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Abstract
Since the SCICAP dataset’s launch in 2021,
the research community has made significant
progress in generating captions for scien-
tific figures in scholarly articles. In 2023,
the first SCICAP Challenge took place, invit-
ing global teams to use an expanded SCICAP

dataset to develop models for captioning di-
verse figure types across various academic
fields. At the same time, text generation mod-
els advanced quickly, with many powerful
pre-trained large multimodal models (LMMs)
emerging that showed impressive capabilities
in various vision-and-language tasks. This pa-
per presents an overview of the first SCICAP

Challenge and details the performance of var-
ious models on its data, capturing a snapshot
of the field’s state. We found that professional
editors overwhelmingly preferred figure cap-
tions generated by GPT-4V over those from
all other models and even the original captions
written by authors. Following this key find-
ing, we conducted detailed analyses to answer
this question: Have advanced LMMs solved
the task of generating captions for scientific
figures?

1 Introduction and Background

Scientists use figures like bar charts, pie charts, or
scatter plots to convey key findings in scholarly
articles. However, the texts accompanying these
figures, the figure captions, are often overlooked
by the authors and do not receive the needed at-
tention when being composed. Even though many
studies have shown the role of captions in en-
hancing readers’ comprehension and recall of the
messages conveyed by figures (Nugent, 1983;
Large et al., 1995; Bransford, 1979; Hegarty

and Just, 1993), poorly written captions are,
unfortunately, common (Huang et al., 2023).

In response, Hsu et al. (2021) launched SCICAP,
a large-scale collection of 133,543 single-panel
line charts and their captions extracted from arXiv
papers, aiming to fuel the creation of new models
that generate high-quality captions for scientific
figures. Over the past three years, SCICAP has
advanced researchers’ understanding of scientific
figure captions and driven the progress of tech-
nologies generating them: SCICAP confirmed that
many low-quality captions exist in scholarly arti-
cles, as over half of the figure captions in arXiv
cs.CL papers were rated ‘‘unhelpful’’ by NLP
Ph.D. students (Huang et al., 2023); SCICAP re-
vealed that producing figure captions in scholarly
articles is a generative task heavily reliant on the
texts within the articles (Yang et al., 2023; Li and
Tajbakhsh, 2023; Horawalavithana et al., 2023)—
this task relies so much on the paper content that
it can be more effectively tackled through text
summarization, summarizing all paragraphs men-
tioning the figures (e.g., ‘‘Figure 3 shows...’’),
rather than as a vision-to-language task (Huang
et al., 2023); SCICAP elevated the quality of gener-
ated captions to a level where, in instances where
author-created captions were poorly crafted, read-
ers found the generated captions more helpful
(Huang et al., 2023), thereby offering practical
assistance in caption writing (Hsu et al., 2024).
In 2023, the first SCICAP Challenge took place.
With an expanded SCICAP of 476,389 single-
panel figures from 8 domains and 5 figure types,
the challenge invited teams worldwide to develop
caption-generation models for diverse figures
(Figure 1).
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Figure 1: In the SCICAP Challenge, models generate
captions based on the figure and the figure-mentioning
paragraph. [Paper source: Ng et al. (2025)].

Meanwhile, in the past two years, the landscape
of text generation has rapidly evolved: ChatGPT
(GPT-3.5) was initially released to the public
in November 2022; its more powerful succes-
sor, GPT-4, was released in March 2023; and
GPT-4V, the successor to GPT-4, which can take
images and texts as input, became publicly avail-
able in September 2023. Numerous open-source
pre-trained Large Language Models (LLMs) and
Large Multimodal Models (LMMs), such as OPT
(Zhang et al., 2022), LLaMA-2 (Touvron et al.,
2023), Mistral (Jiang et al., 2023), Gemma (Team
et al., 2024), LLaVA (Liu et al., 2023), BLIP-2 (Li
et al., 2023), mPLUG-Owl2 (Ye et al., 2023), and
MiniGPT-4 (Zhu et al., 2023), have been made
available. All these models have shown impres-
sive progress in understanding charts and tables
within documents (Yue et al., 2023). Now is a
good time to take a step back and critically assess
the collective advancements made in generating
high-quality, useful captions for scientific figures.
Specifically, we aim to answer this question: Have
the impressive large multimodal models solved
the challenge of generating good captions for
scientific figures?

This paper first overviews the 2023 SCICAP

Challenge, including its data, procedure, and win-
ning teams and their models, which represents the
status quo of the scientific figure caption gen-
eration task (Section 3). Next, we ran GPT-4V—
unavailable at the time of the challenge—and
other open LMMs, such as UniChart (Masry
et al., 2023), on SCICAP Challenge’s data and,
through automatic and human evaluations, com-
pared their performances to all models that
participated in the challenge (Section 4). The
automatic evaluation revealed that the linguis-

tic features of captions differ by domain and
figure type, resulting in a model’s scores vary-
ing across these categories. More interestingly,
in the human evaluation, three professional edi-
tors with expertise in technical academic writing
unanimously preferred captions generated by
GPT-4V over those from all other models, in-
cluding the original captions written by the
authors. Driven by this key finding, we in-
vestigated why editors strongly prefer GPT-4V
(Section 6.3), comparing their views with those
of Ph.D. and undergrad students (Section 5), to
directly address whether LMMs have solved sci-
entific figure caption generation. We conclude by
identifying unresolved challenges and suggesting
future research directions (Section 6).

2 Related Work

In addition to the works directly related to
SCICAP (Section 1), the complex nature of fig-
ure narrating—which demands an understanding
of both vision and text, along with intricate
domain-specific contexts—has made it an intel-
lectually intriguing challenge, inspiring various
parallel projects focused on text generation
for figures. FigJAM leveraged metadata and a
combined static and dynamic dictionary to gen-
erate better caption units (Qian et al., 2021).
FigCAP developed innovative attention mecha-
nisms and employed reinforcement learning for
sequence-level training to enhance caption gener-
ation performance (Chen et al., 2020). Large-scale
chart-to-text benchmark datasets have also been
created to facilitate data-to-text techniques for
chart summarization (Kantharaj et al., 2022; Obeid
and Hoque, 2020). Tarsi et al. (2024) presented
two datasets for scientific multimodal learning:
SciOL, a large corpus covering various sciences,
and MuLMS-Img, a high-quality annotated mate-
rials science dataset. Xia et al. (2024) introduced
ChartX, a comprehensive evaluation set with 18
chart types, 7 tasks, 22 topics, and developed
ChartVLM, a model tailored for multi-modal tasks
requiring interpretable patterns, like chart reason-
ing. Unichart developed specialized pretraining
tasks for charts, focusing on visual element ex-
traction and reasoning skills (Masry et al., 2023).
ChartSumm introduced a comprehensive bench-
mark dataset with 84,363 charts, metadata, and
descriptions across various topics and types for
creating concise and detailed summaries (Rahman
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et al., 2023). While inspiring, most efforts did not
aim to produce real-world captions from scholarly
articles. To show this, we included UniChart’s
output in our study.

