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Abstract
We present SciClaimEval, a new scientific dataset for the claim verification task. Unlike existing resources,
SciClaimEval features authentic claims, including refuted ones, directly extracted from published papers. To create
refuted claims, we introduce a novel approach that modifies the supporting evidence (figures and tables), rather than
altering the claims or relying on large language models (LLMs) to fabricate contradictions. The dataset provides
cross-modal evidence with diverse representations: figures are available as images, while tables are provided
in multiple formats, including images, LaTeX source, HTML, and JSON. SciClaimEval contains 1,664 annotated
samples from 180 papers across three domains, machine learning, natural language processing, and medicine,
validated through expert annotation. We benchmark 11 multimodal foundation models, both open-source and
proprietary, across the dataset. Results show that figure-based verification remains particularly challenging for all
models, as a substantial performance gap remains between the best system and human baseline.
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1. Introduction

Scientific claim verification involves determining
whether claims made in research papers are
supported or refuted by the accompanying evi-
dence (Wadden et al., 2020; Guo et al., 2022). With
the rapid rise of generative AI and large language
models (LLMs), the number of submissions to sci-
entific conferences and journals has grown substan-
tially, creating a greater demand for tools that help
reviewers assess the validity of authors’ claims. Ac-
curate and reliable claim verification systems could
significantly strengthen the peer-review process by
automatically identifying unsupported or inconsis-
tent claims. However, the ability of existing models,
including recent multimodal LLMs (MLLMs), to per-
form this task remains largely unexplored due to
the lack of a comprehensive dataset.

Over the past few years, several datasets have
been introduced for claim verification in scientific
papers, including SciFact (Wadden et al., 2020),
PubHealth (Kotonya and Toni, 2020), SciTab (Lu
et al., 2023), and more recently, SciVer (Wang
et al., 2025a). SciFact and PubHealth are text-
only datasets in the medical domain, while SciTab
focuses on computer science and provides tables
as evidence. SciVer extends this line of work by
incorporating multimodal evidence, while remain-
ing focused on computer science. However, SciVer
has two key limitations: first, its claims are synthetic,
written by experts rather than drawn from actual pa-
pers, and second, its tables are provided solely as

*Research conducted during internship at NII, Japan.

images, without corresponding structured formats.
More broadly, a persistent limitation across most
existing datasets lies in how unsupported claims
are constructed. These are often created by edit-
ing supported claims to introduce contradictions
with the evidence, which can lead to artifacts and
heuristic cues. For example, many refuted claims
simply rely on inserting negation words such as not,
making the task less realistic.

In this paper, we present SciClaimEval, a new
dataset for cross-modal scientific claim verification.
Our work differs from existing resources in three
important ways. First, all claims, both supported
and refuted, are authentic, sourced directly from
published papers across three domains: machine
learning (ML), natural language processing (NLP),
and medicine. Second, unlike prior work that gen-
erate refuted claims by altering original statements
or relying on LLMs, we introduce a novel strategy
that creates negative examples by disturbing the
supporting evidence itself, specifically by modifying
figures and tables. Third, SciClaimEval provides
cross-modal evidence with rich and diverse repre-
sentations: both tables and figures are included,
and tables are available in multiple formats, includ-
ing images, LaTeX source, HTML, and JSON.

Specifically, SciClaimEval is constructed in three
main steps. First, we collect a pool of papers span-
ning three domains: NLP, ML, and medicine. For
the medical domain, we use papers from PeerJ,
while for NLP and ML, we gather papers from arXiv,
referencing accepted papers from the ACL Anthol-
ogy and NeurIPS as guidance. For each paper, we
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Year Dataset Size Domain Fact Source
(Positive)

Fact Source
(Negative)

Authentic
Claims

Input
Context Sources Verdict

2021 SEM-TAB-FACTs 5,715 Multi Crowd Crowd ✗✗ A table (.xml) ScienceDirect 3 labels

2023 SciTab 1,224 CS Original
sentences Claim modification ✓✗ A table (.json) SciGen 3 labels

2025 MMSci-Eval 3,114 CS GPT followed
by verification Claim modification ✗✗ A table image SciGen 3 labels

2025 SciAtomicBench 2,568 Multi GPT followed
by verification Claim modification ✗✗ A table (.json)

SciGen,
PubTables-1M,
Financials,
MatSciTable

2 labels

2025 SciVer 3,000 CS Experts Claim modification ✗✗

Textual paras,
multiple charts,
multiple tables
(table image)

arXiv papers 2 labels

2025 MuSciClaims 1,515 Multi Original
sentences Claim modification ✓✗ A figure

Nature Physics,
Journal of
the American
Chemical Society,
and Cell

3 labels

2025 SciClaimEval
(ours) 1,664 Multi Original

sentences Evidence modification ✓✓
A table* or
a figure arXiv, PeerJ 2 labels

Table 1: Comparison of SciClaimEval with existing multimodal scientific claim verification datasets. For
the Authentic Claims column, the two bars from left to right represent a supported claim and a refuted
claim, respectively. The asterisk (*) next to Table indicates that our table is available in multiple formats,
including table image, JSON, and HTML.

