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Abstract Keywords

Scientific Figure Analysis (SFA) aims to derive analytical insights
from figures while incorporating background instructions. Unlike
conventional tasks such as figure captioning or description genera-
tion, which focus on extracting surface-level information from the
sole visual modality, SFA requires an intelligent system to summa-
rize key patterns, infer implications, and contextualize scientific
findings from visual and textual inputs. It demands not only visual
recognition but also the integration of scientific knowledge, multi-
modal understanding, and contextual reasoning. In this work, we
introduce an SFA dataset, AnaFig, comprising 2,000 high-quality
samples across 56 domains. All samples are evaluated by using
human-aligned five-dimensional scoring criteria, resulting 10,000
human-annotated score labels. The AnaFig dataset facilitates the as-
sessment of three critical capabilities of multimodal large language
models (MLLMs): adherence to complex instructions, multimodal
perception, and analytical summarization. By building a new bench-
mark with widely used MLLMs, this study contributes to scientific
knowledge discovery and reasoning, fostering the alignment of
MLLMs and human experts in scientific analysis.

CCS Concepts

« Computing methodologies — Language resources; Com-
puter vision; « Applied computing — Physical sciences and
engineering; Document management and text processing.
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1 Introduction

Scientific Figure Analysis (SFA) is challenging yet significant due
to its role in discovering meaningful insights beyond surface-level
figure descriptions [6, 7, 14, 37] and its potential to enhance the
accessibility and understanding of complex scientific information.
Unlike conventional figure captioning tasks, SFA demands a deep
understanding of data patterns, relationships, and scientific impli-
cations from visual and textual inputs. This necessitates integrating
visual recognition with scientific background knowledge [34], con-
textual reasoning [22], and multimodal comprehension [18].
Multimodal large language models [1, 4] (MLLMs) have signifi-
cantly advanced image-to-text tasks [38], e.g., image captioning [39]
and image description generation [32]. However, their effectiveness
in high-level analytical tasks remains unclear. Unlike conventional
image-to-text tasks, SFA requires not only extracting visual infor-
mation but also contextualizing scientific backgrounds, compre-
hending multimodal data (e.g., charts and accompanying text), and
generating summaries that convey analytical insights. As shown
in Fig. 1, existing image-to-text datasets are insufficient to capture
these complexities [12, 16, 37]. They often focus on descriptive
accuracy rather than analytical depth, lacking the scientific context
necessary for evaluating a model’s ability to reason about data.
To address this gap, we introduce AnaFig!, a novel dataset for
evaluating three key capabilities of MLLMs: 1) adherence to com-
plex scientific instructions, 2) multimodal perception of visual and
textual context, and 3) the ability to analyze and summarize sci-
entific information. AnaFig comprises 2,000 samples drawn from

!https://github.com/yuetanbupt/AnaFig


https://orcid.org/0000-0002-5798-6304
https://orcid.org/0009-0001-5523-4563
https://orcid.org/0000-0002-1082-8755
https://orcid.org/0009-0005-3688-5538
https://orcid.org/0000-0002-8362-6353
https://orcid.org/0000-0002-0396-6703
https://doi.org/10.1145/3746027.3758226
https://doi.org/10.1145/3746027.3758226
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3746027.3758226&domain=pdf&date_stamp=2025-10-27

MM °25, October 27-31, 2025, Dublin, Ireland. Tan Yue et al.

Descriptive Context

@ 300 KK Fourler H Caption: Performance evaluation of the KK retrieval on random OAM spectra. (a)-(b) Histograms of the retrieval accuracy of the KK method

and the conventional Fourier method, measured on 1000 OAM spectra with random complex mode coefficients. (a) For an OAM measurement

2 200 II range from | to 20, the average and standard deviation of the KK retrieval accuracy are 95.6% and 1.2%, respectively. (b) For an OAM

s measurement range from 1 to 30, the average and standard deviation of the KK retrieval accuracy are 91.1% and 1.4%, respectively. The KK
S I I method shows superiority over the Fourier method in both cases.