3 The First SCICAP Challenge (2023)

The first SCICAP Challenge was held at the 5th
Workshop on Closing the Loop Between Vision
and Language during ICCV 2023. The orga-
nizers expanded the SCICAP dataset to produce
a challenge-specific version which was divided
into test, validation, and training sets, contain-
ing 476,389 single-panel arXiv figures. Teams
had three months to develop solutions and submit
model outputs for all test set figures. This section
details the challenge.

3.1 Challenge Dataset
The SCICAP challenge dataset comprises 476,389
single-panel figures from arXiv papers1 in 8 do-
mains: (i) Computer Science (cs), (ii) Economics
(econ), (iii) Electrical Engineering and Systems
Science (eess), (iv) Mathematics (math), (v)
Physics (physics), (vi) Quantitative Biology
(q-bio), (vii) Quantitative Finance (q-fin),
and (viii) Statistics (stat). It covers 5 figure
types, as denoted by the figure type classifier,
FigureSeer (Siegel et al., 2016): (i) Node Diagram,
(ii) Equation, (iii) Graph Plot, (iv) Scatterplot, and
(v) Bar Chart. This dataset, with 476,389 fig-
ures, is more than 3 times the size of the original
SCICAP dataset, which contains 133,543 figures.
The figures were randomly sampled from arXiv
papers published between 2010 and 2020, with
a maximum of four figures selected per paper.
While the organizers had access to the full col-
lection of over 440,000 arXiv papers from this
period, they intentionally limited the dataset size
to encourage participation for teams with limited
computational resources. Appendix A details the
dataset preparation process.

Concerns about the quality of arXiv papers are
understandable. However, Huang et al. (2023)
manually verified 399 figures from the original
SCICAP test set and found that 81.2% (324/399)
originated from papers published at academic con-
ferences, with 51.9% (207/399) appearing in the
ACL Anthology, IEEE, or ACM.2 These findings

1The organizing team also supplied 26,868 figures from
ACL papers as extra training data, which were not included
in the data mentioned in this section.

2These results were reported in the paper’s Appendix B.

suggest that the dataset is both representative and
of reasonable quality.

Data Split. The dataset was divided as follows:
training set (70%, 333,472 figures), validation set
(10%, 47,639 figures), public test set (10%, 47,639
figures), and hidden test set (10%, 47,639 figures).
Teams could submit results for the public test set
throughout the three-month submission period to
refine their systems. Access to the hidden test set
was granted in the final two weeks, during which
teams could submit their hidden test set results.
The winning teams were determined based on
performance on the hidden test set.

Selecting the ‘‘Quality Subset’’ from the Hid-
den Test Set. To address issues with unreliable
data skewing reference-based evaluations, the
SCICAP Challenge organizers curated a ‘‘Qual-
ity Subset’’ of the hidden test set, composed only
of high-quality captions. Starting with a random
sample of 1,000 figures from the hidden test set,
they applied Hsu et al.’s (2023) approach to have
GPT-4 assign each caption a quality score between
1 and 6. Captions scoring below 5 were discarded,
resulting in 769 captions. The organizers then
manually evaluated these captions, ultimately se-
lecting 460 captions for the ‘‘Quality Subset.’’
This subset was used to determine the Quality
Winner.

Data Provided. For each figure in the training,
validation, and public test set, the following data
items were provided: (i) figure image, (ii) figure
caption, (iii) figure type, (iv) OCR (textual in-
formation extracted from the image), and (v) the
paragraphs that mentioned the figure (e.g., ‘‘As
shown in Figure 5, ...’’.) All of these were ex-
tracted from the original arXiv paper. For each
figure in the hidden test set, only the image and
the paragraphs, but not the caption, were provided.

Full-Scale SCICAP Data Release. Following the
SCICAP Challenge 2023 and 2024 (Kim et al.,
2025), and in response to growing interest in
large-scale figure caption data, the organizing
team decided to release the full SCICAP dataset,
including all figure captions extracted from arXiv
papers published between 2010 and 2020.3 Future
SCICAP Challenges will use newly published arXiv
papers as test and hidden test data.

3SCICAP Full Data Release: https://huggingface
.co/datasets/CrowdAILab/Scicap-All.
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3.2 Challenge Procedure

The SciCap Challenge was hosted on EvalAI
(Yadav et al., 2019). It had two phases: the Test
Phase and the Challenge Phase. During the Test
Phase—which began on May 29, 2023, and lasted
approximately 2.5 months—each team used the
provided training set, validation set, and public
test set to build and test their models. Each team
could upload their predictions for the public test
set to Eval.AI, which automatically calculates
the scores using a series of evaluation metrics.
Then, in the Challenge Phase, which took place in
the final 2 weeks before the submission deadline
(August 15–31, 2023), the hidden test set was
released. Teams could then submit their results
for the hidden test set. Each team could submit up
to five times per day during the Challenge Phase.
To qualify for the winners, the team must have
submitted their prediction outputs for the hidden
test set and provided a two to four-page technical
report.

Rules for Using External Data and Models.
Teams were allowed to use LLMs like GPT-4 or
LLaMA and any external data for their caption-
ing systems. However, using the original captions
from the hidden test set was prohibited to main-
tain fairness. Although we did not provide gold
captions in the hidden test set, arXiv papers are
openly accessible, making it impossible to fully
prevent potential data leakage. Teams caught us-
ing this gold data were disqualified. Each team
must clearly describe their methodology in the
technical report to enable replication.

Evaluation and Winning Criteria. The chal-
lenge selected two winners: the Leaderboard
Winner and the Quality Winner.4 The chal-
lenge’s leaderboard reported seven automatic
scores that were commonly used in prior works
(Huang et al., 2023; Hsu et al., 2021), using
author-written captions as references: BLEU-4,
ROUGE-1, ROUGE-2, ROUGE-L, and the
normalized versions of ROUGE scores. Note
that ROUGE’s F1 scores were used. The
ROUGE-2-Normalized score was chosen as the
deciding metric for determining the winners, as
it addresses the issue of standard ROUGE F1

4The challenge was set to award two distinct winning
teams. If one team topped both evaluations, the runner-up
in the Quality Winner track becomes the winner for that
category.

