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Abstract

Understanding scientific papers requires more
than answering isolated questions or summariz-
ing content. It involves an integrated reasoning
process that grounds textual and visual informa-
tion, interprets experimental evidence, synthe-
sizes information across sources, and critically
evaluates scientific claims. However, existing
benchmarks typically assess these abilities in
isolation, making it difficult to evaluate scien-
tific paper understanding as a unified set of
interacting cognitive abilities. In this work, we
introduce PAPERMIND, a benchmark designed
to evaluate integrated and agent-oriented scien-
tific reasoning over research papers. PAPER-
MIND is constructed from real scientific papers
across seven domains, including agriculture, bi-
ology, chemistry, computer science, medicine,
physics, and economics. It comprises four com-
plementary task families that collectively oper-
ationalize distinct cognitive facets of scientific
paper reasoning, including multimodal ground-
ing, experimental interpretation, cross-source
evidence reasoning, and critical assessment. By
analyzing model behavior across multiple tasks,
PAPERMIND enables a diagnostic evaluation
of integrated scientific reasoning behaviors that
are difficult to assess through isolated task eval-
uations. Extensive experiments on both open-
source and closed-source multimodal LLMs re-
veal consistent performance gaps across tasks,
highlighting persistent challenges in integrated
scientific reasoning and critique. Our bench-
mark and dataset are available at https://
github.com/Yanjun-Zhao/PaperMind.

1 Introduction

Understanding scientific literature is a foundational
capability for intelligent systems designed to sup-
port scientific research. Recent advances in mul-
timodal large language models (LLMs) have en-
abled promising progress on scientific paper un-

*Equal contribution. fCorresponding author.

derstanding tasks, including document question
answering, summarization, and citation-grounded
retrieval (e.g., QASPER (Dasigi et al., 2021); Sci-
Fact (Wadden et al., 2020); PaperQA (Léla et al.,
2023)). In parallel, tool-augmented and agentic
LLM systems have demonstrated the ability to per-
form multi-step reasoning by interleaving language
generation with external actions such as search,
code execution, and document retrieval (e.g., Re-
Act (Yao et al., 2023); Toolformer (Schick et al.,
2023); AutoGen (Wu et al., 2024)). These advances
suggest the potential for multimodal LLM-based
agents to assist with scientific research tasks that
require structured reasoning over papers, figures,
experiments, and citations.

However, existing evaluations of scientific under-
standing tend to emphasize individual capabilities
in relatively isolated and static settings. Current
benchmarks (Pramanick et al., 2024; Lee et al.,
2023; Li et al., 2024a; Auer et al., 2023; Bei et al.,
2026; Ning et al., 2026) typically focus on specific
aspects of scientific understanding: OCR-oriented
and layout parsing benchmarks (Pfitzmann et al.,
2022) primarily assess visual perception; scien-
tific QA benchmarks (Sundar et al., 2024; Li et al.,
2024b) evaluate answer extraction from a single pa-
per or a pre-retrieved corpus; summarization bench-
marks (Singh et al., 2024) target content abstrac-
tion; and tool-use benchmarks (Daoyu Wang, 2025)
examine general tool-augmented reasoning skills
within a single scientific domain.

While existing benchmarks provide useful in-
sights into individual capabilities, they often ab-
stract away the decision-making and coordination
behaviors required when models act as agents in
scientific analysis. In realistic research workflows,
understanding a paper involves grounding figures
in context, interpreting experimental results, selec-
tively retrieving and integrating external evidence,
and critically assessing claims. These behaviors
require models to actively decide what to gener-
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Figure 1: Overview of the design and scope of the PAPERMIND benchmark.

ate, retrieve, or evaluate, rather than responding
to a fixed input in isolation. Consequently, perfor-
mance on static or single-task benchmarks may not
fully reflect model behavior in agentic, end-to-end
scientific reasoning settings.

In this work, we introduce a benchmark for scien-
tific paper understanding that evaluates LLMs’ inte-
grated reasoning across multimodal grounding, ex-
perimental interpretation, evidence synthesis with
tool use, and critical assessment. As illustrated in
Figure 1, the benchmark comprises four task fam-
ilies. These tasks cover (i) grounding visual con-
tent in scientific context and producing precise de-
scriptions, (ii) interpreting experimental results and
generating coherent analytical narratives, (iii) per-
forming agentic reasoning with tool use to retrieve
and synthesize evidence from multiple papers or
external sources, and (iv) critically examining sci-
entific claims by clarifying ambiguities, identifying
weaknesses, missing evidence, or unclear assump-
tions based on real peer-review scenarios. Rather
than treating these abilities in isolation, the bench-
mark evaluates how models perform across them,
probing analysis, synthesis, and judgment behav-
iors that arise in realistic scientific workflows, and
aligning with growing interest in agentic and tool-
augmented reasoning systems.

Our core contributions are as follows:

* Benchmark Construction: We introduce a
benchmark for scientific paper understanding that
evaluates integrated scientific reasoning across

multimodal grounding, experimental interpreta-
tion, evidence synthesis with tool use, and critical
assessment, reflecting the diverse reasoning be-
haviors required in realistic scientific workflows.

* Scientific Agentic Task Design: We intro-
duce agent-oriented tasks that cover both tool-
augmented evidence synthesis and rebuttal-style
critique. The former evaluates evidence retrieval
and integration across sources, while the latter
is grounded in high-quality, real peer-review dis-
cussions, assessing critical reasoning over sub-
stantive scientific claims.

* Systematic Evaluation and Analysis: We con-
duct extensive evaluations across both open-
source and closed-source multimodal LLMs, pro-
viding a systematic comparison and diagnostic
analysis that reveals performance gaps and char-
acteristic failure modes in scientific reasoning.

2 Related Works

2.1 Scientific Paper QA

Scientific QA and document understanding bench-
marks have rapidly evolved toward multi-document
and multi-modal evaluation. M3SciQA (Li et al.,
2024a) presents a multi-modal, multi-document
scientific QA benchmark over cited paper clusters.
SciDQA (Singh et al., 2024) offers deep reading
comprehension over scientific articles with multi-
document reasoning demands. PeerQA (Baumgért-
ner et al., 2025b) leverages real peer-review
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Table 1: Comparison of our proposed benchmark with existing scientific QA benchmarks.

