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Abstract

Existing datasets for evaluating text-to-image
generation focus mostly on real-life images,
which poses challenges for assessing academic
figure generation given real scientific captions,
which is a hot topic in AI for Science. To fill
the gap, we propose HE4AFG, a novel dataset
which first provides a Holistic Evaluation
for Academic caption-to-Figure Generation
(AFG). Specifically, HE4AFG collects real fig-
ure captions from 8 scientific domains and fi-
nally generates 3,900 evaluation samples (par-
ticularly, including multi-panel figures) us-
ing 5 mainstream large multimodal models
(LMMs). For each sample, we provide high-
quality human ratings in terms of three as-
pects—scientific aesthetic (SA), topic relevance
(TR), and attribute correctness (AC). More-
over, we present two trainable models: (1)
HE4AFG-E, an automated Evaluation model
for AFG, which generates aspect-aware train-
ing examples and then use them to train three
aspect-specific evaluation modules via con-
trastive learning; (2) HE4AFG-R, an auto-
mated Refinement model, which generates
and utilizes feedback on the quality of the
figures (e.g., unfaithful elements) to contin-
uously improve AFG. Extensive experiments
on HE4AFG demonstrate the effectiveness and
performance advantages of our models.

1 Introduction

The rapid acceleration of academic research re-
quires innovative artificial intelligence (AI) tools
to explore new concepts and tackle complex chal-
lenges (Zhao et al., 2025; Su et al., 2025; Xu et al.,
2025). Figures presented in academic papers (we
call them academic figures for short) play a pivotal
role in scientific communication (Roberts et al.,
2024; Li et al., 2024; Zhang et al., 2025a), serv-
ing as essential tools for researchers to convey
complex ideas and data. Although recent large
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Figure 1: Different from general T2I, AFG focuses more on
scientific details (e.g., correct/incorrect attribute binding). In-
stead of merging all evaluations into a single score, HE4AFG
provides more fine-grained scores across multiple dimensions
(scientific aesthetic, topic relevance, attribute correctness).

multimodal models (LMMs) have demonstrated
impressive capabilities in scientific research (Li
et al., 2025; D’Souza et al., 2025), there are unique
challenges to evaluate the quality of text-to-image
(T2I) generation in academic domains. In particu-
lar, when given a long prompt such as real figure
captions, instead of simply generating the visual
objects, the resulting figure should more empha-
size the precision in binding entity attributes and
addressing long-range dependencies. As exempli-
fied in Fig.1, the prompt specifies “seven green
dashed lines maintain equal spacing”, but the im-
age shows “unequal spacing between them”. These
discrepancies indicate a failure in attribute binding.

Scientific diagrams are a scarce resource due
to the difficulty in extraction and annotation. We
list some recent datasets in Table 1. The key
insights are: (i) Large-scale datasets like Multi-
modal ArXiv (Li et al., 2024) and SciCap (Hsu
et al., 2021) lack human annotation, while smaller
datasets like ScImage (Zhang et al., 2025a) and
Science-T2I (Li et al., 2025) are human-annotated,
ensuring higher quality and reliability for their spe-
cific tasks. (ii) Datasets are highly specialized and
focus on different tasks within the academic do-
main. The largest datasets (SciCap, Multi-modal
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Dataset Size Human-Annotated? Tasks
SciCap (Hsu et al., 2021) 2M image-caption pairs No image captioning
Multi-modal ArXiv (Li et al., 2024) 6.4M images and 3.9M captions No image captioning; question-answering
SciFIBench (Roberts et al., 2024) 2,000 image-caption pairs No image captioning; question-answering
CharXiv (Wang et al., 2024) 2,323 images No question-answering
DaTikZ (Belouadi et al., 2024) 120,000 text-image pairs No text-to-image
VGBench (Zou et al., 2024) 4,279 / 5,845 text-image pairs No question-answering / text-to-image
ScImage (Zhang et al., 2025a) 3,000 images and 404 prompts Yes text-to-image (evaluation)
Science-T2I (Li et al., 2025) 20,000 images and 9,000 prompts Yes text-to-image (hallucination detection)
HE4AFG (ours) 3,900 images and 650 captions Yes caption-to-figure (evaluation)

Table 1: Comparisons between existing scientific image datasets and HE4AFG.

ArXiv) are primarily designed for image caption-
ing or question answering. Newer datasets such as
DaTikZ (Belouadi et al., 2024) and VGBench (Zou
et al., 2024) are designed for the T2I task. ScImage
is explicitly created to evaluate T2I models, while
Science-T2I focuses on the detection of hallucina-
tions in the generated images. Unlike ScImage,
we use real figure captions that originate from aca-
demic papers. Compared to synthetic prompts, they
are more natural and coherent, following the writ-
ing styles of researchers (see Appendix A).