Team BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L

Score Norm Score Norm Score Norm

Hidden Set

NJUST .082 .406 2.331 .250 4.489 .378 2.617
USTC .043 .297 1.613 .145 2.418 .256 1.700

Pegasus .099 .363 1.880 .220 3.462 .325 2.086
Pegasus* .088 .340 1.832 .200 3.313 .304 2.001

Quality Subset

NJUST .070 .372 2.043 .226 3.828 .338 2.260
USTC .049 .307 1.612 .157 2.503 .260 1.680

Pegasus .118 .384 1.887 .240 3.507 .338 2.090
Pegasus* .096 .358 1.825 .214 3.293 .312 1.981

Table 1: Leaderboard scores of the two win-
ning teams and the two baselines. The best and
second-best results are highlighted. Note that Pe-
gasus is fine-tuned on the Scicap Challenge dataset
and Pegasus* is fine-tuned on graphplots only
(Huang et al., 2023).

favoring longer texts (Huang et al., 2023; Sun
et al., 2019). The Leaderboard Winner achieved
the highest ROUGE-2-Normalized score on the
entire hidden test set, and the Quality Winner
achieved the highest ROUGE-2-Normalized score
on the specially curated Quality Subset of the hid-
den test set (Section 3.1). The Quality Winner
track was inspired by Huang et al. (2023), high-
lighting that a model performing well on a full test
set may struggle with higher-quality captions.

3.3 Challenge Results and Winning Teams

Team NJUST-KMG (Chao et al., 2023) scored
highest on both public and hidden test sets, with
Team USTC-IAT-United (Yu et al., 2023) as the
runner-up in the Quality Winner track. Accord-
ing to the rules, NJUST-KMG was named the
Leaderboard Winner, and USTC-IAT-United was
selected as the Quality Winner. Table 1 shows
the evaluation scores of the winning teams on the
entire Hidden Test Set and the Quality Subset,
including scores from two baseline models the
SCICAP Challenge reported in the leaderboard.

Leaderboard Winner: NJUST-KMG (Chao
et al., 2023). The team employed the PP-OCRv3
model from PaddleOCR (Du et al., 2020) to ex-
tract precise information from images. They used
LLaMA-2-7B to refine the paragraphs with sum-
marization. This refined dataset was then used
to train a PegasusX model (Phang et al., 2022)
to generate candidate summaries. Another BRIO
model (Liu et al., 2022) was trained with these
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summaries, using contrastive learning to optimize
ROUGE-2-normalized performance.

Quality Winner: USTC-IAT-United (Yu et al.,
2023). The team first enriched the dataset by
concatenating BLIP-v2 (Li et al., 2023) captions,
paragraphs, and mentions. Then a Pegasus model
(Zhang et al., 2020) was fine-tuned on this en-
riched dataset. Although the team tried different
summarization models, the fine-tuned Pegasus
was shown to be the most effective one.

4 In-Depth Evaluation of
Models’ Performance

We conducted a series of analyses on each
model’s performance, including comparisons with
advanced LMMs that were unavailable during
the challenge. Study 1 (Section 4.1) and Study
2 (Section 4.2) assessed performance using the
challenge’s hidden test set, with Study 1 focusing
on automatic evaluation results and Study 2 on
human evaluation results. To verify the general-
izability of our findings, Study 3 (Section 4.4)
repeated these evaluations on newer arXiv papers.

4.1 Models Included in the Evaluation

This analysis compared the models of the two
winning teams with three other sets of models:

Text Summarization Model: Pegasus. Prior
studies showed that generating captions for scien-
tific figures in scholarly articles can be effectively
tackled by treating it as a text summarization task,
i.e., summarizing all paragraphs mentioning the
target figure into its caption (Huang et al., 2023).
We fine-tuned Pegasus (Zhang et al., 2020), a
well-known text summarization model, with the
SciCap Challenge dataset’s training set in our
performance comparison.

Large Multimodal Model (LMM): GPT-4V.5
We evaluated GPT-4V for figure captioning in two
settings: (i) using figure-mentioning paragraphs
and images as input, and (ii) using only figure
images. We used GPT-4V through OpenAI’s API.
Appendix B describes the details.

5We used gpt-4-vision-preview in the main study. How-
ever, due to its deprecation on June 17, 2024, we employed
gpt-4-0125-preview in the Section 4.1.1 and Section 4.4.

Open LMM: UniChart (Masry et al., 2023).
We fine-tuned UniChart using the SCICAP Chal-
lenge data. The training and inference details are
provided in Appendix C.

4.1.1 Why Exclude Text-Only LMMs?

In our main study, we evaluated only LMMs that
can take images as input, excluding text-only con-
ditions. This decision followed our observation
that combining text and images results in bet-
ter captions. A human evaluation confirmed this
performance difference: We randomly sampled
200 figures from the arXiv Challenge Dataset
(Section 3) and generated two captions for each
figure using GPT-4V: one caption based solely
on the textual context (i.e., paragraphs referencing
the figure), and another that also incorporated the
figure images. The same three experts who per-
formed human evaluation in Study 2 (Section 4.3)
ranked these captions. Experts ranked image+text
captions higher than text-only captions in 82.5%,
66%, and 56% of cases, respectively. This indi-
cates that captions with images (mean = 1.32;
lower scores denote better performance) signifi-
cantly outperformedtext-onlycaptions (mean=1.68).

4.2 Study 1: Automatic Evaluation Results

We evaluated our models using BLEU-4,
ROUGE-1, ROUGE-2, and ROUGE-L metrics
(Papineni et al., 2002; Lin, 2004), calculating
ROUGE scores with the rouge-score tool on
all-lowercase, stemmed text (Google Research,
2022). Following Huang et al. (2023), we also
used normalized ROUGE scores because ROUGE
can be affected by text length, with longer texts
typically scoring higher (Sun et al., 2019).
The normalization factor was computed on the
hidden test set. Table 2 and Table 3 show model
performance across domains and figure types.