Context: In this part, we evaluate the performance of the KK retrieval on a large set of OAM spectra generated with random complex mode
coefficients. As in the previous measurements, the difference between the experimental and minimum required CSPRs is automatically
maintained around $1~{\\rm dB}S, which is experi lly confirmed in 1 Note 2 for 100 random OAM spectra. Figure \\ref {fig5}
(a) shows the histogram of the KK retrieval accuracy for 1000 spectrum samples on the same dimensional space as before. An average retrieval
accuracy of 95.6% is obtained with a standard deviation of 1.2%. The performance of the KK retrieval is also compared with the conventional
Fourier method, computed by the Fourier transform disregarding the SSBI in Eq. \\eqref{eq:refname2}. A clear advantage of using the KK
method can be seen in Fig. \\ref{fig5}(a). Next, we further push the measurement dimensionality up to $30$-th OAM order, while keeping the
azimuthal sampling points and the digital upsampling unchanged. Figure \\ref{fig5}(b) shows the corresponding experimental results. The
average KK retrieval accuracy in this case still reaches 91.1% with a standard deviation of 1.4%, outperforming the conventional Fourier
method by a large margin. Although the performance of the Fourier method may be imp: d by i ing the power, keeping
relatively low CSPR values is favored to avoid large DC components in detection and thus maximally utilize the dynamic range of the
camera. The experimental setup used in this work is a ional on-axis inter quivalent to the configurations. However, contrary
to all the past demonstrations that require a few shots to diagnose a complex OAM spectrum, our method provides single-shot retrieval mediated
by the famous KK relation. This greatly accelerate the measurement as it bypasses the need to adjust the amplitude and/or phase of the reference
when characterizing each superimposed state. In our system, the speed of the measurement is defined by the frame rate of the camera. Since in
this study we are dealing with only the azimuthal field distribution, the detection can be seamlessly connected to the rotational Doppler effect.
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The histograms compare the accuracy distributions of two methods, KK and Fourier, in panels
(a) and (b).

Both panels
highlight a clear distinction between the methods, where KK outperforms Fourier in terms of
achieving higher and more concentrated accuracy levels, demonstrating the robustness and
reliability of the KK approach.

In this scenario, the camera is replaced by a fast photodetector with a spinning phase mask performing the azimuth-to-time mapping.

Figure + Descriptive Context

Figure evaluates the KK retrieval performance on random orbital angular momentum (OAM) spectra and compares it
with the conventional Fourier method.

The KK method effectively eliminates SSBI

effects and achieves efficient single-shot retrieval. It performs well at low CSPR values, avoiding dynamic range issues
associated with high CSPR, thereby enhancing measurement system efficiency.

Figure 1: Importance of descriptive contextual information on the quality of analytical summaries. Different color fonts
represent the corresponding different qualities of the generated content.

56 domains. Each sample pairs a figure with its corresponding de-
scriptive text as input, sourced directly from research papers. This
descriptive text incorporates both the figure’s caption and addi-
tional descriptive content from the paper, providing a rich context
and instructions for MLLMs to interpret. The expected output is
an analytical summary that synthesizes key insights from the fig-
ure. While figures serve as the primary source for interpretation,
the descriptions provide essential instructions, enabling MLLMs
to contextualize and derive meaningful insights. We also devel-
oped a five-dimensional scoring framework assessing faithfulness,
completeness, conciseness, logicality, and analysis. Ground truth
summaries are meticulously crafted by human experts through mul-
tiple refinement rounds to uphold high-quality standards across
these dimensions. Thus, the dataset provides 2,000 expert-written
summaries along with 10,000 evaluation score labels, establish-
ing a robust benchmark for assessing MLLM capabilities in more
challenging SFA task, which is important for scientific knowledge
discovery, multimodal understanding, and Al-human alignment.