Human evaluation of text-image alignment is
costly and time-consuming. Therefore, it is crucial
to establish automatic and reliable evaluation mod-
els that strongly correlate with human judgments
(Zhang et al., 2025a; Li et al., 2025; D’Souza et al.,
2025). However, existing methods face their key
limitations. (i) Human experts can provide precise
scores as “ground-truth”, but the cost is highly ex-
pensive (Zhang et al., 2025a). (ii) Roughly most
LMMs can take interleaved text and figures as in-
put and therefore be used to evaluate the T2I task.
However, they often have a low correlation with hu-
man scores (Hessel et al., 2021; Saxon et al., 2024;
Kirstain et al., 2023). (iii) Existing metrics, such
as TIFA (Hu et al., 2023), measure faithfulness by
generating questions from the given prompt and
then answering these questions based on the gener-
ated figure. However, they mostly focus on natural
figures. (iv) The GPT-4 series (e.g., GPT-4o) per-
form best when serving as a multimodal evaluator
due to their amazing abilities (Xiong et al., 2025),
while still being hindered by expensive APIs.

To alleviate these issues, we propose HE4AFG,
a novel dataset which first provides a Holistic
Evaluation for Academic caption-to-Figure
Generation. In the context of AFG, essential
evaluations measure how closely the synthesized
figure matches its input caption, emphasizing
precision in incorporating target objects, reasoning
about spatial relations, and binding entity attributes.
Specifically, we introduce key aspects: (i) scientific
aesthetic (SA)—the figure features a clean,
clear, vector-style aesthetic; (ii) topic relevance

(TR)—the generated figure is relevant to the
caption; and (iii) attribute correctness (AC)—the
attribute binding in the figure is correct. We first
collect 650 original caption-figure pairs that span 8
academic domains. Particularly, these pairs cover
composite figure types such as multi-panel figures
(accounting for about 10%). We then utilize 5
mainstream generative LMMs (GPT-5 (OpenAI,
2025), Qwen3 (QwenTeam, 2025), DALL-E (Cho
et al., 2023), Llama (Kassianik et al., 2025), Stable
Diffusion (SD) 3.5 (Rombach et al., 2022)) to
generate additional figures given collected captions
as instructions. Subsequently, we employ an
expert team to annotate each caption-figure pair in
terms of three quality dimensions (SA, TR, AC).
Finally, HE4AFG is positioned as a high-quality,
multi-domain, type-rich dataset, consisting of a
total of 3,900 academic caption-to-figure samples.

Moreover, we present HE4AFG-E, which is
specifically developed as an automated Evaluation
model on HE4AFG. Specifically, we train three
aspect-specific sub-evaluators to generate reliable
scores. Considering that CLIP (Radford et al.,
2021) remains a strong baseline, we propose a
Scientifically adapted CLIP (SCLIP) framework,
where we improve the perception of academic fig-
ures of the CLIP text and visual encoders. We start
from existing scientific image datasets (e.g., ArX-
ivCap (Li et al., 2024)) to generate positive and
negative pairs with respect to (w.r.t.) each dimen-
sion. We then train the CLIP encoders via intra- and
cross-modal contrastive learning (Wu et al., 2024;
Higa et al., 2023). Although hard negative gen-
eration is standard in contrastive learning, our ap-
proach differs in how negatives are constructed con-
sidering the targeted dimensions and how they are
integrated with the training objective. Furthermore,
we introduce HE4AFG-R, which serves as an auto-
mated Refinement model on HE4AFG. HE4AFG-
R follows a three-step process: (1) generating feed-
back on figure quality during data curation; (2)
fine-tuning a lightweight LMM using the generated
feedback; and (3) performing a feedback-based iter-
ative figure generation using the fine-tuned model.
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This work represents a fundamental yet emerg-
ing research direction aimed at developing novel
datasets and automatic models for academic figure
generation, which is highly significant for under-
standing the alignment between multimodal con-
tent and academic semantics in the fields of com-
puter vision and natural language processing. To
our knowledge, our work proposes the first evalu-
ation dataset & model specifically designed for
this target task. Our contributions are four-fold:

• We propose a novel HE4AFG dataset, which
aims to evaluate academic figure generation
driven by real captions from academic pa-
pers. HE4AFG covers multiple disciplinary
fields, contains complex graph types, and adds
expert-level scores for model performance
measures. It fills the gap of comprehensive
evaluation in academic figure benchmarks.

• We introduce an accompanying HE4AFG-
E model, which can automatically provide
reliable scores to assess AFG. Specifically,
we train aspect-specific evaluation modules
by constructing hard negatives and adapting
modality encoders, which exhibits a unique
solution to academic figure challenges.