Models Maintained Consistent Performance
Rankings Across Categories. Figure 2 and
Figure 3 show the ROUGE-2-Normalized scores
for each model across various domains and figure
types. The Leaderboard Winner, NJUST, con-
sistently scored the highest in every category,
followed by PEGASUS in second place and USTC
in third. Scores for both LLMs and LMMs were
consistently lower. Model score rankings were
consistent across categories, but score ranges var-
ied. The domains of cs and eess saw the highest
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Model Domain Token
Length BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L

Score Norm Score Norm Score Norm

NJUST

physics 14.4 .062 .323 1.856 .195 3.494 .287 1.986
cs 8.3 .078 .373 2.950 .230 6.317 .349 3.143
math 9.5 .070 .339 2.447 .205 4.975 .317 2.638
q-bio 11.4 .062 .307 1.990 .190 3.991 .279 2.129
stat 9.9 .068 .334 2.348 .201 4.691 .310 2.520
q-fin 10.3 .053 .319 2.191 .193 4.385 .293 2.347
eess 9.3 .100 .414 3.031 .260 6.431 .386 3.260
econ 10.0 .067 .361 2.534 .214 4.985 .331 2.690

USTC

physics 21.6 .050 .319 1.584 .156 2.316 .268 1.665
cs 10.9 .048 .314 2.095 .155 3.378 .284 2.212
math 12.8 .043 .308 1.871 .150 2.892 .277 2.008
q-bio 15.9 .042 .291 1.603 .140 2.373 .250 1.674
stat 13.1 .048 .306 1.838 .149 2.829 .271 1.940
q-fin 14.1 .044 .295 1.712 .150 2.732 .261 1.818
eess 11.4 .061 .347 2.245 .178 3.734 .315 2.394
econ 13.2 .048 .321 1.926 .156 2.953 .291 2.078

Pegasus

physics 24.4 .109 .384 1.859 .232 3.312 .334 2.045
cs 12.4 .118 .394 2.448 .244 4.843 .367 2.699
math 14.3 .113 .391 2.259 .243 4.389 .364 2.525
q-bio 19.8 .106 .367 1.870 .229 3.525 .329 2.086
stat 16.3 .122 .384 2.092 .242 4.074 .352 2.338
q-fin 16.2 .102 .361 1.970 .228 3.837 .329 2.188
eess 12.8 .133 .428 2.605 .269 5.186 .397 2.870
econ 17.8 .152 .439 2.314 .292 4.695 .409 2.651

Unichart
(Fine-tuned)

physics 20.3 .005 .174 0.879 .049 0.738 .148 0.932
cs 8.1 .007 .184 1.481 .065 1.830 .168 1.539
math 13.1 .004 .163 0.981 .045 0.851 .149 1.068
q-bio 13.2 .008 .185 1.107 .058 1.092 .159 1.137
stat 11.1 .005 .176 1.159 .056 1.194 .156 1.207
q-fin 13.6 .006 .177 1.041 .055 1.012 .157 1.106
eess 9.3 .013 .219 1.609 .081 2.007 .200 1.697
econ 12.5 .003 .154 0.950 .050 0.990 .141 1.033

GPT-4V
(Image)

physics 20.7 .004 .203 1.019 .049 0.742 .157 0.984
cs 17.5 .005 .219 1.159 .059 0.960 .179 1.165
math 17.6 .002 .168 0.889 .034 0.548 .139 0.906
q-bio 18.2 .005 .213 1.114 .059 0.930 .168 1.081
stat 17.5 .003 .214 1.135 .053 0.864 .170 1.106
q-fin 18.0 .003 .191 0.999 .046 0.737 .154 0.996
eess 18.1 .005 .234 1.226 .062 0.991 .191 1.233
econ 18.8 .004 .212 1.100 .067 1.055 .183 1.171

GPT-4V
(Image+Paragraph)

physics 41.3 .025 .352 1.529 .132 1.582 .258 1.480
cs 28.0 .017 .324 1.537 .124 1.704 .257 1.559
math 30.9 .020 .313 1.458 .119 1.582 .249 1.489
q-bio 35.0 .020 .333 1.509 .122 1.564 .245 1.439
stat 31.4 .018 .336 1.559 .125 1.662 .256 1.527
q-fin 31.0 .024 .328 1.527 .127 1.698 .257 1.535
eess 29.6 .022 .335 1.573 .130 1.766 .268 1.613
econ 31.3 .022 .330 1.530 .130 1.733 .266 1.588

Table 2: Results breakdown by domain for each model, highlighting performance metrics such as
BLEU-4, ROUGE scores, and token length. We show the models included in the human evaluation
process. The highest and second highest values across models are highlighted.
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Model Domain Token
Length BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L

Score Norm Score Norm Score Norm

NJUST

Node Diagram 6.5 .079 .359 3.452 .231 8.369 .342 3.657
Equation 8.6 .068 .341 2.650 .212 5.690 .318 2.826
Graph Plot 13.0 .068 .342 2.066 .206 3.950 .309 2.223
Scatterplot 13.5 .057 .321 1.901 .190 3.544 .284 2.010
Bar Chart 10.0 .080 .380 2.666 .230 5.355 .350 2.850

USTC

Node Diagram 9.2 .050 .304 2.252 .154 3.869 .281 2.391
Equation 13.4 .043 .295 1.750 .141 2.642 .263 1.868
Graph Plot 18.5 .051 .321 1.669 .158 2.499 .275 1.769
Scatterplot 19.9 .042 .309 1.568 .144 2.215 .257 1.630
Bar Chart 13.2 .053 .338 2.025 .165 3.131 .298 2.130

Pegasus

Node Diagram 11.6 .140 .406 2.611 .269 5.595 .386 2.919
Equation 15.7 .113 .379 2.095 .233 3.990 .347 2.334
Graph Plot 20.7 .110 .387 1.946 .234 3.531 .344 2.156
Scatterplot 22.8 .098 .372 1.819 .220 3.189 .322 1.989
Bar Chart 14.6 .117 .402 2.289 .241 4.282 .366 2.518

Unichart
(Fine-tuned)

Node Diagram 5.7 .002 .112 1.202 .027 1.134 .107 1.256
Equation 9.1 .001 .097 0.723 .019 0.472 .090 0.768
Graph Plot 17.1 .007 .198 1.061 .064 1.056 .172 1.131
Scatterplot 21.1 .004 .180 0.899 .050 0.751 .154 0.962
Bar Chart 9.9 .008 .222 1.567 .084 1.975 .201 1.645

GPT-4V
(Image)