Dataset Multi  Whole PDF Real-World Agentic Integrated
domain Input Reviewer Question Tool Use Reasoning Tasks
MMCR (Tian et al., 2025) v X X X X
ArXivQA (Li et al., 2024c¢) v X X X X
PeerQA (Baumgirtner et al., 2025a) v X v X X
Re? (Zhang et al., 2025a) X X v X X
cPAPERS (Sundar et al., 2024) X X X X X
SPIQA (Pramanick et al., 2024) X X X X X
SciVQA (Borisova et al., 2025) X X X X X
Paperarena (Daoyu Wang, 2025) X v X v X
Ours v v v v v
Task 1 (1062) Task 2 (957) Task 3 (709)
Physics Agriculture Physics Agriculture Physics Agriculture
14.4% 14.5% 12.7% 13.0%14.5%
) E .
Chemistry 12.8% 14505 | Economy Chemistry /) oo/ 14.8% oY Chemistry 15.7% 11.7% Economy
15.3% 14.5% 14.9% 15.7% 14.2% 16.6%
Biology 135% cs Biology 12:5% s Biology 1 CS
Medicine Medicine Medicine

Figure 2: Question distribution across seven scientific domains. The benchmark includes four categories of tasks.
The pie charts show the distribution of the first three tasks across different scientific domains, annotated with the
number of questions and their proportions. The forth Critical Assessment task includes 294 reviewer-author QA
pairs from real peer reviews in the computer science domain.

questions with answers annotated by authors.
SQuAI (Besrour et al., 2025) studies multi-agent
retrieval-augmented generation with explicit ci-
tations over large scientific corpora. DocHop-
QA (Park et al., 2025) emphasizes multi-hop rea-
soning across multimodal scientific documents.
SPIQA (Pramanick et al., 2024) evaluates multi-
modal QA grounded in figures and tables from
research papers. QASA (Lee et al., 2023) ad-
vances QA over full-text scientific articles with de-
tailed question formulation. SCITAT (Zhang et al.,
2025b) provides a benchmark for QA over scien-
tific text and tables with diverse reasoning types.
Additional resources such as DocGenome (Xia
et al., 2024) support structured document parsing
and multi-page QA evaluation, and citation-graph-
based benchmark efforts (Hu et al., 2025; Auer
et al., 2023) explore retrieval over scholarly net-
works. Despite these advances, existing bench-
marks typically focus on isolated aspects of scien-
tific question answering, such as single-document
comprehension, factual retrieval, or narrowly de-
fined reasoning skills. In contrast, our benchmark
unifies diverse scientific QA paradigms by jointly

evaluating comprehensive understanding ability of
LLM.

2.2 Tool-Augmented Agentic Reasoning

Many recent works (Singh et al., 2025; Wei et al.,
2026; Zhao et al., 2025) enhance the tool-use capa-
bilities of LLM agents through SFT and RL train-
ing (Zhou et al., 2026; Zhao et al., 2026; Ren et al.,
2025; Dang et al., 2025). Approaches such as Re-
Act (Yao et al., 2023) and PAL (Gao et al., 2023) in-
terleave natural-language reasoning with actions or
program execution, while Toolformer (Schick et al.,
2023) enables models to autonomously invoke ex-
ternal APIs. MRKL systems (Karpas et al., 2022)
further propose modular architectures that com-
bine LLMs with symbolic solvers and knowledge
sources. Building on these ideas, frameworks such
as AutoGen (Wu et al., 2024), MetaGPT (Hong
et al., 2024), CAMEL (Li et al., 2023), and Chat-
Dev (Qian et al., 2024) investigate role-based col-
laboration and tool use among LLM agents. More
recent evaluations include the ToolHop (Ye et al.,
2025) benchmark for multi-hop tool invocation
and the PaperArena (Daoyu Wang, 2025) for tool-
augmented scientific literature reasoning. In com-
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parison, our benchmark provides fine-grained anal-
ysis of tool-use failure patterns and evaluates mod-
els’ abilities to rebut reviewer-style critiques be-
yond task-level success metrics.

3 Benchmark Construction

This section describes the construction of our
benchmark, from paper collection and filtering to
task design and ground-truth validation.

3.1 Paper Collection

We initially collected 3,000 scientific papers from
open-access sources including ArXiv !, bioRxiv 2,
and Semantic Scholar , spanning seven scientific
domains: agriculture, biology, chemistry, computer
science, medicine, physics, and economics. All
papers are released under permissive open licenses.
These papers are used to construct the first three
tasks. For the fourth task (Critical Assessment), we
collect publicly available peer review discussions

from OpenReview 4.

3.2 Filtering Process

We apply a series of filtering and preprocessing
steps to ensure data quality. First, we remove pa-
pers that are either too short (fewer than five pages)
or relatively long (more than twenty pages). We
further exclude PDFs with severe formatting issues
that hinder reliable parsing. We then employ the
paper2pdf tool (Clark and Divvala, 2016) to con-
vert PDFs into structured representations, including
text, figures, and tables, which serve as the basis for
question construction. Finally, we post-process the
extracted content to remove irrelevant or duplicated
text introduced during parsing. Detailed statistics
on the number of papers retained in each domain
are reported in Figure 3.

3.3 QA-pair Construction

We construct a benchmark for scientific paper un-
derstanding consisting of four task families, each
derived from real scientific papers and grounded
in original paper artifacts, including figures, tables,
references, and peer review discussions. Figure 2
presents the domain-wise distribution of questions
for each task family. We also provide detailed QA
examples for each task in Figure 8.

Uhttps://arxiv.org
Zhttps://www.biorxiv.org
3https://www.semanticscholar.org
“https://openreview.net/
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Figure 3: Number of papers (top) and average PDF
length in pages (bottom) across different domains.

Multimodal Ground In this task, the LLM is
provided with a figure extracted from a scientific
paper, along with the paper’s introduction as con-
textual background. LLM is required to generate a
concise and accurate caption describing the figure’s
content. The original figure caption serves as the
groundtruth. This task evaluates models’ ability
to ground visual information in scientific context,
requiring alignment between visual evidence and
domain-specific terminology introduced in the pa-
per.

Experimental Interpretation In this task, the
LLM is provided with a visual or tabular experi-
mental result from a scientific paper, such as perfor-
mance curves, comparison plots, or experimental
result tables. The introduction section in the pa-
per is also part of the input to provide contextual
background, then LLM is required to generate an
analytical paragraph suitable for inclusion in the
main text of the paper. For groundtruth, we identify
corresponding discussion paragraphs by locating
text spans that explicitly reference each figure or
table in the original paper, and filter out paragraphs
that are excessively short or overly long to ensure
consistent quality. This task evaluates models’ abil-
ity to integrate multimodal information with scien-
tific context, interpret experimental evidence and
articulate coherent analytical narratives using ap-
propriate domain-specific language.

Cross-Source Evidence Reasoning This task re-
quires the LLLM to answer research-oriented ques-
tions whose solutions depend on evidence dis-
tributed across multiple sources. The required in-
formation may originate from the source paper’s
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Table 2: Evaluation results on Multimodal Ground(MG), Experimental Interpretation(EI) and Cross-Source Evidence
Reasoning(ER) task across different models.