As a new benchmark, we test eight widely used MLLMs on
AnaFig, namely, Qwen2-VL-2B and 7B, InterVL-2.5-8B, MiniCPM-
V-2.6, GPT-40, Gemini-1.5-flash, Claude-3-haiku, and Claude-3.5-
sonnet, and report their performance from the perspectives of text
generation (e.g., BLEU, METERO, BERT score, ROUGE, and MLLM
score) and summary quality (e.g., the aforementioned five dimen-
sions). Our results reveal a significant performance gap between
MLLM-generated analyses and human-level expertise. By evaluat-
ing MLLM performance through the five-dimensional framework,
we identify specific strengths and weaknesses of each MLLM, e.g.,
strong in logicality but weak in the depth of analysis. An ablation
study further explores the impact of the descriptive text on per-
formance. Finally, we investigate potential biases in MLLM-based
evaluators when applied to this task.
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The contributions can be summarized as follows: 1) We introduce
AnaFig, a novel dataset designed to examine the boundaries of
MLLM capabilities in the complex task of SFA. It comprises 2,000
gold-standard analytical summaries, carefully curated by human
experts. 2) Human-aligned evaluation criteria for SFA are proposed
with 10,000 manually annotated score labels. 3) Leveraging AnaFig,
we establish a benchmark by testing prominent MLLMs, providing
a comprehensive assessment in this challenging domain.

2 Related Works
2.1 Evaluation of MLLMs in Visual Tasks

Recent advancements in MLLMs [47] have demonstrated significant
progress in visual understanding tasks [11, 42, 45], such as visual
questions answering [19, 44], image captioning [23, 38]. These mod-
els are evaluated primarily on the basis of their ability to correctly
answer or generate descriptive text that accurately reflects the vi-
sual content of the image. However, the evaluation of MLLMs [9, 15]
in more complex visual reasoning tasks, particularly those requiring
scientific or analytical insight, remains limited. While some studies
have made strides in addressing basic visual recognition and textual
generation [25, 32, 33, 36, 41, 46], they often overlook the ability of
these models to perform high-level reasoning on visual data, such
as interpreting trends, relationships, or implications embedded in
scientific figures.

Current MLLM benchmarks largely emphasize surface-level un-
derstanding over scientific reasoning and analysis. Thus, specialized
benchmarks are needed to assess MLLMs’ ability to interpret scien-
tific data and extract insights from complex visual information.

2.2 Existing Image-to-Text Datasets

As shown in Table 1, in the field of image-to-text generation, various
datasets have been developed to help train and evaluate MLLM [35],
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Learning
4.45%

Figure 3: Examples of figure types.

Table 1: The comparison with related datasets. R.F.=Real
Figure, Cap.=Caption. Con.=Context, Ana.=Analysis. Five-D
evaluation=Five-dimension evaluation.

Dataset RF. Cap. Con. Ana. Evaluation
SCICAP [14] v v X X Rule-based
ChartSumm [29] 4 X X X Rule-based
Chart-to-text [16] v/ 4 X X Rule-based
ChartX [37] X X X X GPT-Score
AnaFig (Ours) v v v v Five-D evaluation

such as the Microsoft COCO [21], Visual Genome [17], SciCap [14],
and more recently developed ChartX [37] focusing on figure under-
standing. These datasets provide a large amount of visual content
with corresponding textual descriptions and have contributed sig-
nificantly to advancing the field of image caption and description
generation [30]. However, these datasets have shown limitations
when it comes to scientific reasoning tasks, especially those involv-
ing complex visual analysis or domain-specific knowledge.