Node Diagram 16.7 .001 .170 0.918 .034 0.562 .141 0.931
Equation 18.0 .001 .149 0.781 .027 0.423 .122 0.791
Graph Plot 19.9 .005 .222 1.125 .059 0.904 .174 1.102
Scatterplot 20.8 .004 .202 1.012 .049 0.735 .155 0.970
Bar Chart 16.6 .005 .238 1.286 .069 1.148 .197 1.301

GPT-4V
(Image+Paragraph)

Node Diagram 29.0 .014 .297 1.402 .112 1.525 .239 1.443
Equation 35.9 .010 .255 1.146 .087 1.099 .200 1.174
Graph Plot 36.5 .025 .353 1.583 .135 1.697 .266 1.552
Scatterplot 40.2 .024 .354 1.547 .132 1.604 .259 1.490
Bar Chart 27.7 .019 .351 1.667 .133 1.830 .277 1.678

Table 3: Results breakdown by the figure type for each model, highlighting performance metrics such
as BLEU-4, ROUGE scores, and token length. We show the models included in the human evaluation.
The highest and second highest values across models are highlighted.

scores, and Node Diagrams emerged as the figure
type with the highest scores.

We speculate that differences in automatic
scores across categories stem from the linguistic
characteristics of captions rather than the amount
of training data available. physics, the domain
with the lowest scores in Figure 2, was the most
common, and graph plots, the most frequent figure
type, also scored low in Figure 3.

4.3 Study 2: Human Evaluation Results By
Professional Editors

Expert Judges. One of the primary goals of
the SCICAP dataset and challenge is to produce
captions that help human readers. To assess this,

we recruited three professional editors through
UpWork (upwork.com), specializing in academic
articles in the technical field and all native Ameri-
can English speakers. Their qualifications include:
one with over ten years of editing experience and
a Ph.D. in Comparative Literature, and two from
STEM fields—one in Theoretical Astrophysics
and another in Neuroscience—both with a sig-
nificant track record in editing, proofreading, and
publishing academic papers. They spent between
30 and 60 minutes evaluating 10 figures, with their
rates ranging from $50 to $60 per hour.

Three Varying Length Constraints. These ed-
itors conducted a three-part human evaluation.
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Figure 2: ROUGE-2 normalized scores of each model across eight arXiv domains, highlighting similar trends and
demonstrating the generalizability of the caption generation approaches.

Figure 3: ROUGE-2 scores by model across five figure types, showing similar trends.

Caption length is known to be a key factor in-
fluencing human judgments of quality, as longer
captions are often perceived as more informative
by readers (Hartley, 2003; Gelman et al., 2002).6

To assess human-perceived model performance
under varying length constraints, we conducted
human evaluations for captions generated under
three different settings, ranging from no length
constraints to the strictest length constraints:

1. Generation with no length constraints
(all arXiv domains, Figure 4A): For the
first part, we selected 100 figures from
the hidden test set and asked each ed-
itor to rank 6 captions for each figure:
1 author-written and 5 machine-generated
by models used in Section 4.2 (including
the two teams’ outputs), excluding GPT-4V
with image-only input due to its poor qual-
ity. They used a drag-and-drop interface
(Figure 9 in Appendix D), similar to that of
Hsu et al., to rank the captions based on the
criterion: ‘‘When I read the paper, the cap-
tion can help me understand the message that
the figure tries to convey.’’ This represented
the least length-constrained setting. For ad-
ditional context, when no length constraints
were specified in prompts, the average length

6Note that we did not deliberately control the generation
lengths in Study 1, as the length biases in automatic metrics
were taken care of by metrics normalization.

of GPT-4V’s captions (34.9 words) was
shorter than that of human-written captions
(42.9 words).

2. Generation with 25-word length con-
straints (csPapers, Figure 4B): The second
part followed the same procedure as the
first, but focused specifically on 100 fig-
ures from cs domain papers. We selected
the cs domain because the average length
of human-written captions in cs arXiv pa-
pers is 25.52 words, shorter than GPT-4V’s
average caption length (33.6 words) when
no length constraints are given. This choice
helped mitigate the potential effect of longer
human-written captions in the first condi-
tion. To align GPT-4V’s captions with the
average length in the cs domain, we modi-
fied the prompt to limit caption length to 25
words. Consequently, the average length of
GPT-4V’s captions was 25.79 words, closely
matching the 25-word target.

3. Generation with length no longer than
human captions (all arXiv domains,
Figure 4C): In the third part, we followed
the same procedure as in the first condition to
sample 100 figures from papers of all arXiv
domains. We modified GPT-4V’s prompt to
restrict caption length to be no longer than
the corresponding human-written captions
from arXiv papers, establishing the strictest
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Figure 4: Rankings of generated captions by all models in Study 2 across three evaluation conditions (A, B, C) and
three experts. Models were ranked from 1 (best, green) to 6 (worst, red). GPT-4V (Image+Paragraph) consistently
outperformed other models, including humans, across varying length constraints: none (A), a 25-word limit (B),
and a strict limit matching human-written caption length (C).

length constraints among all three settings.
In this setting, generated captions were
expected to always be shorter or match the
length of human-written captions.

GPT-4V Captions Were Preferred Over
Author-Written Ones and All Other Models.
The ranking results are shown in Figure 4.
Captions generated by GPT-4V, using both
paragraphs and images, were overwhelmingly
preferred by all experts in every setting, sur-
passing even author-written captions. Although
author-written captions ranked slightly lower than
GPT-4V, they still outperformed all other models,
remaining reliable when considering the propor-
tion of outputs ranked in the top two. Among the
remaining models, the text-only summarization
model, Pegasus, consistently outperformed
Unichart and the two team models. Unichart,
which was designed for chart understanding and
reasoning rather than text generation, received
the lowest scores in human evaluation. It is worth
emphasizing that extensive evidence shows that
automatic evaluation metrics, like BLEU, do not
align well with human judgment (Dhingra et al.,
2019). Therefore, in this paper, we place greater

emphasis on human evaluation over automatic
evaluation results. We also analyzed the experts’
free-text feedback to understand their rankings,
as detailed in Section 6.3.

Length Constraints Did Not Affect GPT-4V’s
Superiority. The human evaluation results
show that, although human readers tend to favor
longer captions, imposing stricter length con-
straints did not diminish the strong preference for
GPT-4’s captions. Each expert displayed individ-
ual preferences, but overall, they favored GPT-4’s
captions in most cases. Notably, GPT-4 roughly
adhered to length constraints: In Condition 1 (all
arXiv domains), the average lengths were 41.69
for human-written captions and 33.6 for GPT-4. In
Condition 2 (cs domain only), the averages were
25.52 for humans and 25.79 for GPT-4. In Con-
dition 3 (all arXiv domains with human-written
length constrained), the human average was 39.68,
while GPT-4’s average was 44.59.