Scientific Domains | Avg. Score
Task  Base LLM Physics Chemistry Biology Medical Comp. Sci. Economy Agriculture Fl  LLM.J

F1 LLM-J FlI LLM-J F1 LLM-J F1 LLM-J Fl LLM-J FlI LLM-J Fl LLM-J B

Gemini 2.5 Pro 0265 254 0223 238 0213 251 0232 241 0220 233 0205 228 0206 227 |0224 239
GPT-40-mini 0217 226 0171 225 0.196 235 0177 225 0.182 209 0.156 197 0.178 2.11 |0.183 2.18

o Claude 3.5 Sonnet 0218 217 0.174 222 0202 231 0190 228 0.183 202 0.170 194 0.164 2.04 |0.186 2.14
S Claude 3 Haiku 0210 1.81 0.159 199 0.172 190 0.168 2.03 0.169 176 0.150 184 0.153 1.79 |0.169 1.87
Qwen3-VL-4B-Instruct | 0.218 2.14 0.180 208 0.186 223 0.174 223 0.178 200 0.155 199 0.167 2.12 |0.181 2.11
gemma-3-4b-it 0.167 196 0.154 179 0.167 188 0.162 197 0.155 174 0206 192 0.167 197 |0.171 1.89
Phi-3.5-vision-instruct | 0.172 1.69 0.163 178 0.162 1.87 0.140 189 0.170 175 0207 1.60 0.172 1.69 |0.169 1.75
Gemini 2.5 Pro 0243 227 0225 209 0.191 200 0242 235 0214 257 0224 200 0231 244 |0230 225
GPT-40-mini 0212 175 0.197 180 0.198 185 0218 193 0202 212 0213 193 0228 207 |0209 192
Claude 3.5 Sonnet 0215 2.04 0196 199 0.194 208 0202 214 0198 225 0205 218 0214 220 |0203 213

2  Claude 3 Haiku 0.199 1.65 0.8 175 0.172 170 0200 1.88 0.194 199 0.195 192 0.198 1.87 |0.192 1.82
Qwen3-VL-4B-it 0212 177 0197 176 0200 190 0216 1.84 0206 203 0217 197 0225 201 |0210 1.90
Gemma-3-4b-it 0205 1.55 0.193 1.60 0.192 1.68 0224 1.68 0.197 197 0204 175 0216 1.86 |0204 1.73
Phi-3.5-vision-it 0.192 145 0.180 161 0.176 156 0.194 1.63 0.195 183 0.189 158 0.193 1.59 |0.188 1.61
Gemini 2.5 Pro 0317 277 0375 3.13 0346 3.12 0320 284 0329 281 0398 330 0358 294 [0.349 299
GPT-40-mini 0315 254 0283 264 0311 292 0304 276 029 251 0305 299 0298 260 |0301 271
Claude 3.5 Sonnet 0376 228 0386 234 0358 234 0387 267 0382 221 0365 227 0357 198 |0373 230

5 Claude 3 Haiku 0388 248 0380 240 0375 262 0377 276 0366 231 0395 273 0377 211 |0380 2.49
Qwen3-VL-4B-it 0321 226 0339 241 0346 256 0334 250 0337 239 0346 271 0315 231 |0337 245
Gemma-3-4b-it 0.191 173 0195 174 0213 186 0218 196 0216 186 0210 189 0.180 1.64 |0.203 1.8I
Phi-3.5-vision-it 0.186 1.23 0.194 124 0.182 126 0.193 133 0193 136 0.190 123 0.196 1.28 |0.191 1.28

textual context, cited reference papers, or exter-
nal domain knowledge accessed through online
resources (e.g., Wikipedia). During inference, the
model is provided only with the full source pa-
per in PDF form, and must autonomously locate
relevant passages, retrieve information from cited
works or external sources via tool use, and synthe-
size evidence across sources to produce a correct
answer. This task evaluates models’ abilities in
multi-hop reasoning, cross-source evidence syn-
thesis, and tool-augmented agent behavior under
realistic scientific inquiry settings.

To construct this task, we first utilize Gemini 2.5
pro (Comanici et al., 2025) with the source paper
and identify information-dense statements that de-
scribe key methods, results, or claims. These state-
ments often involve domain-specific concepts, enti-
ties, or terminology that are underspecified within
the local context. Next, we prompt the LLM to
retrieve complementary descriptions of these con-
cepts from other parts of the paper, cited refer-
ence papers, or external knowledge sources. Based
on the relationship between the original statement
and the retrieved evidence, we then construct a
multi-source question that requires integrating both
pieces of information, along with a corresponding
answer grounded in the collected materials. All
generated questions and answers are followed by
careful human revision to ensure correctness and
factual consistency.

Critical Assessment We collect peer-review dis-
cussions from OpenReview and apply strict filter-

ing to retain reviewer questions that elicit substan-
tive author responses and lead to explicit score
improvements in later review rounds, ensuring that
the retained QA pairs reflect meaningful scientific
concerns rather than superficial feedback.

To further improve data quality, we use Gemini
2.5 Pro (Comanici et al., 2025) to clean and refine
the review threads by removing trivial questions
(e.g., minor clarifications or missing citations) and
non-informative conversational content (e.g., po-
lite acknowledgments). The resulting QA pairs
focus on substantive issues such as experimental
limitations, unclear assumptions, methodological
choices, and missing evidence.

4 Experiments

In this section, we evaluate the overall performance
of the LLM on four tasks. We further analyze mod-
els’ tool usage behaviors, investigate the failure
modes in question—answering failures and provide
a case study to illustrate representative model be-
haviors.

4.1 Experiment Setup

Implementation Details. For closed-source
model, we adopt Gemini 2.5 pro (Comanici
et al., 2025), Claude 3.5 Sonnet (Anthropic,
2024), Claude 3 Haiku (Anthropic, 2024), GPT-
40 mini (Hurst et al.,, 2024) for the evalua-
tion. For open-source model, we adopt Qwen3-
VL-4B-Instruct (Yang et al., 2025), Gemma-3.1-
4B-Instruct (Team et al., 2025), Phi-3.5-vision-
instruct (Abdin et al., 2024).
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Table 3: Evaluation results on Critical Assessment task
across different models.

Base LLM | Comp. Sci.
| F1 LLM-J Steps Tools
(Closed-Source Models)
Gemini 2.5 Pro 0.198 2.64 458  5.37
GPT-40-mini 0.228 2.57 3.06 3.75

Claude 3.5 Sonnet
Claude 3 Haiku

0.228 243 1.16 251
0.255 2.51 1.15 236

(Open-Source Models)

Qwen3-VL-4B-Instruct | 0.209 2.42 227 270
Gemma-3-4b-Instruct 0.146 1.95 276 2.29
Phi-3.5-vision-instruct | 0.134 1.26 5.83 1.83

We evaluate model performance using both F1
score and an LLLM-as-a-Judge metric on a 5-point
scale. More results such as the variance of F1 and
accuracy derived from LLM-as-a-Judge are pro-
vided in the Appendix C.

