paper regarding dataset construction, model evaluation, and the 
discussion of current LVLM limitations?
A. The paper finds that although …
B. In the quality control phase of the ArXivCap …
C. The paper conducts a detailed analysis of generated…
D. All of the above….

Figure 18: An example of Analytical Error from
DeepSeek-R1, where the LLM commits to an incor-
rect answer from the outset.

Question:
Based on the experimental section of the article, which 
of the following parameters are hyperparameters?
A. The neuron attribution scores threshold.
B. The number of identified context-aware neurons.
C. The activation value.
D. The enhancement strength.

Paper Title: IRCAN: Mitigating Knowledge Conflicts in LLM 
Generation via Identifying and Reweighting Context-Aware Neurons

Correct Answer：ABD

Reasoning Chain: 
<think> Okay, I need to figure out which of the options A-D are 
hyperparameters based on ... Looking at the options: A. Threshold (t) for 
neuron attribution scores: The paper mentions in Section 3.2 that they 
set t to 10%. Since this is a parameter chosen by the user and not 
learned, it's a hyperparameter. But wait, in the hyperparameter 
tuning part ... The threshold t was set to 10%, which is a fixed value, not 
part of the hyperparameter tuning. So maybe A is not a hyperparameter 
in this context because they fixed it at 10% and didn't tune it. So A is a 
parameter set by them but not part of the hyperparameter search 
here. Hmm, tricky. B. ... Therefore the correct answers are B and 
D.</think> \\box{BD}

Figure 19: An example of Harmful Verification from
QwQ-32B, where the LLM first identifies the correct
answer but then incorrectly rejects it during reasoning,
ultimately selecting a wrong alternative.

A.6 Error and Efficiency Analysis993

Figure 18 presents a case of Analytical Error, in994

which the model commits an incorrect analysis995

at the outset and prematurely settles on a flawed996

conclusion. Figure 19 illustrates an instance of997

Question:
Which of the following statements about LLMs understanding different 
input formats of KGs are correct?
A. LLMs with larger parameters are more robust to ...
B. LLMs are better able to capture answer-related …
C. Converting knowledge graphs to natural language ...
D. D. Different large language models have ...

Paper Title: Large Language Models Can Better Understand 
Knowledge Graphs Than We Thought

Correct Answer：BD

Reasoning Chain: 
<think> 
I need to find relevant information in the provided PDF about how LLMs 
understand different input formats of knowledge graphs. Let me search 
for that information …
B: This is supported by the attention level evaluation, which shows 
that LLMs consistently demonstrate a greater capacity to capture 
answer information from linearized triples compared ...
D: The text describes consistent LLM preference for unordered 
linearized triples across formats, with no mention of model-specific 
preferences for triple organization …
</think> \\box{BC}

Figure 20: An example of Overconfidence from Claude-
3.7-Sonnet-thinking, where the LLM fails to carefully
review the paper, assumes that no content relevant to the
options is present, and ultimately selects an incorrect
choice.

Harmful Verification, where the model expends a 998

substantial number of tokens during the verification 999

phase yet ultimately revises a correct answer into 1000

an incorrect one. Figure 20 demonstrates Overcon- 1001

fidence, in which the model disregards the specific 1002

context or arguments presented in the source paper 1003

and instead relies on its internal priors to directly 1004

select an option, bypassing contextual reasoning. 1005
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Figure 21: Completion Tokens vs.Performance.

Figure 21 illustrates the relationship between 1006

average reasoning length and accuracy across dif- 1007

ferent LLMs. Although QwQ-32B generates the 1008

longest reasoning chains, its accuracy does not im- 1009

prove with increased length—in fact, it achieves the 1010

lowest performance among the models. DeepSeek- 1011

R1 attains the highest accuracy among the three 1012

LRMs while maintaining a relatively short average 1013

reasoning chain, demonstrating superior reasoning 1014

efficiency. Nevertheless, its performance remains 1015
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significantly lower than that of Qwen3-32B+CoT,1016

suggesting that, in many models, longer reasoning1017

chains do not necessarily lead to better performance1018

and may even be detrimental.1019

A.7 RAG Settings1020

A.7.1 Hyper-parameter Setting1021

For the dense passage retrieval in the intra-paper1022

setting, we employ the BGE-m3 (Chen et al.,1023

2024) encoder with its official checkpoint.4 Each1024

segmented passage is embedded into a 1024-1025

dimensional vector space using the encoder’s de-1026

fault configuration. During retrieval, we adopt a1027

cosine similarity metric to measure relevance be-1028

tween a question embedding and candidate passage1029

embeddings. We set the top_k parameter to 5, re-1030

turning the five highest-scoring passages per query.1031

For the BM25-based retrieval, we utilize the1032

rank_bm25 implementation with the default1033

hyper-parameters k1 = 1.5 and b = 0.75. Queries1034

are tokenized using the same sentence boundary1035

segmentation as in the DPR setup, ensuring consis-1036

tency.1037

In the web-based retrieval setting, we interact1038

with the Google Custom Search API, forming1039

queries by concatenating the question and paper1040

title. We restrict the API to return at most 10 re-1041

sults, from which we select the top-5 after rele-1042

vance filtering. All retrieved HTML documents are1043

converted to plain text using the trafilatura1044

library and truncated to the first 4096 tokens for1045

efficiency.1046

A.7.2 RAG Configuration1047

In both retrieval paradigms, retrieved passages or1048

web documents are treated as external knowledge1049

sources. Before being fed into the LLM, these snip-1050

pets undergo the following preprocessing steps:1051

• Text Normalization: Remove excessive1052

whitespace, HTML tags, and non-textual arti-1053

facts.1054

• Sentence Trimming: Ensure that each snip-1055

pet begins and ends at complete sentence1056

boundaries to preserve semantic integrity.1057

• Token Budgeting: Maintain a combined1058

context length (paper + knowledge snippets)1059

within 32,768 tokens to fit the LLM’s input1060

4www.huggingface.co/BAAI/bge-m3

limits; in cases exceeding this limit, we per- 1061

form a round-robin truncation over retrieved 1062

items. 1063

• Ordering: Within each query, snippets are 1064

ordered in descending retrieval score before 1065

concatenation into the prompt. 1066

A.7.3 RAG Prompts 1067

In prompts, we explicitly instruct the LLM to treat 1068

this content as relevant context and to consult it 1069

when formulating its response. The prompt is struc- 1070

tured as follows: 1071

SA-MCQ Prompt

Please select the correct answer based on
the content of the paper and the retrieved
knowledge snippets provided below. Each
question has only 1 correct option. Format
your response as follows:
The correct answer is boxed {insert answer
here}.
Examples:
The correct answer is boxed {A}
Paper: {paper}
Knowledge snippets: {retrieved knowl-
edge}
Question: {question}

1072

MA-MCQ Prompt

Please select all correct answers based on
the content of the paper and the retrieved
knowledge snippets provided below. Each
question has 2-3 correct options. Format
your response as follows:
The correct answer is boxed {insert answer
here}.
Examples:
The correct answer is boxed {ACD}
Paper: {paper}
Knowledge snippets: {retrieved knowl-
edge}
Question: {question}

1073
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