Inter-Annotator Agreements. We measured
inter-annotator agreements between experts us-
ing Kendall’s Tau (for ranking all six items) and
Cohen’s Kappa (for selecting the top 1 or top 2
items). The Kendall’s Tau values for Condition
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Model Domain Token
Length BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L

Score Norm Score Norm Score Norm

Pegasus

physics 39.1 .096 .378 1.651 .208 2.804 .311 1.864
cs 18.9 .054 .316 1.613 .157 2.674 .275 1.796
math 22.1 .055 .321 1.563 .168 2.684 .282 1.791
q-bio 29.6 .067 .317 1.475 .162 2.415 .272 1.690
stat 25.0 .061 .339 1.622 .178 2.757 .289 1.819
q-fin 21.4 .051 .327 1.606 .166 2.684 .285 1.815
eess 19.6 .072 .344 1.736 .182 3.056 .303 1.964
econ 22.3 .027 .274 1.331 .124 1.976 .236 1.499

GPT-4V
(Image+Paragraph)

physics 77.8 .032 .375 1.461 .137 1.483 .267 1.518
cs 53.3 .018 .307 1.225 .110 1.301 .240 1.362
math 60.8 .018 .297 1.170 .112 1.283 .237 1.340
q-bio 59.4 .019 .331 1.303 .117 1.350 .250 1.415
stat 61.3 .025 .345 1.360 .132 1.508 .264 1.491
q-fin 52.5 .021 .318 1.276 .121 1.443 .251 1.430
eess 59.1 .017 .290 1.145 .103 1.186 .229 1.292
econ 57.9 .016 .257 1.012 .099 1.140 .211 1.190

Unichart
(Fine-tuned)

physics 25.2 .004 .171 0.816 .045 0.695 .143 0.903
cs 9.1 .004 .176 1.289 .059 1.590 .159 1.354
math 15.5 .002 .152 0.834 .040 0.746 .136 0.930
q-bio 11.7 .004 .165 1.037 .052 1.152 .146 1.101
stat 13.7 .003 .175 1.018 .056 1.120 .154 1.100
q-fin 11.8 .003 .185 1.161 .067 1.479 .166 1.253
eess 11.9 .007 .201 1.250 .076 1.663 .183 1.373
econ 14.5 .008 .148 0.839 .047 0.906 .133 0.928

Table 4: Results breakdown by domain for each model, highlighting performance metrics such as
BLEU-4, ROUGE scores, and token length. We show the models included in the human evaluation
process. We test the fine-tuned model in Table 2 on unseen data. The highest and second highest values
across models are highlighted.

A, B, and C across expert pairs (1–2, 2–3, 3–1)
were (0.71, 0.68, 0.64), (0.66, 0.53, 0.59), and
(0.6, 0.58, 0.56), respectively, indicating a strong
positive correlation between experts. Given that
our caption ranking study prioritizes the selec-
tion of top-ranked captions—since users are more
likely to adopt these as drafts or read them—we
also evaluated agreement using Cohen’s Kappa,
treating the ranking task as a binary classification
task: captions ranked first were labeled as 1, and
all others as 0 (Kappa@1). Similarly, Kappa@2
classified the top two captions. For Kappa@1,
the values for Conditions A, B, and C were
(0.74, 0.64, 0.70), (0.78, 0.81, 0.72), and (0.63,
0.59, 0.53), respectively. For Kappa@2, the cor-
responding values were (0.72, 0.78, 0.72), (0.66,
0.60, 0.52), and (0.61, 0.55, 0.58). These results
indicate substantial agreement between experts.

4.4 Study 3: Are Results Generalizable to
Papers Posted After the Cut-off Date?

A common concern with large pre-trained mod-
els is data contamination (Balloccu et al., 2024),
meaning that test data may overlap with data in the
pretraining set. To address this, we repeated the ex-
periments on entirely unseen data for GPT-4V,
creating a new dataset from papers published after
the model’s data cut-off date, January 2024.

Experiment Setups. After filtering out tables
and other figure types, this dataset initially con-
tained 46,543 figures from 57,678 valid papers
published between January and March 2024. Of
these, 37,146 figures had associated paragraphs.
We further refined the dataset by removing dupli-
cate figure indices within the same paper, resulting
in 36,841 figures. Finally, after excluding figures
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Model Domain Token
Length BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L

Score Norm Score Norm Score Norm

Pegasus

Node Diagram 18.3 .056 .303 1.564 .160 2.770 .270 1.780
Equation 22.3 .050 .303 1.473 .146 2.335 .263 1.669
Graph Plot 30.2 .080 .357 1.655 .190 2.812 .301 1.867
Scatterplot 35.1 .080 .359 1.609 .186 2.612 .294 1.790
Bar Chart 21.0 .056 .330 1.632 .161 2.635 .284 1.815

GPT-4V
(Image+Paragraph)

Node Diagram 56.8 .012 .279 1.102 .093 1.083 .218 1.228
Equation 49.7 .014 .279 1.138 .092 1.123 .218 1.256
Graph Plot 68.9 .027 .346 1.354 .128 1.423 .257 1.457
Scatterplot 70.8 .028 .366 1.433 .133 1.471 .263 1.491
Bar Chart 51.9 .023 .338 1.360 .126 1.511 .263 1.500

Unichart
(Fine-tuned)

Node Diagram 6.8 .001 .120 1.085 .031 1.088 .111 1.128
Equation 9.9 .000 .109 0.751 .023 0.572 .101 0.819
Graph Plot 19.7 .006 .189 0.954 .060 1.003 .164 1.063
Scatterplot 22.4 .002 .171 0.829 .044 0.699 .145 0.920
Bar Chart 9.9 .004 .202 1.400 .072 1.807 .181 1.473

Table 5: Results are broken down by domain for each model, highlighting performance metrics such
as BLEU-4, ROUGE scores, and token length. We include the models used in the human evaluation
process and test the fine-tuned model in Table 3 on unseen data. The highest and second highest values
across models are highlighted.

Figure 5: Rankings of captions generated by different models on an unseen dataset of arXiv papers posted after
GPT-4V’s data cut-off date, evaluated by three experts. The procedure replicated Study 2.

with invalid captions, the dataset contained 36,740
figures, which is similar in size to the challenge’s
hidden test set. We used gpt-4-0125-preview here
to generate figure captions (See Footnote 5).