For Cross-Source Evidence Reasoning and
Critical Assessment task, which involve tool
usage, we follow the experimental setup in
prior work (Daoyu Wang, 2025) and enable
LLMs to interact with external tools using the
smolagents (Roucher et al., 2025) framework to-
gether with the ReAct (Yao et al., 2022) paradigm.
We also report the average interaction steps and
the average number of tool usage to characterize
models’ agentic behaviors during reasoning. Addi-
tional details regarding model configurations and
evaluation settings can be found in the Appendix B.

4.2 Main Results

Table 2 summarizes the evaluation results on Tasks
across different models. For Multimodal Ground,
Gemini 2.5 Pro achieves the strongest overall per-
formance, outperforming comparably sized Claude
models by 20.4% in F1 score and 9.6% in LLM-
as-a-Judge ratings. For Experimental Interpre-
tation, although Qwen3-VL-4B-Instruct attains
higher F1 scores than the Claude 3.5 Sonnet in
some cases, Claude consistently achieves better
performance under the LL.M-as-a-Judge evaluation.
Cross-Source Evidence Reasoning task demon-
strates more performance gaps observed between
closed-source and open-source models. For eval-
uation results of Critical Assessment in Table 3,
Gemini 2.5 Pro achieves the highest LLM-as-a-
Judge score, and is also characterized by longer in-
teraction trajectories and more frequent tool usage,
indicating a stronger tendency to actively explore

evidence and iteratively refine its answers. In con-
trast, Phi-3.5-vision-instruct performs a relatively
large number of interaction steps, but its tool us-
age frequency remains notably low, causing lower
answer quality despite longer reasoning traces.

4.3 In-Depth Discussion

4.3.1 Effect of Background Introduction on
Scientific Tasks

We investigate the role of background knowledge
in scientific figure understanding, with results sum-
marized in Table 4 for Multimodal Ground. Incor-
porating introduction-level context leads to consis-
tent improvements in F1 scores for both Gemini
2.5 Pro (Comanici et al., 2025) and Qwen3-VL-
4B-Instruct (Yang et al., 2025), with gains of ap-
proximately 13.7% and 14.5%, respectively. In
terms of LL.M-as-a-Judge scores, Qwen exhibits
a notable improvement of around 8.8%, whereas
Gemini shows only marginal change. This con-
trast suggests that Gemini possesses stronger in-
herent generalization ability, enabling it to produce
high-quality captions even without explicit back-
ground context. We also provide experiment result
for Experimental Interpretation in Table 10 in Ap-
pendix C.

4.3.2 Tool Usage Analysis

We further analyze how different models utilize ex-
ternal tools when solving Cross-Source Evidence
Reasoning and Critical Assessment. Figure 5 illus-
trates the frequency of tool usage across different
models. Overall, we observe that models tend to
rely more heavily on general web search, while tool
arxiv_retriever is used less frequently. This sug-
gests that models prefer flexible retrieval strategies
that provide broad coverage, rather than strictly
targeting specific academic repositories.

Effect of the Maximum Number of Tool Calls.
To examine the impact of tool usage depth on per-
formance, we conduct an ablation study by vary-
ing the maximum number of allowed tool calls.
As shown in Figure 4, increasing the tool budget
from 4 to 6 leads to the most substantial perfor-
mance gains across models. Specifically, increas-
ing the tool budget from 6 to 8 yields only marginal
gains, and further expanding it to 10 even leads
to a slight performance degradation. This trend
can be attributed to the increased context length
introduced by excessive tool interactions, which
may dilute relevant evidence and impose additional
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Table 4: Impact of including the Introduction section of the paper as input on Multimodal Ground task, which serves
as background information that helps LLMs better understand the paper.

\ Scientific Domains Avg. Score

Base LLM Physics Chemistry Biology Medical Comp. Sci. Economy Agriculture Fl  LLM-J
F1 LLM-J Fl LLM-J FlI LLM-J Fl LLMJJ FlI LLM-J FlI LLMJ Fl LLMJ|
(Input with Introduction)
Gemini 2.5 Pro 0.265 254 0223 238 0213 251 0232 241 0220 233 0205 228 0206 227 |0224 239
Qwen3-VL-4B-Instruct | 0.218  2.14 0.180 2.08 0.186 223 0.174 223 0.178 2.00 0.155 199 0.167 2.12 |0.181 2.11
(Input without Introduction)

Gemini 2.5 Pro 0.246 244 0.223 244 0204 245 0.198 242 0.199 214 0.147 201 0176 219 |0.197 230
Qwen3-VL-4B-Instruct | 0.191  2.07 0.163 2.03 0.166 2.15 0.154 200 0.157 185 0.130 1.69 0.145 1.80 |0.158 1.94
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Figure 4: Impact of Maximum Number of Tool Calls on Cross-Source Evidence Reasoning. Dashed lines indicate
the average performance across all domains for each setting.

Table 5: Effect of explicit external references on Cross-Source Evidence Reasoning task.

\ Scientific Domains | Avg. Score

Base LLM . . . . K X
Physics Chemistry Biology Medical Comp. Sci. Economy Agriculture Fl  LLM-J
FI LLM-J F1 LLM-J FlI LLM-J Fl1 LLM-J FlI LLM-J Fl1 LLM-J Fl LLM-J
(Original Query)
Gemini 2.5 Pro 0317 277 0375 3.13 0346 3.12 0320 284 0329 281 0398 330 0358 294 |0.349 299
Qwen3-VL-4B-Instruct | 0.321 226 0339 241 0.346 256 0334 250 0337 239 0346 271 0315 231 |0.337 245
(External_Reference-Augmented Query)

Gemini 2.5 Pro 0270 3.63 0.222 4.04 0216 3.79 0222 390 0213 353 0.168 399 0.191 3.38 |0428 3.75
Qwen3-VL-4B-Instruct | 0.333  2.54 0342 278 0.364 278 0341 277 0359 269 0355 266 0365 254 |0351 2.68

burdens on the model’s reasoning and generation
processes. More details can be seen in Table 12 in
Appendix C.

Validating Multi-Source Reasoning Difficulty.
We conduct a controlled comparison in which exter-
nal source information is explicitly provided as part
of the LLM input, in contrast to the original formu-
lation where models must independently identify
and retrieve relevant external sources through tool
use.