• We also explore a refinement model,
HE4AFG-R, which generates and leverages
feedback to iteratively improve generated
figures, creating a virtuous cycle where
evaluation drives generation, and generation,
in turn, adds value to the evaluation.

• Our experiments span multiple approach cate-
gories, including a large collection of frontier
LMMs and task-specific evaluation metrics.
HE4AFG-E achieves the highest correlation
with human judgments, surpassing the abso-
lute points of GPT-4o ∼3% on average.

2 Related Work

For the space limit, we present detailed descriptions
of related work in Appendix B. Here, we highlight
the associations between previous studies and ours.

Based on existing datasets, (a) we start with ArX-
ivCap (Li et al., 2024), where we select correct
caption-figure pairs as positive examples and then
generate negative caption-figure pairs; (b) we se-
lect caption samples from SciCap (Hsu et al., 2021)
to generate assessed figures. This shows that our
training and evaluation data do not overlap to en-
sure fairness; (c) we also examine our model on

two previous datasets: Q-Eval-100K (Zhang et al.,
2025b) and ScImage (Zhang et al., 2025a), showing
its generalization. Compared to existing models,
our HE4AFG-E model offers several merits: (i) it
serves as an automatic tool that avoids excessive
human annotations; (ii) it is reference-free, capa-
ble of assessing responses without relying on gold
answers; (iii) it is tailored to academic figure tasks,
a setting largely neglected by prior models; and
(iv) it remains low-cost, relying only on pretrained
modality encoders and lightweight LMMs.

3 Dataset: HE4AFG

To provide a holistic evaluation of AFG, we pro-
pose HE4AFG, as exemplified in Fig.2. We detail
the data curation and annotation process below.

Caption-Figure Pair Extraction. We collect
a set of caption-figure pairs sourced from (i) ex-
isting datasets such as SciCap (Hsu et al., 2021),
which focus on Computer Science papers, and (ii)
ArXiv papers that span other academic domains.
The caption-figure pairs are extracted from the orig-
inal LaTeX files by matching the syntax pattern and
then cleaned according to the rules designed manu-
ally. After these processes, 650 pairs are generated
by performing an additional human inspection to
ensure that all pairs contain clear figures and cor-
rect captions. Table 2 presents all domain names,
figure types, and data statistics. Compared to ex-
isting datasets, HE4AFG already represents a rel-
atively broad domain coverage. It also covers a
variety of figure types, ranging from simple fig-
ures such as statistical analyzes charts to composite
figures such as multi-panel figures (mpf) where
distinct sub-figures share a common caption.

Domain Name Full Name Percentage
cs Computer Science 18.8%
econ Economics 14.8%
q-fin Quantitative Finance 13.7%
q-bio Quantitative Biology 10.3%
eess Electrical Engineering and Systems Science 12.2%
stat Statistics 9.9%
physics Physics 10.7%
math Mathematics 9.6%
Figure Category Full Name Percentage
spf single-panel figure 90.2 %
mpf multi-panel figure 9.8 %

Table 2: Key statistics of HE4AFG.

Evaluation Sample Generation. We then uti-
lize latest LMMs representing a variety of model
architectures and training strategies to generate the
evaluated samples. These models include GPT-5,
Qwen3, DALL-E, Llama1, and SD 3.5. Using each

1Following ScImage, we adopt the “text-code-image”
mode for Llama, i.e., the model first generates intermediate
codes (e.g., python) and then compiles them into images.
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Figure 2: Examples from HE4AFG. For each line-wise example, we present an input caption and five output figures generated
by distinct LMMs, each with the scores annotated by participants. Captions C1∼C4 represent different cases. C1: the captions
involving abstract concepts are challenging for all models (all have low scores). C2: fine-grained captions involving spatial,
quantitative, and attribute requirements show the disparity between models (some have high scores, while some have low scores).
C3: simple, clear captions are helpful to generate high-quality figures across distinct models (all have high scores). C4: if a
figure contains multiple subplots, its caption should clearly describe the purpose of each one (such as “For subplots B and I”).

collected caption, we generate five synthetic figures
through these models. This process results in a to-
tal of 3,900 evaluation samples (3,250 generated
samples + 650 original samples) in the final dataset.
Both domain diversity (e.g., 8 academic domains)
and model diversity (e.g., 5 generative LMMs) in-
herently help dilute the specific biases of individual
samples, making the dataset more representative.