Similar to the challenge task, we conducted
both automatic evaluation (Table 4 and Table 5)
and human evaluation (Figure 5). Note that two
teams’ models were excluded, as this study was
not part of the SCICAP Challenge.

The Results from Studies 1 and 2 Generalize
Well to Unseen arXiv Figures. As discussed
in Study 2, this work places a greater empha-
sis on human evaluation. The human evaluation
results from Study 3 (Figure 5) showed a sim-
ilar trend to those in Study 2 (Figure 4), with
GPT-4V’s captions consistently favored by all
experts. Additionally, Study 3’s automatic eval-
uation results (Table 4 and Table 5) displayed
trends similar to those in Study 1 (Table 2 and

Table 3), where text-summarization models re-
ceived higher scores. Overall, the findings from
Studies 1 and 2 appear to generalize to figures in
unseen arXiv papers.

5 Additional Study: Do Paper Readers
Agree with the Editors’ Judgment?

Study 2 (Section 4.3) shows that professional
editors’ perspective toward machine-generated
captions, raising an intriguing question: Do pa-
per readers evaluate caption quality in the same
way as professional editors? This distinction is im-
portant because prior studies have often relied on
general readers, such as graduate students, rather
than professional editors for human evaluations
(Petsiuk et al., 2022; Kasai et al., 2022). Un-
derstanding any systematic differences between
readers and editors is essential to inform the
broader research community.
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Figure 6: Ph.D. students’ ranking results from Hsu et al.
(2023). Note that lower ranks mean better performance.

Figure 7: Undergraduate students’ ratings on helpful-
ness from Hsu et al. (2023). Note that higher ratings
mean better performance.

To answer this question, we obtained the data
for the study conducted by Hsu et al. (2023),
where Ph.D. students in the relevant fields ranked
figure captions generated by different models,
and undergraduate students rated the captions’
helpfulness. The models Hsu et al. (2023) used
differed from ours but similarly employed a
fine-tuned text summarization model, Pegasus,
as a baseline. Their study included three ver-
sions of captions produced by Pegasus: one
fine-tuned with the entire training set of the
SCICAP dataset [Pegasus (Paragraph+OCR)], one
fine-tuned using only captions exceeding 30 words
in length [Pegasus (Paragraph+OCR+Better)],7

and the other fine-tuned using only the fig-
ure image’s OCR [Pegasus (OCR)]. They also
included author-written captions in their compar-
ison, providing a basis for comparing their results
with ours. Interestingly, their study focused on
three cs subdomains of arXiv: natural language
processing (NLP, cs.CL), human-computer in-
teraction (HCI, cs.HC), and computer vision
(CV, cs.CV). This section describes the insight
gained from comparing their results, as shown in
Figures 6 and 7, with ours.

Students Agreed with Editors that the Basic
Text-Summarization Model Did Not Outper-
form Paper Authors. Ph.D. students (Figure 6)

7It was called ‘‘Better’’ because previous studies indi-
cated that longer captions enhanced reader comprehension
(Hartley, 2003; Gelman et al., 2002).

and undergraduate students (Figure 7) both pre-
ferred author-written captions to those generated
by the Pegasus (Paragraph+OCR) model, which
was fine-tuned on the entire dataset rather than
just long captions. These preferences aligned
with the editors’ judgments (Section 4.3), where
human-authored captions were chosen more of-
ten over Pegasus-generated ones, even though our
text-summarization model was fine-tuned on a
much larger dataset than Hsu et al.’s (2023).

User Groups Do Not Always Agree with Each
Other. While the overall trend in quality as-
sessment among models was consistent between
Ph.D. students and undergraduates—such as the
high rating of human-written captions—agree-
ment was not universal. Undergraduates found
captions from the Pegasus model trained on longer
captions more useful than human-written ones
(Figure 7), a view not shared by Ph.D. students
(Figure 6). This discrepancy shows diverse user
needs (Gkatzia et al., 2014), beyond what editors’
ratings capture.

6 Discussion

6.1 Is the Problem Solved?

Our human evaluations show that GPT-4V often
generates captions that are seen as better than those
written by authors (Section 4.3). However, this
does not fully solve the challenge of generating
captions for scientific figures. We have reached an
important milestone, but there are new challenges
ahead:

• First, improving caption quality further.
Being better than human-written captions
does not necessarily mean the captions are of
high quality; it might simply mean that the
human-written captions are bad.

• Second, evaluation is still hard. De-
spite GPT-4V’s poor automatic scores
(Section 4.2), it outperformed other mod-
els in evaluations by editors; efforts to use
a higher-quality subset for better evalua-
tion did not significantly differ in scores
from the full test set (Table 1). These
highlight the need for more research into
evaluation methods, particularly as the qual-
ity of machine-generated content surpasses
that of human-generated content. Future re-
search should focus on detail, coherence, and
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Figure 8: Two examples where experts favored GPT-4V’s captions for providing sufficient details and highlighting
key takeaway messages, two key factors identified in our comment analysis. [Figure sources: (A) Singh (2017),
(B) Finkel et al. (2019)].

factual accuracy. Developing a reliable auto-
matic evaluation method could also enhance
the quality of datasets used to develop new
models.

• Finally, personalization for different users.
Different user groups have different infor-
mation needs. Another challenge is to create
models that can customize captions to meet
the diverse preferences of various users.

6.2 Generalizability of Caption
Generation Models

Our findings suggest caption generation mod-
els are versatile across domains and figure
types. Although there are some variations and
domain-specific details, large multimodal models
pre-trained on extensive data can likely gener-
ate usable captions for many domains and figure
types. We also tested several hypotheses to explain
the variations in automatic scores across domains,
such as the presence of non-English characters
in captions or length of captions, but found no
conclusive evidence to support them.