As shown in Table 5, explicitly providing source
information leads to consistent performance im-
provements across evaluation metrics. The Gemini-
2.5-Pro model achieves improvements of 22.6%
and 25.4% on the F1 score and the LLM-as-a-judge
metric, respectively. These gains indicate that ac-
cess to source identifiers substantially reduces the

retrieval burden, enabling models to focus more on
evidence integration and answer synthesis. The ob-
served performance gap therefore confirms that the
original setting poses a non-trivial multi-source rea-
soning challenge, as model performance degrades
when such reference cues are absent.

4.3.3 Failure Mode Analysis

Figure 6 shows the failure mode distribution on
Critical Assessment for Qwen3-VL-4B-Instruct.
The definition of these error taxonomy and more
examples are provided in the Appendix C. The
most frequent error is Insufficient Interaction Steps
(77%), consistent with the results in Table 3, which
indicates that the LLM performs an average of
2.27 interaction steps per question. The second
major error source is Shallow Evidence Integra-
tion, where retrieved information is not effectively
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Figure 5: Interaction depth versus tool usage of different
base LLMs on Cross-Source Evidence Reasoning task
across scientific domains. Each point shows the domain-
level average, with colors indicating base LLMs and
bubble sizes reflecting the LLM-judge score.
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Figure 6: Eight-way error taxonomy proportions on Crit-
ical Assessment using Qwen3-VL-4B-Instruct (higher
is worse), annotated by Gemini-2.5-Pro.

synthesized into a coherent response. In addition,
some failures stem from Failure to Detect Question
Error, as certain reviewer questions are themselves
based on incorrect assumptions. In these cases,
Qwen3-VL-4B-Instruct typically does not rebut
the flawed premise and instead provides a direct
but misaligned answer.

4.4 A Case Study

As shown in the Figure 7, the question requires
comparing the proposed method with prior ap-
proaches in terms of design-level advantages rather
than empirical results. Gemini 2.5 pro (Comanici
et al., 2025) first produces an explicit high-level
plan, correctly identifying the need to summarize
non-empirical (theoretical or architectural) benefits,
while Qwen3-VL-4B-Instruct (Yang et al., 2025)

Question: In what ways is the proposed Property Signatures feature
selection algorithm an improvement over prior ML methods like
DEEPCODER, beyond empirical performance?

Think: | need to understand the theoretical advantages of Property
Signatures over DEEPCODER, | will...

Tool usage:

step 1: pdf_parser(<pdf_path>) context_retriever(Property Signatures
DEEPCODER")

step 2: context_retriever(“Property Signatures feature selection”)

step 3: arxiv_retriever(‘DEEPCODER”)

step 4: web_searcher(‘DEEPCODER”) Gemini 2.5 pro

Think: | need to analyze the paper to answer the question about the
improvements of this algorithm over ...

Tool usage:
step 1: pdf_parser(<pdf_path>)
step 2: context_retriever(“Property Signatures feature selection”)

Qwen3-VL-4B-Instruct

Figure 7: A case study illustrating the reasoning process
and tool usage of different LLM on Critical Assessment.

directly proceeds to tool invocation without such
planning. Both models use basic tools such as PDF
parsing and contextual retrieval; however, Gem-
ini further invokes arXiv and web search tools to
gather additional evidence, whereas Qwen relies
only on document-level information. This example
illustrates Gemini’s more deliberate planning and
more exhaustive tool usage in complex paper-based

QA.
5 Conclusion

We present the PaperMind benchmark for compre-
hensive scientific paper understanding that evalu-
ates LLM-based systems across four interdepen-
dent task families: Multimodal Ground; Experi-
mental Interpretation; Cross-Source Evidence Rea-
soning and Critical Assessment. We perform large-
scale evaluations on both open-source and closed-
source LLMs, uncovering substantial performance
disparities and recurring failure modes. Compared
with existing benchmarks, our proposed benchmark
moves beyond isolated retrieval and summarization
to assess higher-level reasoning required for sci-
entific research workflows. We believe this work
facilitates more systematic evaluation and devel-
opment of agentic systems for scientific literature
understanding.
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Limitations

Although we rely exclusively on LLM-as-a-Judge
for evaluation, the consistency and stability of such
automated judgments remain an open challenge,
especially across diverse question types. More de-
tails can be seen in Appendix. In particular, the
alignment between LLM-based judgments and hu-
man preferences may vary across different question
types and domains, indicating room for improve-
ment in evaluation stability and granularity.
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A Benchmark Construction

We provide additional details on paper dataset
statistics. We first analyze the page-length distri-
bution of the source papers used in our dataset and
report the results in Table 6. This analysis char-
acterizes the diversity and scale of the underlying
scientific documents from which our task instances
are constructed.

In addition, we present an illustrating representa-
tive task examples together with the corresponding
tool libraries required to solve them in Figure 8.

B Evaluation Details

All evaluation experiments are conducted on
NVIDIA A100 GPU. Following prior work (Cho
et al., 2024; Han et al., 2025; Sun et al., 2025; Li
et al., 2025), we leverage GPT-40 (Hurst et al.,
2024) as an LLLM-as-a-Judge and F1 to evaluate
the consistency between model outputs and refer-
ence answers. The LLM-as-a-Judge produces a
five-level rating for each prediction based on a rule-
based evaluation script that covers different answer
types. Detailed prompt can be seen in Figure 12.
We report domain-wise averages and variance of
the F1 score and LLM-as-a-Judge ratings. Regard-
ing the latter one, we calculate the accuracy by the
proportion of predictions receiving a score greater
than or equal to 4, which we treat as correct an-
SWerS.

C Additional Experiments

We provide additional experimental results for all
four tasks. Specifically, we report the variance of
F1 and accuracy calculated from LLM-as-a-judge
scores on the Multimodal Ground task (Table 7),
the Experimental Interpretation task (Table 8), the
Cross-Source Evidence Reasoning task (Table 9),
and the Critical Assessment task (Table 14).

For deeper analysis, we investigate the impact of
input prompts with additional introductions on the
Experimental Interpretation task, aiming to exam-
ine the effect of background knowledge injection
on model performance, shown in Table 10.

In the tool usage analysis, we provide detailed
statistics on interaction depth and tool usage behav-
iors of LLM agents on the Cross-Source Evidence
Reasoning task in Table 11, together with an analy-
sis of the impact of the maximum number of tool
calls on this task in Table 12.

For error analysis, we present the proportions
of an eight-way error taxonomy on Cross-Source

Evidence Reasoning task using Qwen3-VL-4B-
Instruct in Figure 13. We define an eight-category
error taxonomy to systematically characterize
model failures in complex question answering and
tool-augmented reasoning:

(1) Question Misunderstanding refers to cases
where the model misundertand the meaning of
the question. This error typically arises when the
model misinterprets the intent or scope of the ques-
tion.