Human Annotation. We represent a holistic
evaluation of caption-to-figure generation using
three criteria: scientific aesthetic (SA), topic rele-
vance (TR), and attribute correctness (AC). Each
criterion is rated on a scale of 1 to 5, with 5 being
the highest score. We employ a panel of 3 Ph.D stu-
dents from distinct disciplines, ensuring domain ex-
pertise in evaluating academic visualizations. We
provide each annotator with detailed annotation
guidelines (Appendix D.2). We assign each sample
to each annotator and calculate a mean of 3 par-
ticipants as the final score. We also calculate the
averaged weighted kappa value for all sampled in-
stances and get a high score of 0.81, demonstrating
good agreement between data specialists. We tax
the value of our evaluation at roughly 900 USD,
with up to 3 annotators involved for up to 15 hours
each, all working for 20 USD per hour, on average.

4 Evaluation Model: HE4AFG-E

HE4AFG-E achieves the estimation of the caption-
figure alignment by maximizing consistency. These
training objectives combine rich learning signals
from matched and mismatched caption-figure pairs.
Therefore, we develop a task-aligned training
framework, comprising three phases based on con-
trastive learning, to incorporate the features of aca-
demic figures into existing generative models.

4.1 Training Data Curation
Positive Example Generation. Since our target
is to train HE4AFG-E to assign a relatively high
score for aligned caption-figure pairs while a rel-
atively low score for those unaligned, we need to
construct positive examples (positives) and nega-
tive examples (negatives). We use ArXivCap (Li
et al., 2024) as the source dataset. Specifically, we
randomly select 32K caption-figure pairs ⟨C,F ⟩
that span 32 academic domains (we select 1K for
each domain). Each caption-figure pair in ArXiv-
Cap comes from real ArXiv papers, thus regarded
as a positive example ⟨CG, FG⟩ (i.e., gold pair).

Negative Example Generation. As Fig.3
shows, we perform the following steps:

(1) Aesthetic Negatives: Because aesthetic eval-
uation is relatively subjective (there are no proper
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Figure 3: Training data generation for HE4AFG-E. (1) We
use gold caption-figure pairs ⟨CG, FG⟩ as positives. (2) We
construct aesthetic negatives ⟨CG, FA⟩ via human ratings. (3)
We create relevance negatives ⟨CR, FG⟩ / ⟨CG, FR⟩ via adver-
sarial filtering. (4) We build correctness negatives ⟨CC , FG⟩ /
⟨CG, FC⟩ via object modifications. (5) We generate textual
feedback on figure quality FQ to train HE4AFG-R later.

automation tools yet), we manually annotate the
aesthetic quality score of the figures in the training
set and then select those with low scores as nega-
tives. Specifically, we construct a small subset of
figures ({F1, F2, ..., Fn}) and assign an aesthetic
score ranging from 1 to 5 to each figure. To con-
struct hard negatives, for a gold caption CG, we
first calculate its cosine similarity with each figure
Fi using the vanilla CLIP. When similarity exceeds
a certain threshold (e.g., 0.8), we select the fig-
ure FA (which is highly relevant to CG) with the
lowest aesthetic score, and produce a negative pair
⟨CG, FA⟩ in terms of aesthetic criterion.

(2) Relevance Negatives: Following SciFIBench
(Roberts et al., 2024), we generate hard negatives
in terms of topic relevance via adversarial filtering,
to further enhance the discriminative ability of the
model. Specifically, we select the caption-figure
pair most similar to ⟨CG, FG⟩ from the ArXivCap
dataset as follows: We first use CLIP to compute
the embedding for each caption; We then create
a vector database of caption embeddings using
Faiss (Douze et al., 2024); For each embedding,
we search for the nearest neighbor based on Eu-
clidean distance; Finally, we traverse the caption
CR that is best matched to the embedding of CG in
the vector dataset and then find the figure FR that is
paired with CR from ArXivCap. Thus, we generate
two negative pairs ⟨CR, FG⟩ and ⟨CG, FR⟩.

(3) Correctness Negatives: We first generate CC

by making a minor revision to CG. Specifically,
we adopt an attribute dictionary D from ScImage
(Zhang et al., 2025a), which defines key elements
(e.g., objects, attributes, spatial relations, etc) rel-

evant to scientific images (Appendix C). Using
a dictionary-based approach enables controllable
modifications to the original caption while achiev-
ing the goal of generating hard negatives. We se-
lect only one attribute from D at a time and ran-
domly assign it a valid value. Because CC is almost
identical to CG, it is infeasible to select a nearest
neighbor solution like ⟨CR, FR⟩. Thus, we use a
lightweight image editor (e.g., SEED-X (Ge et al.,
2024)) to generate a new figure FC given both FG

(as input figure) and CC (as editing requirements).
After this, we generate two negative pairs ⟨CC , FG⟩
and ⟨CG, FC⟩ in terms of correctness.