One significant shortcoming of current image-to-text datasets is
the reliance on non-expert annotations. While crowdsourced data is
valuable for training models in general tasks, it often lacks the depth
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“<BOI> Figure~\ref{Figl} <EOI>’</BO(‘,>PHmognI\'anic current of fluctuating (‘mj{wcr
pairs [Eq.~(\ref{PGE_current}) where $\Lambda$ is replaced with $\Lambda_{\tau}$] as
a function of temperature for $lomega=0.1$~ps$”{-1}$ and various relaxation fimes:
$\tau=5\, {\rm ps}$ (red), $\tau=0.3\,{\rm ps}.’S (green), and $\tau=0.1\, {\rm ps:S/(blue).
All parameters are for MoS$ 1pcrconduq‘tmg critical temperature $T_c=10 ‘(IX/rm K}$,
the warping amplitude $w=3.4\,{\rm eV}icdot\textrm{\AA}"3$, $\lambda ¢=3\ {\rm
meV}$, $B=1 \,{\rm T}$, and the amplimd‘c of electromagnetic field is $E_@=1\, {\rm
Viem}$. <EOC> <BOT>and<EOT> '<BOI> Fig.~\ref{Fig2}<EOI>’ <BOC>
Photogalvanic current of fluctuating Cooper pairs [Eq.~(\ref{PGE_current}) where
$\Lambda$ is replaced with $\Lambda {\tau}$] as a function of electromagnetic field
frequency for $T=10.2\\\textrm{K}$ and various relaxation times: $\tau=5\,{\rm ps}$
(red), $\tau=0.3\,{\rm ps}$ (green), and $\tau=0.1\,{\rm ps}$ (blue). <EOC> <BOT>
show the temperature and frequency dependencies of the PGE current. Red curves
correspond to the case of a clean superconductor, $\tau T c\gg 18. In terms of the EM
field intensity, $I=c\epsilon_O|\textbf{E}|*2/2$ with $c$ the speed of light and
$\epsilon_ 08 the vacuum permittivity, the estimation gives $j/l\approx 4\,
\textrm{nA}\cdot\textrm {cm}Atextrm{W}$ for $T=10.1\\textrm{K}$ and $B=I\,
\textrm{T}$. Green and blue curves correspond to the case of dirty superconductors, $\tau
T _c\ll 1$ and demonstrate the effect of the point-like impurities on the temperature and
frequency dependencies of the PGE contribution due to SC fluctuations. <EOT> )

Figure 4: An example input of AnaFig.

required for scientific analysis [10, 26]. In addition, the annotation
process for these datasets often lacks systematic criteria for assess-
ing the quality of reasoning. The lack of expert-level annotations
and evaluation criteria for existing datasets implies that current
datasets do not fully capture the nuances of scientific reasoning in
multimodal data [13, 43]. This limitation is particularly evident in
SFA, where the ability to reason about trends, relationships, and
meanings in data visualizations is critical.

3 AnaFig-Dataset
3.1 Dataset Collection

As shown in Fig. 2, the AnaFig dataset is constructed from academic
papers, including 10 major domains (e.g. Computer Science, Physics,
etc.) and 56 sub-domains (e.g. Quantum optics, Photoexcitations,
etc.). All data are collected from an open access academic website
(Arxiv). We filter out figures with low resolution or poor image
quality. To ensure data diversity, we manually remove specific types
of figures, such as flowcharts, and sample schematics. Finally, we
retain 2,000 high-quality samples cover 18 figure types (shown in
Fig. 3), selected from over 6,000 academic papers.