(2) Reasoning-Plan-Failure occurs when the
model fails to formulate an appropriate reasoning
or action plan before generating intermediate rea-
soning steps or invoking tools. In such cases, the
model output lacks clear sub-goal decomposition,
or tool usage proceeds without a coherent strat-
egy, leading to ineffective or misaligned reasoning
trajectories.

(3) Incorrect-Tool-Use captures failures where
the model selects inappropriate tools or applies
them incorrectly for the given information need.
This includes choosing an unsuitable tool, misusing
tool parameters, or misinterpreting and disregard-
ing the tool outputs during subsequent reasoning
steps.

(4) Insufficient-Interaction-Steps describes situ-
ations in which the model stops its search process
before collecting sufficient evidence to support a
well-founded answer. This error is often charac-
terized by an unusually small number of interac-
tion steps, with a final prediction produced despite
unresolved uncertainty or incomplete information
gathering.

(5) Inaccurate-Query-Keywords refers to cases
where the model generates ineffective, overly
generic, or misdirected retrieval queries. As a re-
sult, the retrieval process repeatedly returns irrel-
evant, uninformative, or empty results, indicating
that the model fails to translate the information
need into precise and actionable queries.

(6) Shallow-Evidence-Integration arises when
the model successfully retrieves relevant evidence
but fails to integrate it into a coherent and well-
justified answer. In these cases, the retrieved ob-
servations contain the necessary information, yet
the final prediction does not adequately combine,
explain, or reason over the evidence, falling short
of the depth required by the ground-truth label.

(7) Generic-Academic-Assumption character-
izes errors where the model relies on generic aca-
demic conventions or assumptions rather than con-
crete evidence from the retrieved materials. This
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often manifests as reasoning based on common
scholarly patterns (e.g., “the paper does not explic-
itly state...”) instead of grounding conclusions in
observed content.

(8) Failure-to-Detect-Question-Error refers to
cases in which the model answers a hypothetical or
evaluative version of the question, even though the
correct response should explicitly state that the pa-
per does not address the issue. This error typically
occurs when the question uses normative or evalu-
ative wording, but the model provides speculative
analysis rather than correctly reporting the absence
of discussion as indicated by the ground-truth label.
It often occurs in the peer-review process.

D Ethics Statement

D.1 Personal Information Usage

To ensure data privacy and responsible use, our
benchmark is constructed exclusively from pub-
licly available scientific papers sourced from open-
access repositories, including arXiv, bioRxiv, Se-
mantic Scholar, and OpenReview. All ques-
tion—answer pairs are derived from open-source
academic content, such as paper text, figures, tables,
references, and publicly accessible peer-review dis-
cussions.

Throughout the benchmark construction process,
all question—answer pairs were carefully reviewed
and filtered to remove inaccurate, misleading, or in-
appropriate content. As the benchmark relies solely
on open-access scholarly materials, it does not pose
data privacy concerns and is intended solely for re-
search and benchmarking purposes.

D.2 Human Annotation

All human involvement in this benchmark was re-
stricted to quality verification. Specifically, manual
checks were performed only for Task 3 to verify
the correct alignment between multi-source ques-
tions and their corresponding ground-truth answers.
This process focused solely on factual consistency
and evidence matching, without introducing new
annotations or subjective judgments. No personal
information was collected, and no analysis of an-
notator behavior was conducted. All verification
was carried out by the author team as part of the
research workflow, and the benchmark does not
involve real user data or human-subject research.

E Potential Risks

This benchmark is intended solely for research
and evaluation purposes. As it is constructed
from scientific papers, potential risks include over-
interpreting benchmark performance as a proxy for
real-world research competence and propagating
biases present in the original academic literature or
underlying pretrained models. We mitigate these
risks by clearly documenting data sources, task
scope, and evaluation limitations, and by position-
ing the benchmark as a controlled testbed rather
than a measure of deployment readiness.

F Use of AI Assistants

In this work, LL.Ms are employed strictly as sup-
porting tools for benchmark construction and eval-
uation. During data creation, LLMs are used to
assist in generating candidate questions and an-
swers, particularly for multi-source scientific QA,
under predefined constraints. These candidates are
subsequently manually reviewed and validated by
the authors to ensure factual correctness, evidence
alignment, and task relevance.

LLM:s are also used as an automatic evaluation
component through the LLM-as-a-Judge protocol,
following established practices in prior research,
and in a limited capacity for improving linguistic
clarity of the manuscript. All task design, experi-
mental analysis, and scientific conclusions are de-
termined and finalized by the authors, with LLMs
serving only as auxiliary tools rather than decision-
making agents.
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Table 6: Dataset statistics across scientific domains, reporting the number of papers and the distribution of PDF
page counts. P25 and P75 denote the 25th and 75th percentiles, respectively.

Statistic | Scientific Domains

| Agriculture Biology Chemistry ~Comp. Sci. Medicine Physics ~ Economy

Paper # 87 81 54 71 70 76 67

Avg. Pages 10.8 13.0 11.6 11.9 11.3 12.1 13.6
P25 8.0 9.0 8.0 10.0 9.0 8.0 9.0
P75 14.0 16.0 14.0 13.0 13.0 16.0 18.0

i

Task 1: Caption Generate.

.......... g ot

......

000

Task 2: Experimental Analysis Generation. g*

@ Task 3: Multi-Source Tool-Augmented QA Task 4: Rebuttal-Oriented QA
Example: According to Table 2 in pdf, what’s the Example: Is it fair to use the data from the evaluation
impact on the CRM score when KL balancing is datasets during the pre-training process of the LLM,
removed, what’s the underlying mechanism? and does this not bias the model?

NA NA
v v
Re.asomng process: % Tool set:
Think: Firstly I need to clarify the question..., then | should make a S df parser
plan ..., finally through all these information, | can get the final answer. . pal_p
image_analyzer
Action:  stepi: pdf_parser(<pdf_path>) context_retriever
Step2: context_retriever(“KL balancing”) web_searcher

arxiv_retriever
Output: Final Answer

Figure 8: Overview of the design and scope of the four tasks.

Table 7: Variance and accuracy of LLM-as-a-judge evaluations on Multimodal Ground task. Scores are assigned
on a 5-point scale. Var denotes score variance, and Acc is computed by the percentage treating scores above 4 as
success.