4.2 Training HE4AFG-E (SA, TR, AC)

We train three pairs of textual encoders
CLIP

SA/TR/AC
t and visual encoders

CLIP
SA/TR/AC
v using aspect-sensitive train-

ing data under the scientifically adapted CLIP
(SCLIP). Specifically, we use positive pairs
(such as ⟨CG, FG⟩) and negative pairs (such as
⟨CG, FA⟩/⟨CG, FR⟩/⟨CG, FC⟩) for contrastive
learning. During inference, given a pair ⟨C,F ⟩,
an aspect-specific score will be derived by
s(CLIP

SA/TR/AC
t (C), CLIP

SA/TR/AC
v (F )),

where s is the cosine similarity function.
SCLIP is designed to be more sensitive to sci-

entific details. The idea of contrastive learning is
to bring positive pairs closer while pushing neg-
ative pairs apart. Due to multimodal input, we
leverage the intra-modal (LIM ) and cross-modal
(LCM ) contrastive loss. (1) The insight in LIM

is to keep the representations of these samples as
far as possible in the feature space. Specifically,
we define LIM in two scenarios: LIMt (text) and
LIMv (visual). Let ZCT

and ZCF
be feature vectors

of CT and CF respectively, where CT (T – True)
represents a positive caption such as CG while CF

(F – False) represents a negative caption such as
CR. Then, LIMt can be derived by s(ZCT

,ZCF
).

Similarly, we calculate LIMv using visual feature
vectors. (2) The insight in LCM is to bring the pro-
jected representations of an aligned caption-figure
pair as close as possible and also to keep an un-
aligned caption-figure pair as far as possible. Thus,
we define LCM in two scenarios: LP

CM (positive)
and LN

CM (negative). First, we can define LP
CM

based on two aligned caption-figure pairs ⟨CT , FT ⟩
and ⟨CF , FF ⟩: LP

CM = exp(s(ZCT
,ZFT

)/τ) +
exp(s(ZCF

,ZFF
)/τ) (“exp” is the exponential

function and τ is a temperature parameter). We can

44410



HE4AFG-R

 Feedback Data 

FQ

CGFC

CaptionFigure

Figure Quality 

Feedback

Given the prompt: <caption>. Please 

evaluate the quality of the image 

<figure>. Identify any elements that 

do not match the prompt and explain 

why they are unfaithful.

Feedback Instruction

AFG

Model

The [attribute] of the object 

is [correct-value] instead of 

[erroneous-value].

 Feedback Template

FQi Fi

Fi+1

Step2: Instruction 
Fine-tuning

Step3: Iterative 
Figure Generation

Step1: Feedback 
Template Filling

Figure 4: Overall, HE4AFG-R first fine-tunes a feedback generator (left) and then employs it to iteratively guide AFG (right).

also define LN
CM based on two pairs of unaligned

caption-figure ⟨CT , FF ⟩ and ⟨CF , FT ⟩: LN
CM =

exp(s(ZCT
,ZFF

)/τ) + exp(s(ZCF
,ZFT

)/τ). Re-
ferring to the InfoNCE loss (van den Oord et al.,
2018), we generate the final LCM by connecting
LP
CM (maximized) and LN

CM (minimized) with a
negative logarithmic function. Finally, we integrate
LCM and a weighted LIM : L = LCM + λLIMt +
(1− λ)LIMv , where λ is a weight parameter.

4.3 Extension to Multi-Panel Figures
We design an extension scheme that employs a
three-stage progressive approach to evaluate multi-
panel figures (mpf ). Specifically, it takes an mpf
and its shared caption as input and outputs a fi-
nal aggregate result. Stage 1, Panel Segmentation.
We utilize detection models (e.g., Detectron2 (Wu
et al., 2019)) to automatically identify sub-figure
regions within mpf and extract figure labels (e.g.,
flow chart, statistical chart), while handling shared
elements (such as legends and axes) to prevent
over-segmentation. Stage 2, Panel-Caption Align-
ment. We first utilize LLMs (e.g., SciBERT (Belt-
agy et al., 2019)) to parse the shared caption and
decompose it into sub-figure description fragments.
We then use object detection tools (e.g., YOLOv8
(Ultralytics, 2023)) to identify key visual objects
within each panel. We last select the most appro-
priate caption fragment for each panel according
to multimodal similarity mechanisms (e.g., CLIP-
Score (Hessel et al., 2021)). Stage 3, Single-Figure
Evaluation. After Stages 1∼2, each evaluation sam-
ple is in single-figure scenarios. Thus, we are able
to use HE4AFG-E to assess each sub-pair and gen-
erate a final score (e.g., averaging over the scores
achieved for sub-pairs). This extension scheme ele-
vates HE4AFG-E from a single-figure evaluation
to an effective evaluation of composite figures.