extract the main text, figures, and tables. Second,
we perform claim–evidence pair extraction. Using
keywords such as “Table 1” or “Tab. 1”, we iden-
tify sentences that explicitly reference a table or
figure and pair each of them with the correspond-
ing evidence. Third, we conduct expert annotation.
All claim-evidence pairs are reviewed by experts,
who carry out two tasks: 1) claim-evidence ver-
ification and 2) evidence modification. When a
claim is annotated as supported, the annotators
modify the corresponding evidence to create an
unsupported version. In total, SciClaimEval con-
tains 1,664 claims from 180 papers, covering both
figures and tables across three domains.

We then evaluate 11 multimodal foundation mod-
els on SciClaimEval, covering both open-source
and proprietary models of varying sizes. Our re-
sults show that the figure-based subset is chal-
lenging for all models, including o4-mini, with a
substantial gap remaining between the best model
performance and the human baseline. In contrast,
the table-based subset is primarily useful for as-
sessing open-source MLLMs, as o4-mini performs
close to the human baseline. Additionally, our table
data includes diverse formats, providing a valuable
resource for future research on processing scien-
tific papers.1

2. Related Work

In this section, we first review studies on general-
domain claim verification, focusing on text-based

1Our dataset is available at https://
sciclaimeval.github.io/

approaches, and then discuss research related to
multimodal scientific claim verification.

Claim Verification. Claim verification (fact-
checking) has long been a central problem in NLP
and AI, with extensive progress surveyed by Guo
et al. (2022). The task aims to determine whether
a claim is supported, refuted, or unverifiable given
available evidence. Research on general-purpose,
text-based verification has primarily focused on
two sources: news articles and Wikipedia. In the
news domain, several benchmark datasets have
been developed, including LIAR (Wang, 2017)
and MultiFC (Augenstein et al., 2019). In the
Wikipedia domain, widely used datasets include
FEVER (Thorne et al., 2018) and HoVer (Jiang
et al., 2020). Both datasets contain claims that
often require reasoning over multiple documents
for verification.

Beyond purely textual settings, the community
has also introduced resources for verification over
structured and multimodal evidence. These in-
clude tables (TabFact (Chen et al., 2020) and
FEVEROUS (Aly et al., 2021)), figures and charts
(ChartCheck (Akhtar et al., 2024)), and knowledge
graphs (FactKG (Kim et al., 2023)), broadening the
scope of reasoning beyond unstructured text.

In parallel, domain-specific efforts have targeted
scientific claims, where veracity judgments depend
on rigorously sourced scholarly evidence. Notable
datasets include SciFact (Wadden et al., 2020),
PubHealth (Kotonya and Toni, 2020), and SciFact-
Open (Wadden et al., 2022).

https://sciclaimeval.github.io/
https://sciclaimeval.github.io/
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Figure 1: Our dataset construction pipeline consists of three main steps: data preparation, automatic
claim-evidence extraction, and human annotation (Subsections 3.1, 3.2, and 3.3). The human annotation
process involves two tasks: claim-evidence verification and evidence modification. After collecting all
samples, we design two subtasks in our dataset: claim-label prediction and claim-evidence prediction.
Details are in 3.7.

Multimodal Scientific Claim Verification. Un-
like the datasets presented in the previous sec-
tion, this section discusses datasets that involve
multimodal scientific content. Table 1 provides a
comparison of existing datasets and our dataset.
SciTab (Lu et al., 2023), SEM-TAB-FACTs (Wang
et al., 2021), and SciAtomicBench (Zhang et al.,
2025) are datasets that focus on using tables from
scientific papers. The tables in SciTab and Sci-
AtomicBench are represented in JSON format,
whereas the tables in SEM-TAB-FACTs are rep-
resented in XML format. MMSci-Eval (Yang et al.,
2025b) also uses tables as evidence, but the tables
are represented as images. MuSciClaims (Lal et al.,
2025) focuses on claim verification using figures;
their figures are often complex and contain multiple
subcharts and tables. SciVer (Wang et al., 2025a)
emphasizes the use of multiple charts, tables, or
textual paragraphs as evidence, highlighting rea-
soning over multiple pieces of information. A limita-
tion of all existing datasets is that they only modify
claims to create refuted examples. These modi-
fications typically involve generating the opposite
meaning or performing semantic flips of existing
claims, which can lead to spurious patterns and
shortcut reasoning.

Another key aspect of our dataset is that both
supported and refuted claims are authentic claims
extracted directly from scientific papers. While
datasets such as SciTab and MuSciClaims also
reuse authentic claims from existing papers, they
do so only for supported claims, limiting the diver-
sity of refuted examples. With AI increasingly assist-
ing in scientific writing and reviewing, using authen-
tic claims is crucial to reflect real-world challenges
in scientific reasoning.