3.2 Data Formatting

In real-world scenarios, most figure and text data do not match
each other exactly. The interleaved figure and text processing para-
digm is more generalized. Fig. 4 shows the figure-text interleaved
input structure of AnaFig. Figures and text are integrated at the
token level, with special tokens delineating the different modal-
ities. The input format is as follows: <BOI>Figure<EOI><BOC>
Caption<EOC><BOT>Context<EOT>. <BOI> and <EOI> mark the
beginning and end of a figure’s representation, <BOC> and <EOC>
similarly denote the caption, and <BOT> and <EOT> enclose the
surrounding scientific context, including any necessary instructions.
If there are multiple figures, we instruct the model to summarize
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Figure 5: AnaFig dataset annotation and scoring process.
e N
5 5 points: The summary is scrupulously faithful to the content of the figure and related descriptions, and is completely free of error, misinformation, or speculation.
= 4 points: The summary is generally faithful to the content of the figure, with only very minor deviations or inaccuracies that do not affect overall understanding.
2 3 points: The summary is mostly faithful to the figure, but contains some significant biases or inaccurate information.
é 2 points: The summary contains multiple deviations or errors, and some parts are grossly inconsistent with the information in the figure.
= 1 point: The summary does not match the information in the figure, contains numerous errors or speculative information, and does not reflect the true content.
@
g 5 peints: The summary covers all the key information and trends in the figure and is complete without any omissions.
§ 4 points: The summary covers most of the important information, but slightly omits some minor information.
;.:. 3 points: The summary covers the main points of the figure, but some important information is not included.
= 2 points: The summary covers only some of the information in the figure, leaving out several important aspects or details.
5 1 point: The summary of most of the important content was ignored, with only a small portion of the content or details being focused on.
§ 5 peints: The summary is concise and clear, without redundancy, and effectively conveys the core information of the figure in a minimum number of words.
£ 4 points: The summary is concise, with a small amount of redundancy, but it does not detract from the clear communication of the information.
E 3 points: The summary has some redundant or repetitive content, which slightly detracts from the overall effectiveness of the communication.
g 2 points: The summary contains a lot of redundant information and the core content is not sufficiently salient, which affects comprehension.
&} 1 point: The summary is very lengthy and cluttered, making it difficult to highlight the main information of the figure.
5 points: The summary is well-structured, logically clear, and linguistically fluent; the unfolding of the individual points is consistent with the internal logic of the
expert's knowledge and the background information, and there are no logical contradictions or errors in reasoning.
4 points: The summary logic is generally clear, the content is well-structured, and the language is fluent; some in-depth connections to background or expert
Q knowledge may be missing in a few sections. but overall it is consistent with common sense.
E 3 points: The summary's logic is faulty, parts of it unfold in a way that is not entirely consistent with background or expert knowledge, or there is a lack of
i) fluency that affects comprehension.
S 2 points: The summary lacks logic, the language organization is confusing, and some of the content contains significant deviations from background knowledge
or contradictions in reasoning.
1 point: The summary is illogical, the content is disorganized, the language is not fluent, and it completely contradicts background knowledge in key parts,
resulting in an inability to properly understand the core information of the figure.
5 points: The summary has a deep understanding of the figures and related descriptions, and the analysis and explanations are completely correct and reasonable.
" The analysis is insightful and comprehensive.
i 4 points: The summary demonstrates a good understanding of the figure, with sound analysis and only minor deficiencies or inadequate explanations.
= 3 points: The summary demonstrates a basic understanding of the figure. but there are clear misunderstandings or inadequate explanations. The analysis is
é generally correct but may contain some slightly inappropriate speculation.
2 points: The summary has a significant bias in understanding the figure, and the analysis is superficial or includes noticeable hallucinations..
1 point: The summary fails to understand the information in the figure correctly, and the analysis and interpretation are completely wrong or irrelevant.
\ J

Figure 6: Detailed evaluation criteria.

one of the figures (target_figure), with the other figures serving as
background knowledge.

3.3 The Annotation Process and Evaluation
Criteria

The gold-standard summaries in our AnaFig dataset are metic-
ulously crafted by ten human experts (graduate students or re-
searchers with PhD degrees). We leverage an annotation-evaluation-
refinement process to ensure the quality of generated summaries.
The expert annotation process is illustrated in Fig. 5. Five experts
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serve as initial annotators, generating summaries based on our
established annotation criteria (see Fig. 6). Next, the other five ex-
perts act as checkers, independently evaluating and scoring all
2,000 data samples. We use five-dimensional evaluation criteria,
e.g., faithfulness, completeness, conciseness, logicality, and analysis.
Faithfulness: The summary must strictly adhere to the informa-
tion presented in the figures and descriptions. Completeness: The
summary should encompass all key information and trends depicted
in the figures. Conciseness: The summary should avoid redundant
information or non-critical details. Logicality: The summarized
content should be logically coherent and consistent with common
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Table 2: Final scoring statistics of the AnaFig dataset.