5 Refinement Model: HE4AFG-R

We also present HE4AFG-R (Fig.4) which gener-
ates and then uses feedback to continuously im-

prove the precision of the figures. This establishes
a beneficial cycle: evaluation facilitates generation,
and generation renders evaluation more valuable.

Step1: Feedback Template Filling. An object
part that violates the required attribute binding is
called “unfaithful element”, which enables eval-
uators to pinpoint specific inaccuracies in model-
generated content. We use these elements as an
explicit signal of figure quality feedback (FQ).
Specifically, we compare the input caption CG and
the output figure FC and then generate FQ sam-
ples using a pre-defined template such as “The
[attribute] of the object is [correct-value] instead of
[erroneous-value]”), where the slots can be filled
with the items identified from CG and FC . E.g., the
caption CG specifies “seven green dashed lines”,
but the figure FC shows “seven red dashed lines”,
thus generating a specific sample such as “The
[color] of the object is [green] instead of [red]”.

Step2: Instruction Fine-tuning. Supervised
Fine-Tuning (SFT) is a technique that conducts
targeted training on a pre-trained large model using
labeled data, enabling the model to better adapt
to specific applications. Therefore, we fine-tune
mPLUG-owl3 (8B) (Ye et al., 2025) as a feedback
generator using the feedback samples generated.

Step3: Iterative Figure Generation. We de-
sign a feedback-based iterative process to enhance
figure generation. Concretely, we first use the fine-
tuned mPLUG-owl3 to generate a current feedback
FQi conditioned on the gold caption CG and the
current figure Fi. Then, we use FQi as a refine-
ment instruction for the AFG model to correct the
errors in Fi while assuming that the generation is
ongoing. Next, we integrate the new figure Fi+1

and CG to start the next iteration. This enables us
to leverage feedback that represents a relevant and
meaningful quality assessment to guide generation.
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Model1 cs econ q-fin q-bio eess stat physics math
Closed-source LMMs

GPT-4V (68.3, 63.2, 68.9) (52.8, 50.1, 53.1) (58.5, 55.4, 58.3) (60.4, 57.8, 62.6) (64.3, 60.9, 64.9) (56.3, 52.8, 57.1) (68.4, 67.6, 68.9) (62.1, 59.2, 63.0*)
GPT-4 Turbo (68.8, 62.7, 69.0) (51.1, 48.8, 53.4) (57.3, 54.7, 58.1) (59.4, 56.7, 59.9) (65.5, 62.3, 66.4) (54.9, 51.0, 55.0) (63.2, 60.4, 63.9) (67.2, 64.5, 67.5)
GPT-4o (71.7, 66.8, 72.3) (58.8, 55.6, 59.4) (64.4, 61.7, 64.4) (64.7, 61.9, 65.6) (70.5, 67.8, 70.4) (63.2, 60.0, 64.5) (68.8, 65.9, 68.7) (63.9, 60.1, 64.8)
Gemini Pro Vision (57.8, 53.0, 58.0) (42.0, 39.4, 43.0) (48.3, 45.5, 49.1) (50.1, 46.8, 50.8) (55.0, 51.7, 55.7) (46.1, 42.6, 46.8) (53.2, 52.6, 54.3) (56.0, 53.4, 56.9)
Gemini 1.5 Pro (71.2, 66.7, 70.4) (58.3, 55.4, 58.5) (64.5, 62.1, 65.0*) (64.4, 61.2, 65.0) (70.0, 66.8, 70.1) (60.3, 57.8, 60.8) (67.8, 66.1, 67.4) (64.1, 61.7, 64.8)
Claude 3 Haiku (57.4, 51.3, 59.0) (43.8, 40.9, 46.0) (49.2, 46.8, 50.0) (49.7, 45.9, 49.8) (55.9, 53.1, 56.4) (41.7, 36.6, 42.4) (50.8, 48.3*, 51.4) (58.2, 55.8, 58.6)
Claude 3 Opus (59.0, 53.7, 59.6) (44.3, 42.0, 47.0) (50.5, 48.4, 50.9) (49.8, 47.5, 50.5) (50.9, 49.1, 51.5) (44.5, 44.1, 45.6) (54.6, 52.5, 55.0) (58.2, 56.4, 59.1)