3. Dataset Construction and Analysis

In this section, we first describe our dataset con-
struction process, which consists of three main
steps: data preparation, automatic claim and ev-
idence extraction, and human annotation, corre-
sponding to Subsections 3.1, 3.2, and 3.3. We
then provide detailed information about the result-
ing dataset, including dataset statistics, dataset
analysis, dataset validation, and task design, pre-
sented in Subsections 3.4, 3.5, 3.6, and 3.7. Fig-
ure 1 illustrates the overall process of our dataset
construction.

3.1. Data Preparation
In our dataset creation process, we collect papers
from three sources: PeerJ for the medical domain,
ACL for NLP, and AI/ML conferences for machine
learning. For NLP domain, papers are collected
from the ACL Anthology and manually mapped to
their arXiv versions when available. We select pa-
pers from a variety of conferences, including but
not limited to EMNLP, ACL, EACL, NAACL, and
IJCNLP. For AI/ML domain, we select arXiv papers
that include comments indicating acceptance at
AI/ML conferences, such as NeurIPS. The arXiv IDs
from both the NLP and AI/ML collections are used
to retrieve data from ar5iv (Ginev, 2024), which
provides HTML-rendered versions of arXiv papers.
The main text of each paper is cleaned and parsed
into JSON format, storing the title, abstract, and
a list of paragraphs for each section. Figures are
extracted from ar5iv and saved in PNG format. To
obtain high-quality table data, we additionally down-
load the LaTeX source of each arXiv paper and
extract tables directly from the source files, pre-
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serving them in LaTeX format. For medical domain,
we select papers published in PeerJ between 2024
and 2025 in the Medicine Articles category. Since
PeerJ provides HTML versions of papers, we crawl
the raw HTML and parse it into JSON. Figures and
tables are extracted separately, with tables stored
in HTML format and figures in PNG.

3.2. Claim-Evidence Extraction
We use regular expressions to identify paragraphs
in each paper that mention either a table or a fig-
ure. When such a reference is found, we extract the
corresponding paragraph, split it into individual sen-
tences, and pair each sentence with the mentioned
table or figure, treating it as supporting evidence.
By applying this process to all papers, we construct
a set of sentence–evidence pairs, where the ev-
idence corresponds to either a table or a figure.
Our dataset focuses solely on the main text of the
papers, excluding any content from appendices,
including their tables and figures. Following the
findings of Ho et al. (2025), which suggest that a
lack of context can lead to task ambiguity, we also
include the preceding sentences from the same
paragraph as a short contextual field for each claim
sentence.

3.3. Human Annotation
Our human annotation process includes two tasks:
claim-evidence verification and evidence modifica-
tion. We first describe the annotators, then detail
the annotation process.

Annotators Information. We recruited annota-
tors from the students of our laboratory. Including
the authors of this paper, we have a total of 11 an-
notators, all of whom are either graduate students
or expert researchers in the NLP and ML domains.
We did not provide direct monetary compensation;
however, the annotators were rewarded with a fully
funded travel trip covering all associated costs.

Claim-Evidence Verification. From the list of ex-
tracted claim–evidence pairs for each paper, anno-
tators are presented with a claim, its corresponding
evidence (either a figure or a table), and the preced-
ing sentences from the same paragraph as short
context. If the claim is the first sentence, the con-
text is empty. Annotators are asked to: 1. Assign
a label: Choose one of the following: Supported
(evidence clearly supports the claim with no ambi-
guity), Subjectively Supported (the claim contains
subjective terms such as “large margin” or “compet-
itive,” making it difficult for annotators to determine
whether these adjectives are accurate), Unsup-
ported (evidence does not support the claim), or

Skip (insufficient knowledge to judge, or the claim
is problematic or purely descriptive). 2. Indicate
context use: Choose one of the following: No (the
claim is understandable without context), Yes (the
short context is needed), or Other sources (the full
paper is needed to understand the claim).

Evidence Modification. If a claim–evidence pair
is labeled as Supported, annotators proceed to the
evidence modification task. We use the same input
as in the previous task and provide annotators with
a list of modification operations, including explana-
tions and examples. The goal is to modify the table
or figure so that the claim becomes Unsupported
when paired with the altered evidence. For tables,
annotators can perform the following operations:

• Change the cell values: Modify the content
of one or more cells.

• Swap rows or columns: Move the name of a
row or column to another one.

• Alter the table: Add or remove rows or
columns.

• Others: Annotators may introduce additional
changes.

For figures, annotators can perform the following
operations:

• Graph Flip: Flip a graph or part of it.

• Legend Swap: Swap text in the legend.

• Graph Swap: Exchange graphs or subgraphs
from the same paper.

• Category Swap: Swap category labels to con-
tradict the claim.

• Others: Propose other types of modifications
as appropriate for the sample.

In both cases, when annotators select Oth-
ers, they are required to record the details of the
changes.