Score Faith. Compl. Conci. Logic. Analy. %
Avg. 4.78 4.52 4.37 4.56 4.66 -
5 1558 1046 736 1121 1312 57.73
4 442 954 1264 879 688 42.27
3/2/1 0 0 0 0 0 0

# Samp. 2000 2000 2000 2000 2000 100

1600

1600 Faithfulness

Faithfulness

Completencss Completeness

200 = Conciseness 1200 m Conciseness
Logicality Logicality
800 = Analysis 800 ® Analysis
400 I 400 I
0 - 0
4

5 4 3 5 30

Figure 7: AnaFig dataset scoring results statistics. Results in
the first annotation round (left, with no sample scored 2/1).
Results in the final annotation round (right, with no sample
scored 3/2/1).

sense and expert knowledge. Analysis: The summary’s analysis
should be insightful and demonstrate a thorough understanding of
the data.

Checkers assign scores from 1 to 5 for each criterion. Summaries
scoring 3 or lower on any dimension are iteratively revised until
all samples achieve a score of 4 or higher across all five dimensions.
The final scores are shown in Table 2. The improvements between
the initial and final annotation tasks can be viewed in Fig. 7.

4 Experimental Setup

To cover multiple sizes and diverse MLLMs, representative mod-
els including Qwen2-VL-2B [32], Qwen2-VL-7B [32]), MiniCPM-
V2.6 [40], InterVL-2.5-8B [8], GPT-40 [1], Claude-3-haiku [2], Claude-
3.5-sonnet [3]) and Gemini-1.5-flash [31]) are selected for testing

to establish benchmarks.

We conduct zero-shot testing for the above models. For open-
source models, we obtain the models and their pre-training weights
and use the default hyper-parameter configurations during test-
ing to ensure the reproducibility of the testing process and the
comparability of the results. For proprietary models, we used API
for testing by requesting them via their official websites to en-
sure that the performance of these models is evaluated in a fair
environment. The instructions used to direct MLLMs to generate
summaries are shown in Fig. 8. We report five evaluation metrics,
widely used in generation tasks, namely ROUGE (R1=ROUGE]1,
R2=ROUGEZ2, RL=ROUGEL) [20], BLEU [28], METEOR (MET.) [5],
BERTScore [48], and MLLM-Score. MLLM Score is designed to align
human experts for scoring. We Instruct Gemini-1.5-flash to per-
form reference-free scoring by inputting [Figure, Descriptive Text,
Pre_summary] (Pre_summary denote the model generated sum-
mary), with human-aligned scoring criteria (shown in Fig. 6) as
part of the instruction.
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Instruction

Given the following information:1) Figure, 2) Caption, 3) Context.

Based on the above information, analyse and summarize the figure in detail, paying attention to the
following requirements: 1) The summary should be centred on the information in the figure. “Caption™
and “Context” can be used as background information, but the summary should focus on the
information in the figure. 2) There may be multiple figure inputs, and only the “Target_figure” needs
to be summarized, with the other figures serving only as background information. 3) The generated
summary should concisely and clearly summarize the information conveyed by the figure in no more
than 200 words.

Please note the following five-dimensional evaluation criteria, which is the key point for evaluating
the quality of the summary.

Faithfulness: The summary must strictly adhere to the information presented in the figures and
descriptions.

Completeness: The summary should encompass all key information and trends depicted in the figures.
Conciseness: The summary should avoid redundant information or non-critical details.