\ Scientific Domains Avg. Score
Base LLM Physics Chemistry Biology Medical ~Comp. Sci. Economy  Agriculture Acc  Var
Acc Var Acc Var Acc Var Acc Var Acc Var Acc Var Acc Var \
(Closed-Source Models)
Gemini 2.5 Pro 7.53 0.66 10.00 0.74 7.64 0.61 451 0.63 537 0.68 8.11 0.72 438 0.64 |6.79 0.67
GPT-40-mini 458 0.66 8.09 0.78 556 0.60 420 0.71 0.65 0.53 2.60 0.58 3.75 0.68 | 4.20 0.65
Claude 3.5 Sonnet 0.65 054 6.67 077 7.64 071 423 0.68 1.13 0.58 195 0.53 2.56 0.65|3.57 0.64
Claude 3 Haiku 0.65 050 294 0.69 123 058 350 080 0.65 0.52 1.30 0.60 2.50 0.64 | 1.82 0.62

(Open-Source Models)

Qwen3-VL-4B-Instruct | 3.92 0.63 2.21 058 3.09 0.62 350 0.64 2.60 0.58 1.30 0.55 4.38 0.66 |3.00 0.61
gemma-3-4b-it 131 055 074 052 1.85 054 140 057 0.65 051 0.00 0.55 1.25 0.59 | 1.03 0.54
Phi-3.5-vision-instruct | 1.31 0.52 294 0.62 1.85 0.57 2.10 0.67 130 051 0.00 0.52 0.63 0.56 | 1.45 0.57
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You are a scientific research assistant. You are given:
Introduction of a research paper and one figure or table image in this paper.

Your Task: Generate a concise academic caption for the given image.

Constraints:

* The caption should describe what the figure/table presents, not interpret or analyze results.

* Use the background text only for context (e.g., task setting, method name); do not restate or summarize.
* Do not introduce assumptions, conclusions, or explanations beyond what is directly depicted.

* Do not describe visual appearance details (e.g., colors, layout, axis style).

* Use a formal academic style, suitable for a paper figure/table caption.

* Directly output the caption content only; do NOT include prefixes such as “Figure X”, “Fig. X”,

“Table X”, or any numbering.

Output: A concise figure/table caption.

Figure 9: Prompt setting with introduction input for Multimodal Ground.

You are a scientific research assistant. You are a scientific research assistant. You are given:
(1) Introduction of a research paper. (2) One experimental figure or table image from the paper.

Your Task: Generate a concise analysis of the experimental results shown in the image.

Constraints:

* Focus only on the experimental results directly supported by the image.

* Use the background text only for context; do not restate or summarize it.

* Do not describe the visual appearance of the image (e.g., layout, colors, axes).

* Do not introduce new experiments, assumptions, mechanisms, or speculative explanations.
* Use a formal academic writing style, appropriate for the Results or Analysis section.

Output: A single coherent paragraph analyzing the experimental results.

Figure 10: Prompt setting with introduction input for Experimental Interpretation.

You are a scientific research assistant.

Answer questions about the paper in this path: ${pdf_path} Question: ${question}.
Use available tools to find information. Be concise and accurate.

Figure 11: Prompt setting for Cross-Source Evidence Reasoning and Critical Assessment. Tool-invocation prompts
follow the smolagents framework (Roucher et al., 2025).
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Table 8: Variance and accuracy of LLM-as-a-judge evaluations on Experimental Interpretation task. Scores are
assigned on a 5-point scale. Var denotes score variance, and Acc is computed by the percentage treating scores
above 4 as success.

| Scientific Domains Avg. Score

Base LLM - . - - . .
Physics ~ Chemistry Biology Medical Comp. Sci. Economy  Agriculture Acc  Var

Acc Var Acc Var Acc Var Acc Var Acc Var Acc Var Acc Var \
(Closed-Source Models)

Gemini 2.5 Pro 791 0.67 0.00 0.5 0.213 251 15.83 1.23 1533 0.70 0.00 0.40 1230 0.92|8.35 0.74
GPT-40-mini 0.72 034 2.13 044 350 0.54 500 070 533 054 282 053 491 0.69 349 0.54
Claude 3.5 Sonnet 2.16 033 354 045 210 036 9.16 0.62 4.00 040 7.04 0.64 492 0.61|4.70 0.49
Claude 3 Haiku 0.00 0.27 0.71 0.40 0.00 0.28 250 049 133 029 423 057 164 179|149 040

(Open-Source Models)

Qwen3-VL-4B-Instruct | 791 039 0.71 040 280 047 5.00 0.75 533 056 352 052 328 055|3.15 052
gemma-3-4b-it 072 032 142 042 140 033 250 047 133 035 211 050 246 048|171 041
Phi-3.5-vision-instruct | 0.00 0.28 0.71 032 0.70 0.34 333 052 0.66 035 141 046 000 032|097 037

Table 9: Variance and accuracy of LLM-as-a-judge evaluations on Cross-Source Evidence Reasoning task. Scores
are assigned on a 5-point scale. Var denotes score variance, and Acc is computed by the percentage treating scores
above 4 as success.

| Scientific Domains Avg. Score
Base LLM Physics Chemistry Biology Medical Comp. Sci.  Economy  Agriculture Acc Var
Acc  Var Acc Var Acc Var Acc Var Acc Var Acc Var Acc Var \
(Closed-Source Models)
Gemini 2.5 Pro 38.04 2.15 46.85 2.09 45.54 2.18 38.61 247 3559 2.11 49.40 1.80 39.80 2.21 |41.98 2.15
GPT-40-mini 22.83 1.34 19.82 1.13 26.73 138 21.78 1.01 20.33 145 30.12 141 1942 1.15|23.01 127
Claude 3.5 Sonnet 1848 1.46 18.92 1.66 17.82 1.69 29.70 1.49 1525 1.32 18.07 1.83 13.59 1.48 |18.83 1.56
Claude 3 Haiku 2500 1.75 21.62 1.68 26.73 1.70 30.69 1.71 17.80 1.35 3253 1.71 12.62 1.28 |23.86 1.60

(Open-Source Models)

Qwen3-VL-4B-Instruct | 16.30 132 1622 145 17.82 132 19.80 142 18.64 132 2651 1.53 1553 1.19 |18.69 1.36
gemma-3-4b-it 434 083 541 095 792 105 495 101 6.78 090 4.81 084 291 0.68| 531 0.89
Phi-3.5-vision-instruct | 1.09 033 2.7 042 000 033 400 060 25 057 00 030 097 034| 1.61 041

Table 10: Impact of input with Introduction on Experimental Interpretation task.