3.4. Dataset Statistics
The statistics of our dataset are presented in Ta-
ble Table 2. We report the number of claims in the
validation and test sets, as well as for the entire
dataset. Information is provided across different
properties, including modality type (table or figure),
context usage, and domain. We split the data into
validation and test sets based on context use and
the type of operation from the evidence modifica-
tion task. All Others operations are included in the
test set. Additionally, for tables, we retain the Al-
ter the table operations and some Swap rows or
columns operations in the test set.
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Property Val Test All Data
Labels
#Supported 395 481 876
#Refuted 352 436 788
Modality Type
Table 482 523 1,005
Figure 265 394 659
Context Use
No 494 619 1,113
Short Context 148 190 338
Full Paper 105 108 213
Domain
NLP 388 389 777
ML 162 240 402
Medicine 197 288 485
#Papers 139 164 180
Total examples 747 917 1,664

Table 2: Dataset statistics of SciClaimEval.

Supported Claim Only. As shown in Table 2, we
have 876 supported claims but only 788 refuted
claims. In theory, the numbers of supported and
refuted claims should be the same, since each evi-
dence table or figure is modified to create an unsup-
ported claim using the altered evidence. However,
during the dataset annotation process, we found
that in some cases it was very difficult to modify
the evidence in a way that remained logical and
still posed a meaningful challenge to the models,
rather than simply making superficial changes. As
a result, we have 88 “supported claim only” sam-
ples, 67 of which come from figure-based evidence
and 21 from table-based evidence.

Different Formats of Table Evidence. For figure
evidence, the figures are provided in .png format.
For table evidence, the original tables in the NLP
and ML domains are in LaTeX format, while the
tables in the Medicine domain are in .html format.
We also obtain both .png and .json versions of the
table data. To generate the .png format, the La-
TeX files are first compiled into PDFs, which are
then converted to PNG images using the Python
pdf2image library (Belval, 2023). This library relies
on built-in system tools for PDF manipulation. The
HTML files are converted directly into images using
wkhtmltoimage (Kulkarni, 2023), an open-source
tool that renders HTML files into various formats.
To estimate the accuracy of our table evidence in
.png format, we randomly select 100 samples and
manually evaluate them. We find that only one sam-
ple is rendered incorrectly because of overlapping
columns. Additionally, three samples have issues
with the caption, as two have incomplete captions

and one has no caption.
To generate JSON from LaTeX files, we first tried

a rule-based approach but found it inadequate due
to numerous edge cases. We then adopted GPT-
5-nano to convert LaTeX and HTML tables into a
predefined JSON format following the schema of Lu
et al. (2023), which includes the table ID, caption,
column names, and cell values. To estimate the
accuracy of our table evidence in .json format, we
randomly select 100 samples and manually eval-
uate them. We found 22 cases with minor issues
(e.g., missing the top row due to multicolumns) and
19 cases with major issues where the JSON table
content did not match the original table.

Information Max Min Avg.
Claim length 91 7 25.6
Table caption length 134 3 29.9
Figure caption length 206 7 53.4
Context length 296 8 67.7

Table 3: Detailed analyses of text lengths (based
on word count) in SciClaimEval.

Change the Cell Values
62.8%

Swap Rows or Columns
33.3%

Alter Tables
2.8%

Others
1.0%

Table Modifications

Legend Swap
35.0%

Others
33.0%

Graph Flip
13.5%

Category Swap
12.1%

Graph Swap
6.4%

Figure Modifications

Figure 2: Analyses of evidence-modifying opera-
tions in SciClaimEval.

3.5. Dataset Analysis
Text Lengths. Table 3 presents detailed analy-
ses of the word counts for claims, table captions,
figure captions, and short contexts. As shown in
the table, figure captions are generally longer than
table captions. On average, claims contain 25.6
words, ranging from 7 to 91 words.

Evidence-Modifying Operations. We present
the operation analyses for table evidence and fig-
ure evidence modifications in Figure 2. As illus-
trated in the figure, the most common modification
for table evidence is changing cell values, while
for figure evidence, legend swapping is the most
frequent. Annotators appear to be more creative
when working with figure evidence, as they often
select others as the operation type. In contrast,
others is rarely chosen for table evidence. Upon
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Claim Evidence Label

The figure reveals a set of diverse 
exploration strategies within the 
human population and confirms 

that RR-RL 2 captures the overall 
variability in human exploration 

appropriately.

The figure reveals a set of diverse 
exploration strategies within the 
human population and confirms 

that RR-RL 2 captures the overall 
variability in human exploration 

appropriately.

Supported

Unsupported

Context

Finally, we compared the probit 
regression coefficients of human 
participants to the ones of RR-
RL2. Figure 1 (b) shows a two-
dimensional UMAP embedding 
(McInnes et al., 2018) of these 
coefficients.

Finally, we compared the probit 
regression coefficients of human 
participants to the ones of RR-
RL2. Figure 1 (b) shows a two-
dimensional UMAP embedding 
(McInnes et al., 2018) of these 
coefficients.