Logicality: The summary should be logicall i and i with sense and expert
knowledge.

Analysis: The summary's analysis should be insightful and demonstrate a thorough understanding of
the data.

Figure 8: The instruction used to generate the summaries.
Target_figure is marked during data processing.

Table 3: Results of various evaluation methods in sample-
level.

BLEU MET. BERT ROUGE MLLM
Score Score

R1 R2 RL

Model

Qwen2-2B  0.0954 0.2878 0.1750 0.4605 0.2103 0.3135  3.36
MiniCPM  0.0991 0.3621 0.2550 0.5026 0.2180 0.3165  3.82
InterVL2.5 0.0645 0.3126 0.2154 0.4618 0.1728 0.2792  3.73
Qwen2-7B  0.1214 0.3846 0.2585 0.5051 0.2509 0.3423 3.80
Claude-3 0.1003 0.3810 0.2654 0.4792 0.2252 0.3106  3.89
GPT-40 0.0893 0.3204 0.2931 0.5148 0.2067 0.3218  3.90
Gemini-1.5 0.0993 0.3330 0.2960 0.5222 0.2159 0.3228  3.95
Claude-3.5 0.1024 0.3645 0.2903 0.5114 0.2274 0.3153 3.98

5 Results
5.1 Main Results

We observe a clear positive correlation between model size and per-
formance in Table 3, with the larger Qwen2-(VL)-7B model consis-
tently outperforming the smaller Qwen2-(VL)-2B across all metrics.
Qwen2-7B also exceeds other MLLMs in the majority of metrics.
Second, Almost all models perform poorly on the reference-based
metrics (ROUGE, BLEU, METEOR, BERTScore), which suggests
that the current MLLMs still have a large gap with humans in SFA
tasks. It also suggests that the semantic similarity-based computa-
tion has limitations in aligning with humans. Third, the Gemini and
Claude models demonstrate competitive performance, with Claude-
3.5 achieving the highest MLLM-based evaluation score, suggest-
ing its potential for generating more human-like and insightful
summaries. However, the differences among these top-performing
models are relatively small, indicating that further improvements
are needed to bridge the gap to human-level analytical capabilities
in scientific figure analysis.

Table 4 presents a granular evaluation of the MLLM-generated
summaries using a five-dimensional framework. While all MLLMs
achieve relatively high scores in “Logicality”, their performance
varies significantly across other dimensions. Notably, the “Analysis”
proves particularly challenging, with scores considerably lower
than those for “Faithfulness” or “Completeness”. This suggests that
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Table 4: MLLM Score in five-dimensional evaluation.

Faii Com. Con. Log. Ana. Avg.
Human 478  4.52 437 456 466  4.58
Qwen2-2B 3.48 2.95 3.97 3.66 2.72 3.36
MiniCPM 3.80  3.77 384 418 351  3.82
InternVL2.5  3.64 3.72 3.80 4.05 3.47 3.74
Qwen2-7B 3.84 3.60 3.94 4.26 3.35 3.80
Claude-3 3.85 3.76 398 427 357  3.89
GPT-40 3.88 3.63 4.16 4.26 3.58 3.90
Gemini-1.5 3.87 3.65 4.35 4.38 3.49 3.95
Claude-3.5 391 3.79 405 440 3.74 3.98
Average 3.78 3.61 4.01 4.18 3.43 3.80

Table 5: Ablation study with machine evaluation.

BLEU MET. ISsERT ROUGE I\;ILLM
core R1 R2 RL core

w/ 01129 04091 0.2953 04825 02211 03041  3.95
w/o 00737 02860 0.2637 0.4081 0.1076 0.2357  3.51
A 100392 01231 0.0316 [0.0744 10.1135 [0.0684 |0.44

Table 6: Ablation study with MLLM and human evaluation.