6.3 What Makes GPT-4’s Captions Better?
To understand why GPT-4’s generated cap-
tions were often rated higher than author-written
captions, we manually analyzed the comments
provided by three experts during the ranking pro-
cess. Although experts were instructed to provide
comments, we did not strictly enforce this for ev-
ery figure. In total, we collected 1,123 comments
corresponding to 500 figures. The first author
of this paper manually coded these comments
using open coding practices to identify the rea-
sons behind GPT-4V’s superior ratings. Two key
themes emerged: (i) providing sufficient details

and (ii) highlighting the figure’s takeaway mes-
sages. Among the 1,123 comments analyzed, 277
(24.7%) indicated that captions were rated higher
or lower based on the presence or absence of rich
details, while 177 (15.8%) noted that including
or omitting takeaway messages influenced their
ratings. These findings align with prior research
showing that detailed captions with clear takeaway
messages receive higher ratings (Hsu et al., 2023).
Because humans tend to prefer longer captions,
we further analyzed the 207 comments from Study
2’s C condition, where GPT-4’s captions were re-
stricted to the same length as the authors’. Even
under this constraint, the two key factors remained
prominent: 49 (23.7%) comments mentioned de-
tails, and 50 (24.2%) comments cited takeaway
messages. Figure 8 shows two representative
examples where experts stated that GPT-4V’s
captions were better due to these factors.

We also analyzed the experts’ comments to
identify the most common errors in AI-generated
captions, particularly those from models other
than GPT-4. These errors fell into three main
categories: The first category is incorrect visual
information, where visual details in captions,
such as color-number relationships, are inaccu-
rately described. The second category involves
linguistic errors, including typos, missing punc-
tuation, or minor grammatical mistakes. The final
category is factual errors unrelated to visuals,
such as incorrect numerical values. In addition
to outright errors, we also examined cases where
captions, though not strictly incorrect, were prob-
lematic. One common issue was incomplete
captions, where truncation resulted in phrases
like ‘‘Delivery ratio vs.’’ or ‘‘Plot of F2 versus
ab.’’ Another problem was repetitive or overly
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generic captions, where models produced identi-
cal or indistinct descriptions, such as ‘‘IoT Hub
Workflow,’’ reflecting a lack of specificity.

7 Conclusion and Future Work

This paper presents the first SCICAP Challenge
results, highlighting GPT-4V’s superiority in gen-
erating scientific figure captions, as professional
editors overwhelmingly preferred figure captions
generated by GPT-4V over those from all other
models and even the original captions written by
authors. Despite this achievement, we acknowl-
edge that while an important milestone has been
reached in caption generation, challenges such as
improving quality, evaluation, and customization
remain unresolved.

8 Limitations

This work has several limitations. First, our human
evaluation involved only a small number of ex-
perts—three professional editors. While this scale
is not uncommon in NLP research due to the high
cost of expert evaluation, it may not sufficiently
capture the diverse perspectives and interpreta-
tions of a broader group of users or experts.
Second, the comparison made in Section 5 be-
tween our results and those from Hsu et al. (2023)
was not fully direct due to differences in data and
models, which we made clear in the paper. While
we believe the comparison is valid at a high level,
it may not be broadly generalizable. Third, our
analysis spans all domains present on arXiv, but
arXiv does not encompass all potential academic
domains, such as biology and medicine, which are
primarily published on PubMed. The character-
istics of figures and captions in these areas may
differ significantly from those in arXiv, poten-
tially limiting the applicability of our conclusions
outside of arXiv without additional verification.
Finally, our best-performing model, GPT-4V, is
proprietary, with no public access to its architec-
ture or training data. This restriction, common in
NLP research, means our findings may inherit lim-
itations related to the closed nature of the model,
including potential data contamination issues, and
lacks transparency for in-depth analysis.

9 Ethics Statement

We recognize that employing LLMs or LMMs
to produce texts for end users inherently carries
risks, including the dissemination of inaccurate

or misleading information. In scholarly contexts,
particularly when using generated captions to en-
hance figure comprehension, such inaccuracies
could mislead readers. We have ensured to inform
participants of these risks during our user studies.
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A SCICAP Challenge Data Preparation

The SCICAP Challenge dataset was an expan-
sion of the original SCICAP dataset, incorporating
papers from all 8 primary arXiv domains pub-
lished between 2010 and 2020, totaling over
440,000 papers. Using PDFFigures 2.0 (Clark
and Divvala, 2016), 2.62 million figure-caption
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pairs were extracted from these papers. The
datas et also included paragraphs referenc-
ing these figures, extracted using GROBID,8

and identified figure-mentioning sentences (e.g.,
‘‘Figure 4 shows...’’) through regular expressions.
The dataset featured OCR text from images ob-
tained via Tesseract-OCR,9 enhancing the data
with legends and labels directly from figures. A
figure-separator tool (Tsutsui and Crandall, 2017)
was used to spot compound figures; FigureSeer
(Siegel et al., 2016) was used to classify figure
types, excluding those categorized as ‘‘Table’’ and
‘‘Others’’. Finally, to accommodate teams with
limited resources and ensure a balanced dataset,
we limited the selection to four figures per paper,
with figures from the same paper allocated to the
same dataset split.

Additional Figures from ACL Papers. Addi-
tionally, the challenge dataset included 26,868
figures collected from ACL Anthology papers
(Rohatgi et al., 2023) through ACL-Fig (Karishma
et al., 2023) as additional training data. In the ACL
collection, we removed all the papers that were
already published at arXiv. For this filtering, we
relied on the paper clustering done by Semantic
Scholar Academic Graph (Kinney et al., 2023).

B Prompts Used

In this section, we provide the prompt we used
in Section 4.1. [PARAGRAPHS] and [IMG]

8GROBID: https://github.com/kermitt2
/grobid.

9Tesseract-OCR: https://github.com
/tesseract-ocr/tesseract.

are placeholders for figure-mentioning paragraphs
and the encoded images.

Prompt without paragraph. ‘‘[IMG] Please
write a short and concise caption for the figure.’’

Prompt with paragraph. ‘‘[IMG] Para-
graphs: [PARAGRAPHS]. Above are a figure
and referred paragraphs about the figure. Please
write a short and concise caption for the figure.’’

C Model Details

We describe the model training details and the
decoding configuration used in Section 4.1.

Training Details for Open-Source LMMs. We
fine-tune Unichart10 checkpoint from Hugging-
Face for 40,000 steps, using batch size = 16,
learning rate = 5e-5 with a linear decay scheduler,
warmup steps = 500, weight decay = 0.01. We
evaluate every 1000 steps, and the checkpoint with
the highest highest ROUGE-2 score on validation
set is kept and used to predict final result.

Decoding Details for Open-Source LMMs.
For generation, captions were decoded using the
beam sampling strategy, with beam size = 4,
top-k = 50, and maximum length = 100.

D Interface for Human Evaluation

Figure 9 shows the interface used for human
evaluation.

10We used ahmed-masry/unichart-base-960.
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Figure 9: The drag-and-drop interface used by professional editors to rank captions for a figure [Figure source:
Bulgakov (2016)].
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