Figure 3: An example of an others modification in the figure evidence from our dataset involves creating
an unsupported claim by adding spurious data points. The annotator labels this operation as others, with
the specific detail noted as “adding fake data points.” The context provides the necessary information to
understand the plot in the evidence.

examining the details categorized as others in the
figure evidence, we find that annotators frequently
perform operations such as changing bar heights,
manipulating data points (e.g., moving or adding
fake data points), adjusting axes, or rearranging
graphs. Figure 3 shows an example in which the
annotator labels the operation as others, with the
specific detail noted as “adding fake data points.”

Category Swap
Graph Flip

Graph Swap
Legend Swap

Others

0.6

0.8

1.0

SS
IM

0.99
0.90

0.95 0.99 0.96

Figure 4: Violin plots showing the distribution of
the Structural Similarity Index (SSIM; Wang et al.,
2004) across five operation types. In each plot, the
black dashed line indicates the group mean, and
the numeric label to the right of the line denotes the
corresponding average value.

Pixel Changes in Figure Evidence Modification.
Figure 4 illustrates the image similarity between
the original and modified images for each opera-
tion type. The Structural Similarity Index (SSIM;
Wang et al., 2004) was used as the metric for image
similarity. We exclude 11 pairs with scaled or mis-
aligned edits, as such cases would heavily skew the
SSIM score. We observe that graph flip and graph

swap result in the most significant changes, which
is reasonable since these two operations modify
large areas of the chart. In contrast, category swap
and legend swap produce minimal changes, as
altering categories or legends is typically a local-
ized operation. The others category lies between
these two groups, as it contains a variety of mixed
operations.

3.6. Dataset Verification
To establish a baseline for human performance on
the dataset, we evaluated 80 samples, including
45 with table evidence and 35 with figure evidence.
Each subset was independently annotated by two
annotators, resulting in a total of four annotators.
The annotators were graduate students and AI re-
searchers. On the table subset, the average macro-
F1 score was 87.9, with an inter-annotator agree-
ment of 86.7%. For the figure subset, the average
macro-F1 score was 89.6, with an agreement rate
of 91.4%.

3.7. Task Design
After collecting all samples, we design two subtasks
in our dataset. The first subtask is claim-label pre-
diction, which is the main task and follows prior work
on claim verification datasets. The input consists of
a claim, an evidence file (which can be a figure or a
table) along with its caption, and additional contex-
tual information intended to reduce ambiguity in the
sample. The output is a label indicating whether the
claim is supported or refuted. The second subtask
is claim-evidence prediction, whose goal is to iden-
tify which piece of evidence supports a given claim.
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This task is particularly challenging because the
two evidence files are highly similar, making it diffi-
cult to distinguish the correct supporting evidence.

4. Experiment

4.1. Experimental Settings

Models. For open-source multimodal LLMs, we
use four variants of InternVL3_5 (1B, 8B, 14B, and
38B) (Wang et al., 2025b); three variants of Qwen3-
VL (4B, 8B, and 30B-A3B) (Yang et al., 2025a);
two variants of LLaVA-v1.6 (llava-v1.6-mistral-7b
and llava-v1.6-vicuna-13b) (Li et al., 2024); and
Llama-3.2-11B-Vision (Grattafiori et al., 2024). We
note that the instruction-tuned versions of these
models are used. For the proprietary model, we
use OpenAI o4-mini (OpenAI, 2025).

Prompting Strategies. Following the SciVer
dataset (Wang et al., 2025a), we also employ
zero-shot Chain-of-Thought (CoT; Wei et al., 2022)
prompting in our experiments. As shown in Sec-
tion 3 and Table 2, our dataset includes context
usage information. No indicates that only the claim
and a figure or table are needed. Yes indicates
that a short context, consisting of the sentences
preceding the claim, is required. Full paper indi-
cates that the full text may be needed. Based on
this, we design two setups: no-context for samples
not requiring context and use-context for samples
requiring either a short context or the full paper.

Evaluation. Following previous work on the sci-
entific claim verification task (Lu et al., 2023; Ho
et al., 2025), we use the macro-F1 evaluation met-
ric in our experiments. However, since the task
is a binary classification problem (Supported vs.
Refuted), macro-F1 alone may be insufficient. A
model may achieve a reasonable macro-F1 score
through lucky guesses or by exploiting reasoning
shortcuts or dataset biases. To mitigate this effect,
we introduce a new evaluation metric, Pair Accu-
racy, defined as the number of correctly predicted
pairs divided by the total number of pairs. A pair
is considered correct only if both samples asso-
ciated with the same claim, one Supported and
one Refuted, are predicted correctly. This metric
is more stringent: a robust model unaffected by
biases should be able to correctly predict the la-
bels for both evidence files corresponding to the
same claim. Notably, while the random baseline
for macro-F1 is 0.5, the random baseline for Pair
Accuracy is 0.25, making Pair Accuracy a stricter
and more discriminative metric than macro-F1.