Fai. Com. Con. Log. Ana. Avg.
MLLM Score
w/ discript. 3.86 3.78 4.17 4.25 3.68 3.95
w/o discript.  3.19 2.95 3.96 4.01 3.42 3.51
Human Eval.
w/ discript. 3.63 3.58 3.89 4.01 3.42 3.71
w/o discript.  2.53  2.01 359 215 218 249

current MLLMs struggle to provide insightful interpretations and go
beyond surface-level descriptions of the figures. Overall, all MLLMs
can generate concrete summaries, given their comparatively higher
scores on average.

5.2 Effectiveness of Descriptive Text

Our central hypothesis with the AnaFig dataset is that the accompa-
nying descriptive text is crucial for generating insightful figure sum-
maries, as it provides essential scientific background. To validate
this, we perform an ablation study using 100 summaries generated
by Claude-3, evaluating the impact of removing the descriptive text.
We employ both machine-based metrics and human evaluation.
Table 5 demonstrates that excluding the descriptive text leads
to significant reductions across all machine evaluation metrics. It
shows that the tested model (Claude-3) lacks knowledge in the field
of scientific analysis and is unable to analyze complex figure infor-
mation without scientific background knowledge. Specifically, the
largest decreases are observed in “Faithfulness” and “Completeness”
within the MLLM-based scores in Table 6. Interestingly, despite
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Table 7: Averaged MLLM scores over the five evaluation di-
mensions, based on evaluators with different MLLM.

Owen2 Gemini Claude Avg.
Qwen2 Evaluator 3.71 3.66 3.63 3.67
Gemini Evaluator 3.80 3.95 3.89 3.88
Claude Evaluator 3.84 3.99 3.94 3.92

the sharp drop in completeness, the “Analysis” score remains rela-
tively high even without the descriptive text, which seems coun-
terintuitive. This discrepancy prompts us to conduct the human
evaluation. The human evaluation reveals that the most substan-
tial performance drops occur in “Completeness” and, importantly,
“Analysis”. This difference between machine and human evaluation
in assessing analytical depth raises concerns about the reliability of
MLLM-based evaluators for nuanced analytical tasks and suggests
potential biases in their assessments [27].

5.3 The Bias of MLLM Evaluators

The observed discrepancies between machine and human evalua-
tions raise a crucial question: are MLLM-based evaluators inher-
ently biased towards summaries generated by models sharing their
architectural foundation?

To investigate this, we employ a controlled evaluation setup.
Specifically, we use Qwen2-VL-7B, Gemini-1.5-flash, and Claude-
3-haiku as MLLM evaluators, each assessing summaries produced
by models with the same underlying architecture. The results, pre-
sented in Table 7, reveal a clear trend: MLLM evaluators generally
assign higher scores to summaries generated by the same founda-
tion MLLM. This suggests a potential self-referential bias in MLLM-
based evaluation. Furthermore, our findings indicate that the Claude
evaluator, in particular, exhibits a tendency towards leniency, yield-
ing the highest average MLLM scores across all evaluated models.
This observation highlights the importance of carefully considering
potential biases [24] when relying on MLLM-based evaluation for
challenging SFA tasks, especially when comparing models with
varying architectures. The implication is that direct comparisons
of MLLM-generated summaries using MLLM-based evaluators may
be skewed, and human evaluation remains crucial for obtaining a
more objective and comprehensive assessment of summary quality.

6 Conclusion

This paper introduces AnaFig, a new benchmark dataset designed to
advance the challenging task of SFA, focusing on generating insight-
ful figure summaries. Evaluation of widely-used MLLMs on AnaFig
reveals that while these models can produce coherent and logical
text from figures, they exhibit weaknesses in both faithfulness and
completeness. Critically, their ability to provide in-depth analysis
falls considerably short of human expert performance. Our ablation
study further highlights the importance of incorporating relevant
scientific background knowledge to enable MLLMs to generate
more complete and insightful summaries from figures. However,
we also observe that MLLM-based evaluators may be susceptible to
biases when assessing summaries in SFA.
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