Open-source LMMs
IDEFICS-9b-Instruct (23.9, 21.7, 26.4) (13.5, 13.2, 17.4) (19.1, 20.8*, 22.0) (21.3, 21.0, 25.7) (25.9, 25.4, 26.7) (17.3, 15.9, 19.0) (23.1, 24.5*, 25.8) (28.2, 28.0, 29.6)
IDEFICS-80b-Instruct (26.6, 25.0, 28.6) (14.5, 13.0, 18.3) (28.4, 26.8, 29.6) (24.9, 23.0, 28.8) (29.8, 26.9, 30.2) (24.6, 22.4, 26.3) (28.6, 26.8, 30.2) (34.0, 31.6, 33.7)
Emu2 (24.3, 22.6, 25.8) (18.5, 15.9*, 24.0) (17.7, 17.0, 18.7) (24.6, 22.5, 25.6) (26.9, 24.9, 27.5) (16.3, 16.0, 18.4) (22.5, 21.6, 23.6) (30.3, 28.7, 32.6)
InternLM-XComposer-7b (38.7, 36.5*, 39.0) (29.4, 28.2, 31.3) (35.3, 33.9, 36.0) (35.5, 35.0, 36.8) (34.2, 33.7, 36.0) (33.1, 31.8, 36.7) (39.4, 38.2, 39.9) (40.9, 39.4, 41.7)
InstructBLIP-FlanT5-xl (39.3, 37.7, 40.4) (29.5, 29.0, 30.6) (31.0, 30.4, 32.2) (35.5, 33.5, 35.5) (41.9, 38.9, 42.6) (33.7, 30.6, 36.0) (39.7, 38.9, 41.6) (37.9, 37.8, 40.2)
InstructBLIP-Vicuna-7b (41.3, 39.2, 43.6) (25.7, 25.4, 26.6) (37.4, 36.8, 38.3) (37.6, 38.2, 37.9) (40.5, 37.9, 40.9) (35.5, 34.9, 37.2) (41.1, 40.8, 41.3) (44.7, 43.5, 45.6)
InstructBLIP-Vicuna-13b (41.4, 39.3, 42.0) (31.7, 30.5, 32.6) (37.0, 35.5, 37.8) (37.5, 36.4, 38.4) (42.0, 40.9, 43.0) (27.8, 26.6, 30.9) (41.8, 38.9, 40.9) (45.4, 44.7, 45.6)
Qwen-VL-Chat (27.6, 25.8, 28.9) (17.6, 15.2, 25.6) (23.1, 21.8, 27.6) (26.8, 24.9, 28.9) (32.7, 31.9, 33.3) (21.7, 20.0, 22.9) (30.8, 27.9, 30.6) (34.9, 32.6, 35.3)

Text-Image Alignment Metrics
CLIPScore (42.8, 40.5, 43.6) (31.5, 30.6, 32.0) (39.6, 38.5, 39.9) (39.7, 38.9, 40.2) (45.6, 43.7, 47.0) (37.8, 37.0, 39.6) (40.0, 39.1, 41.4) (41.0, 39.6, 41.5)
VQAScore (40.5, 38.8, 42.0) (32.2, 30.4, 34.7) (39.3, 35.8, 40.6) (39.2, 37.4, 40.7) (43.1, 39.1, 42.6) (36.5, 33.5, 38.2) (37.7, 34.8, 39.1) (45.0, 41.7, 47.4)
BLIP2Score (42.3, 41.1, 43.8) (32.5, 30.9, 36.1) (37.0, 36.6, 37.9*) (39.5, 39.2, 40.4) (45.4, 45.2, 48.3) (37.5, 36.6, 38.9) (39.1, 39.0, 40.7) (45.5, 45.4, 47.5)
TIFA (45.0, 42.6, 46.6) (33.4, 33.0, 34.9) (39.7, 39.2*, 40.7) (39.5, 39.6, 40.6) (45.6, 45.6, 45.8) (37.5, 36.9, 38.8) (41.4, 41.3, 42.5) (45.7, 46.2, 46.3)

Our Evaluation Model
HE4AFG-E (ours) (73.8, 69.3, 73.9) (62.9, 59.1, 64.3) (68.4, 65.3, 68.7) (63.7, 59.0, 64.5) (72.7, 68.9, 72.3) (66.6, 62.9, 67.0) (71.1, 67.4, 72.4) (76.1, 72.4, 76.6)
1 We calculate SRCC using normalized annotation scores and model scores. All values are statistically significant due to p-value < 0.05 unless marked by ∗.

Table 3: Performance comparisons of the competitors on HE4AFG. We report the SRCC values (%) across three dimensions
(TR, AC, SA) for each model and each domain. The higher, the better. The column-wise highest value is highlighted in green.