4.2. Results
Table 4 presents the macro-F1 and pair accuracy
of the models on our dataset.

Macro-F1 vs. Pair Accuracy. As shown in the
table, Pair Accuracy scores are consistently lower
than macro-F1 scores across all cases. This in-
dicates that Pair Accuracy is a stricter evaluation
metric, which helps reduce inflated performance
caused by model guessing. Specifically, if a model
correctly predicts the label for either the Supported
or Refuted sample but fails on the other sam-
ple within the same claim pair, despite only slight
changes in the evidence file, this suggests that
the model does not truly understand the evidence.
Instead, its predictions may rely on superficial or
spurious features rather than genuine reasoning
over the evidence.

Using No Context vs. Context. Based on the
prompt strategies in Section 4.1, we evaluate each
validation and test subset using two setups: no-
context and use-context. As shown in the table, in
most cases, models perform better without addi-
tional context than with context, with the no-context
setting often achieving higher scores than settings
that require context. Overall, these results suggest
that solving the task without context is generally
easier, although additional context can be benefi-
cial in some cases. Since both tables and figures
already include contextual information in their cap-
tions, providing extra context is not always helpful.
When the task requires the model to jointly rea-
son over both the context and the evidence, per-
formance tends to decrease, indicating increased
difficulty. In contrast, when context serves as sup-
plementary information that does not require com-
plex reasoning, it can improve performance.

Open-source vs. Proprietary Models. As
shown in Table 4, o4-mini outperforms all open-
source MLLMs across all settings, highlighting the
performance gap that remains between proprietary
and open-source models. Among open-source
MLLMs, Qwen3-VL-30B-A3B achieves the best re-
sults in most cases, while Qwen3-VL-8B leads in
the use-context test setting. As recent models, the
Qwen3-VL series demonstrate clear progress in
open-source MLLM development.

4.3. Analyses
To explore model performance in depth, we ana-
lyze predictions from several top-performing mod-
els. First, we compare samples using tables versus
figures as evidence. Second, we examine the effect
of evidence modifications on model behavior.
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Model
Validation Test

No Context Use Context Average No Context Use Context Average
F1 P-Acc F1 P-Acc F1 P-Acc F1 P-Acc F1 P-Acc F1 P-Acc

#Samples 494 231 253 121 747 352 619 294 298 142 917 436
llava-mistral-7b 45.9 1.3 49.8 2.5 47.9 1.7 47.4 2.4 49.7 0.7 48.4 1.8
llava-vicuna-13b 25.8 0.0 27.2 0.8 26.3 0.3 25.9 0.3 29.5 0.0 27.1 0.2
Llama-3.2-11B-Vision 49.0 11.7 47.8 9.1 48.6 10.8 50.1 17.3 44.8 8.5 48.5 14.4
InternVL3_5-1B 52.3 21.6 52.3 15.7 52.3 19.6 51.6 22.4 52.1 16.9 51.8 20.6
InternVL3_5-8B 68.5 40.7 59.0 24.8 65.4 35.2 66.4 38.8 55.2 26.1 63.0 34.6
InternVL3_5-14B 70.8 46.3 63.7 32.2 68.5 41.5 68.0 40.5 59.3 27.5 65.3 36.2
InternVL3_5-38B 70.8 45.0 61.8 30.6 67.8 40.1 70.1 45.6 64.0 34.5 68.2 42.0
Qwen3-VL-4B 71.5 46.3 68.7 38.8 70.6 43.8 70.4 45.6 67.5 36.6 69.6 42.7
Qwen3-VL-8B 72.2 47.6 71.3 45.5 72.1 46.9 70.5 46.6 69.1 39.4 70.1 44.3
Qwen3-VL-30B-A3B 76.2 55.0 75.5 54.5 76.0 54.8 73.5 49.7 67.0 39.4 71.4 46.3
o4-mini 82.8 68.0 83.1 68.6 82.9 68.2 80.3 63.3 76.5 54.9 79.1 60.6

Table 4: Macro-F1 (denoted as F1 in the table) and pair accuracy (denoted as P-Acc in the table) of the
models on our dataset. For the F1 columns, the number in the Samples row represents the number of
individual samples, whereas for the P-Acc columns, the number represents the number of sample pairs.
Bold numbers indicate the best scores among different models, while underlined numbers represent the
second-best scores.

Model Validation Test
F1 P-Acc F1 P-Acc

Table Evidence
#Samples 482 236 523 256
InternVL3_5-8B 70.6 44.5 68.1 43.8
InternVL3_5-14B 72.0 49.2 70.4 45.7
InternVL3_5-38B 71.7 47.5 72.0 48.4
Qwen3-VL-4B 74.2 49.2 73.2 46.9
Qwen3-VL-8B 75.4 51.7 72.0 48.0
Qwen3-VL-30B-A3B 80.6 62.7 74.6 52.0
o4-mini 85.4 72.5 81.7 65.6

Figure Evidence
#Samples 265 116 394 180
InternVL3_5-8B 52.2 16.4 54.3 21.7
InternVL3_5-14B 59.7 25.9 56.5 22.8
InternVL3_5-38B 57.9 25.0 62.3 32.8
Qwen3-VL-4B 63.7 32.8 64.9 36.7
Qwen3-VL-8B 65.8 37.1 67.5 38.9
Qwen3-VL-30B-A3B 66.6 38.8 66.3 38.3
o4-mini 78.1 59.5 75.4 53.3

Table 5: Detailed average macro-F1 and pair accu-
racy scores of the models on our dataset, shown
separately for the two types of evidence: tables
and figures.