\ Scientific Domains Avg. Score

Base LLM Physics Chemistry Biology Medical Comp. Sci. Economy Agriculture

‘ F1 LLM-J F1 LLM-J Fl1 LLM-J F1 LLM-J Fl LLM-J Fl1 LLM-] FlI LLM-] ‘ Fl LLMJ

(Input with Introduction)
0243 227 0225 209 0.191 200 0242 235 0214 257 0224 200 0231 244 ‘0.230 225

Gemini 2.5 Pro

Qwen3-VL-4B-Instruct | 0.212  1.77 0.197 1.76 0200 1.90 0216 184 0.206 2.03 0217 197 0225 201 |0.210 190

(Input without Introduction)

0206 207 0.188 218 0.190 221 0203 232 0.189 245 0209 229 0231 242 |0200 2.28
0.189 179 0.175 1.88 0.178 194 0.182 198 0.169 215 0.188 202 0.189 2.15 |0.181 1.99

Gemini 2.5 Pro
Qwen3-VL-4B-Instruct

Table 11: Interaction Depth and Tool Usage Statistics of LLM Agents on Cross-Source Evidence Reasoning task.

| Scientific Domains Avg. Score

Base LLM Physics Chemistry Biology Medical Comp. Sci. Economy Agriculture Steps  Tools
Steps Tools Steps Tools Steps Tools Steps Tools Steps Tools Steps Tools Steps Tools \ P )

(Closed-Source Models)

Gemini 2.5 Pro 439 496 4.11 440 425 458 4.68 530 424 462 434 442 419 445 | 431 4.68
GPT-40-mini 293 352 314 377 279 338 318 394 297 359 288 351 3.04 371|299 3.63
Claude 3.5 Sonnet 1.00 217 1.04 239 1.05 226 1.04 222 108 233 1.04 224 1.05 233 | 1.04 228
Claude 3 Haiku 120 235 123 235 123 234 128 236 115 224 106 198 1.01 219 | 1.17 2.26

(Open-Source Models)

Qwen3-VL-4B-Instruct | 2.21 233 223 255 217 224 218 251 242 268 210 228 238 251|224 244
Gemma-3-4b-it 267 217 316 278 275 222 290 250 282 240 264 227 298 259 | 285 242
Phi-3.5-vision-instruct | 585 1.83 577 1.56 580 1.75 590 1.65 575 157 587 186 579 183|582 1.72
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Table 12: Impact of Maximum Number of Tool Calls on Cross-Source Evidence Reasoning task.

\ Scientific Domains Avg. Score

Base LLM Physics Chemistry Biology Medical Comp. Sci. Economy Agriculture Fl  LLM-J
F1 LLM-J F1 LLM-J FlI LLM-J Fl LLMJ FlI LLM-J FlI LLMJ Fl LLMJ|
(Max. Tool Calls = 4)
Qwen3-VL-4B-Instruct | 0.316 236 0330 239 0317 249 0288 250 0313 236 0301 247 0317 201 |0312 237
(Max. Tool Calls = 6)
Qwen3-VL-4B-Instruct | 0.321 226 0339 241 0346 256 0334 250 0337 239 0346 271 0315 231 0337 245
(Max. Tool Calls = 8)
Qwen3-VL-4B-Instruct | 0.338 237 0341 240 0340 292 0328 249 0339 236 0340 253 0346 240 |0339 250
(Max. Tool Calls = 10)

Qwen3-VL-4B-Instruct | 0.325 230 0343 247 0346 261 0337 263 0336 233 0332 245 0320 235 0334 245

Table 13: Effect of explicit external references on Cross-Source Evidence Reasoning task.

| Scientific Domains Avg. Score
Base LLM Physics Chemistry Biology Medical Comp. Sci. Economy Agriculture Fl  LLM.J
F1 LLM-J F1 LLM-J F1 LLM-] F1 LLM-J] F1 LLM-J Fl LLM-J Fl LLM-] ‘
(Original Query)
Gemini 2.5 Pro

439 496 411 440 425 458 468 530 424 462 434 442 419 445 |431 4.68
221 233 223 255 217 224 218 251 242 268 210 228 238 251 |224 244

Qwen3-VL-4B-Instruct

(External_Source-Augmented Query)

358 417 374 386 339 363 357 406 350 418 320 336 351 417 |[350 392
255 240 256 273 268 272 251 276 253 261 258 257 238 235 |254 259

Gemini 2.5 Pro
Qwen3-VL-4B-Instruct

Evaluation (LLM as a Judge)

You are a strict grader for scientific question answering. You are given:
Question: {question}

Label Answer: {groundtruth}

Predicted Answer: {answer}

Assign a score from 1 to 5 according to the following criteria:

5 — The prediction is factually correct and complete, accurately covering all key points in the label
without missing important information or introducing any incorrect statements.

4 — The prediction is largely correct and captures the main ideas and most key details of the label, but
omits some minor or secondary information while remaining factually accurate.

3 — The prediction contains some correct information from the label but is substantially incomplete,
vague, or underspecified.

2 — The prediction is weakly related to the label, includes little correct content, and misses or misstates
key facts.

1 — The prediction is incorrect, irrelevant, or contradictory to the label, or contains clear hallucinations.
Output ONLY a single integer from 1 to 5.

Figure 12: Prompt used for LLM-as-a-Judge with GPT-40, where the model evaluates each prediction on a 5-point
scale.
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Table 14: Variance and accuracy of LLM-as-a-judge
evaluations on Critical Assessment task. Scores are
assigned on a 5-point scale. Var denotes score variance,
and Acc is computed by the percentage treating scores
above 4 as success.

| Comp. Sci.

Base LLM
| Acc  Var
(Closed-Source Models)
Gemini 2.5 Pro 27.55 1.87
GPT-40-mini 1497 0.99
Claude 3.5 Sonnet 11.22  0.86
Claude 3 Haiku 1326 094

(Open-Source Models)

Qwen3-VL-4B-Instruct 102  0.82
Gemma-3-4b-it 374  0.71
Phi-3.5-vision-instruct 0.68 0.29

Table 15: Impact of Maximum Number of Tool Calls
on Critical Assessment task.

Base LLM |  Comp. Sci.
| F1 LLM-J
(Max. Tool Calls = 4)
Qwen3-VL-4B-Instruct | 0.197 2.30
(Max. Tool Calls = 6)
Qwen3-VL-4B-Instruct ‘ 0.209 242
(Max. Tool Calls = 8)

Qwen3-VL-4B-Instruct | 0.212 2.44

Insufficient-Interaction-Steps /////////J 39.32%
Shallow-Evidence-Integration ////m 31.
Incorrect-Tool-Use m 25.98%

Generic-Academic-Assumption @ 10.83%

I
o
®

Reasoning-Plan-Failure ZG.H%
Inaccurate-Query-Keywords Z 5.90%
Question-Misunderstanding 1 0.54%

Failure-to-Detect-Question-Error {0.00%

0 20 40 60 80 100
Proportion (%)

Figure 13: Eight-way error taxonomy proportions on
Cross-Source Evidence Reasoning using Qwen3-VL-
4B-Instruct (higher is worse), annotated by Gemini-2.5-
Pro.
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