Table Evidence vs. Figure Evidence. Table 5
shows the detailed average macro-F1 and pair ac-
curacy scores of the models on our dataset, shown
separately for the two types of evidence: tables
and figures. As shown in the table, the results of all
models on table-based evidence are higher than

those on figure-based evidence. This suggests that
samples with table evidence are less challenging
for the models, whereas samples with figure evi-
dence are more difficult. For example, on o4-mini,
the validation score for table-evidence samples is
85.4 macro-F1, compared to only 78.1 for figure-
evidence samples.

Figure Evidence Modification Operations.
Based on the previous results, we focus on
samples that use figures as evidence. Table 6
shows the models’ average macro-F1 and pair
accuracy scores for each type of figure evidence
modification.

As discussed in Section 3.4, there are 67 “sup-
ported claim only” samples in the figure-based
evidence subset. These samples have very low
scores, likely because they are difficult even for
annotators to verify and create unsupported claims,
making them a hard subset. To investigate whether
this explains the models’ poorer performance on
figure-based evidence compared to table-based
evidence, we recalculated results after removing
all “supported claim only” samples. The results,
shown in Table 7, confirm that reasoning over fig-
ures remains more challenging than over tables.
To illustrate how “supported claim only” samples
affect table-based evidence results, we show de-
tailed scores for different operations in Table 8 in
Appendix 5.

Excluding the “supported claim only” subset in
Table 6, we observe that different operations vary in
difficulty for the models. In general, Others, Graph
Swap, and Category Swap are more challenging
than Graph Flip.
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Model Validation Test
F1 P-Acc F1 P-Acc

Graph Flip
#Samples 40 20 40 20
Qwen3-VL-8B 69.9 45.0 75.9 55.0
Qwen3-VL-30B-A3B 62.3 35.0 72.3 45.0
o4-mini 79.8 60.0 82.9 65.0

Legend Swap
#Samples 126 63 80 40
Qwen3-VL-8B 65.5 38.1 68.4 42.5
Qwen3-VL-30B-A3B 66.9 39.7 55.3 27.5
o4-mini 81.6 63.5 79.2 57.5

Graph Swap
#Samples 20 10 18 9
Qwen3-VL-8B 56.3 20.0 45.2 11.1
Qwen3-VL-30B-A3B 71.4 40.0 66.2 33.3
o4-mini 76.8 50.0 68.1 44.4

Category Swap
#Samples 46 23 26 13
Qwen3-VL-8B 65.0 34.8 70.6 46.2
Qwen3-VL-30B-A3B 66.9 39.1 82.4 61.5
o4-mini 70.3 52.2 72.1 46.2

Others
#Samples 0 0 196 98
Qwen3-VL-8B - - 65.8 35.7
Qwen3-VL-30B-A3B - - 66.4 38.8
o4-mini - - 74.0 51.0

Supported Claim Only
#Samples 33 34
Qwen3-VL-8B 41.1 41.4
Qwen3-VL-30B-A3B 42.1 43.3
o4-mini 43.1 41.4

Table 6: Detailed average macro-F1 and pair ac-
curacy scores of the models using figure-based
evidence are shown separately for different types
of evidence modification operations.

4.4. Discussion

Considering the human scores reported in Sec-
tion 3.6, the main results in Section 4.2, and the de-
tailed analyses in Section 4.3, we demonstrate that
the figure-based subset of our dataset is challeng-
ing for all evaluated models, including o4-mini, as
a large gap remains between the best-performing
model and the human baseline.

For the table-based subset, although the macro-
F1 score is close to the human baseline, there is
a notable performance drop when evaluated using
pair accuracy, indicating that there is still room for
improvement. Moreover, while our table evidence
data covers a wide range of table formats, this pa-
per focuses exclusively on the .png format. Conse-

Model Validation Test
F1 P-Acc F1 P-Acc

Table Evidence
#Samples 472 236 512 256
Qwen3-VL-8B 75.2 51.7 72.7 48.0
Qwen3-VL-30B-A3B 80.6 62.7 74.9 52.0
o4-mini 85.5 72.5 82.3 65.6

Figure Evidence
#Samples 232 116 360 180
Qwen3-VL-8B 65.4 37.1 67.1 38.9
Qwen3-VL-30B-A3B 66.6 38.8 65.9 38.3
o4-mini 78.7 59.5 75.8 53.3

Table 7: Detailed average macro-F1 and pair accu-
racy scores of the models on our dataset, shown
separately for the two types of evidence: tables
and figures. We exclude all samples that contain a
note indicating the claim is supported only.

quently, substantial research opportunities remain
for exploring more diverse table representations
within our dataset.

5. Conclusion

In this paper, we introduced SciClaimEval, a
dataset for scientific claim verification featuring au-
thentic claims, evidence-based negative examples,
and diverse data formats. SciClaimEval bridges a
key gap between synthetic benchmarks and real-
world scientific reasoning. Our evaluation of mul-
tiple MLLMs shows that the figure-based subset
remains challenging for all models, including o4-
mini, with a substantial gap from human perfor-
mance. In contrast, the table-based subset is more
suitable for evaluating open-source MLLMs, as o4-
mini achieves near-human performance. Moreover,
our table data support multiple formats, providing a
valuable resource for further research on scientific
paper processing. We hope SciClaimEval will in-
spire future work on multimodal understanding and
the development of more capable and trustworthy
scientific reasoning models.

Limitations

Our research has three main limitations.
First, as described in Section 3.4, we used GPT-

5-nano to convert LaTeX and HTML tables into
JSON. Human evaluation on 100 random samples
revealed 19 cases with major issues and 22 with
minor issues, which may affect the quality of the
JSON format. We plan to randomly select a subset
for human correction in the future.

Second, our dataset contains more table-based
than figure-based evidence samples. However, the
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o4-mini model’s performance on table-based sam-
ples is close to the human baseline, making this
subset less challenging.

Third, we only use PNG images for table evi-
dence, leaving other formats unutilized in this work.

Ethical Statement and Broader Impact

For PeerJ papers, our dataset included 47 papers
licensed under CC BY 4.0 and 2 papers licensed un-
der CC BY-NC 4.0. To ensure proper attribution in
accordance with these licenses, we added license
information, the paper URL, author names, and the
paper title to each paper file in JSON format.

For the ML papers, our dataset includes 39 pa-
pers licensed under CC BY 4.0, 8 papers licensed
under CC BY-NC-SA 4.0, 2 papers licensed under
CC BY-SA 4.0, and 2 papers in the public domain.
To ensure proper attribution in accordance with
these licenses, we added license information, pa-
per URLs, author names, and paper titles to each
paper file in JSON format.

For the NLP domain, papers were collected from
the ACL Anthology and manually mapped to their
arXiv versions when available. Among these, 32
papers are licensed under the arXiv Non-exclusive
Distribution License and 4 papers are licensed un-
der CC BY-NC-ND 4.0. Because these licenses do
not meet our intended usage requirements, we in-
stead used the ACL versions of these papers, which
are licensed under CC BY 4.0. For the remaining
papers, we include the arXiv license information
(CC BY 4.0: 35 papers; CC BY-NC-SA 4.0: 7 pa-
pers; CC BY-SA 4.0: 2 papers).

There are a total of 11 annotators involved in the
creation of our dataset. All of them are graduate
students or AI/NLP researchers. We do not collect
or include any personal or sensitive information in
the dataset. Annotators are provided with a detailed
guideline during the annotation process. In cases
where the guidelines are unclear or ambiguous,
they are allowed to provide feedback to the authors
of the papers to establish a consistent approach
for handling such cases.

Use of LLMs

We use ChatGPT and GPT-5 to help verify gram-
mar and enhance the quality of our writing. Most
of the initial content, however, is authored by us.
All suggestions provided by the models are manu-
ally reviewed to ensure they accurately convey the
intended information. Additionally, we use GitHub
Copilot to assist with the coding process.
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Detailed Analysis

Table 8 shows the detailed average macro-F1 and
pair accuracy scores of models using table-based
evidence, reported separately for different types of
evidence modification operations.

Model Validation Test
F1 P-Acc F1 P-Acc

Change the Cell Values
#Samples 366 183 252 126
Qwen3-VL-8B 75.6 53.0 74.7 50.8
Qwen3-VL-30B-A3B 80.7 62.8 75.7 54.8
o4-mini 86.5 73.2 83.4 68.3

Swap Rows or Columns
#Samples 106 53 222 111
Qwen3-VL-8B 73.6 47.2 71.9 46.8
Qwen3-VL-30B-A3B 80.3 62.3 74.1 49.5
o4-mini 82.0 69.8 82.5 65.8

Alter the Tables
#Samples 0 0 28 14
Qwen3-VL-8B - - 56.0 28.6
Qwen3-VL-30B-A3B - - 72.0 42.9
o4-mini - - 75.0 50.0

Others
#Samples 0 0 10 5
Qwen3-VL-8B - - 80.0 60.0
Qwen3-VL-30B-A3B - - 80.0 60.0
o4-mini - - 69.7 40.0

Supported Claim Only
#Samples 10 11
Qwen3-VL-8B 44.4 26.7
Qwen3-VL-30B-A3B 44.4 35.3
o4-mini 44.4 35.3

Table 8: Detailed average macro-F1 and pair ac-
curacy scores of the models using table-based evi-
dence are shown separately for different types of
evidence modification operations.
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