6 Experiments

6.1 Experimental Setup
Training & Evaluation Datasets: we train
HE4AFG-E/R using our curated data sourced from
ArxivCap. We evaluate HE4AFG-E/R and all
compared methods on HE4AFG. All experiments
of our model on HE4AFG were completed in 3
hours (2.5 hours for training and 0.5 hours for in-
ference) on 4 NVIDIA A100 GPUs. Competi-
tors: we select a rich set of 19 competitors that
can be categorized into three groups (Appendix
F): (1) Closed-Source LMMs: GPT-4V (OpenAI,
2023a), GPT-4 Turbo (OpenAI, 2023b), GPT-4o
(OpenAI, 2024), Gemini Pro Vision (Anil et al.,
2023), Gemini 1.5 Pro (Reid et al., 2024), Claude 3
Opus (Anthropic, 2024), and Claude 3 Haiku (An-
thropic, 2024). (2) Open-Source LMMs: IDEFICS
(Laurençon et al., 2023), Emu2 (Sun et al., 2024),
InternLM-Composer (Team, 2023), InstructBLIP
(Dai et al., 2023), and Qwen-VL (Bai et al., 2023).
(3) Existing Text-Image Alignment Metrics: CLIP-
Score (Hessel et al., 2021), VQAScore (Lin et al.,
2024), BLIP2Score (Li et al., 2023) and TIFA (Hu
et al., 2023). The mainstream LMMs (e.g., GPT-
4o), while not tailored to our task, represent state-
of-the-art (SOTA) approaches in the field. Their
performance indicates how well general-purpose
large models transfer to our task. The details of ex-
perimental settings (including computational cost,
model versions, hyperparameter, and training &
inference details) can be found in Appendix E.

6.2 Main Findings
Each evaluator is asked to output three scores
(TR, AC, SA). For all output scores, we calcu-

late the Spearman Ranking Correlation Coefficient
(SRCC) (Appendix E.1). We report the results of
HE4AFG-E and 19 competitors across 8 academic
domains in Table 3. The confidence intervals (CI)
are 95%. This reveals a significant positive associ-
ation (e.g., SRCC = 0.741, 95% CI [0.724, 0.757],
p < 0.05). The key findings are as follows:

HE4AFG-E performs best. It significantly out-
performs all other competitors, including GPT-4o,
in 7 out of 8 domains. This shows the perfor-
mance advantages and generalization of HE4AFG-
E across various domains. Among the weaker mod-
els, Gemini 1.5 Pro performs on a par with GPT-4o.
The weakest models are IDEFICS and Emu2, show-
ing great room for improvement.

Closed-source models are noticeably better
than open-source models. Considering the CS
subset, there is a difference of 30.3%/27.5%/30.3%
in terms of TR/AC/SA between the result of the
best closed-source model (GPT-4o) and that of
the best open-source model (InstructBLIP-Vicuna-
13b). Moreover, InstructBLIP-13b under-performs
the worst closed-source model (Claude 3 Haiku).

Performance does not necessarily scale with
model size. Considering the models for which we
evaluate multiple checkpoint sizes (e.g., IDEFICS,
InstructBLIP, etc.), we find that the larger model
does not significantly outperform its smaller check-
point in our task. This shows that a larger model
(e.g., greater than 10b) is not necessary, especially
when more practical factors (e.g., reference time
and storage overload) are concerned.

HE4AFG-R is effective. Table 4 illustrates the
performance gain of an AFG model (e.g., SD)
in different iterations, evaluated by GPT-4o and
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HE4AFG-E. The core findings include: (i) Overall,
the AFG model achieved noticeable performance
gains across all three quality dimensions after three
iterations. The performance boost is concentrated
primarily in Iteration 1. Subsequent iterations (2
and 3) show a trend of diminishing marginal re-
turns. (ii) Both GPT-4o and HE4AFG-E show
highly consistent trends. (iii) TR scores rose from
2.94 (Initial) to 3.11 (Iteration 1), finally reaching
3.21 at Iteration 3. It indicates that iterative opti-
mization significantly improved the model’s core
ability to understand feedback and generate bet-
ter content. (iv) AC scores improved significantly
from 2.49 (Initial) to 2.90 (Iteration 1), stabilizing
around 2.98. This dimension saw the most dra-
matic progress. The initial score was the lowest.
After iterations, the AC score approached the 3.0
mark, which indicates a qualitative increase in vi-
sual quality. (v) SA scores steadily rose from 3.31
(Initial) to 3.52 (Iteration 3). SA is the strongest
dimension for this model (highest scores) and its
steady growth indicates that the model maintains
strong stylistic semantic during generation.

The AFG Model (SD) TR AC SA
(5-Point scale)↑ GPT-4o HE4AFG-E GPT-4o HE4AFG-E GPT-4o HE4AFG-E

SD (Initial) 2.56 2.94 2.70 2.49 3.27 3.31
SD (after 1 iteration) 2.77 3.11 3.01 2.90 3.35 3.49
SD (after 2 iterations) 2.83 3.20 3.08 2.97 3.44 3.51
SD (after 3 iterations) 2.83 3.21 3.07 2.98 3.42 3.52

Table 4: Results that show how HE4AFG-R improves AFG.

6.3 Ablation Study

HE4AFG-E is not a pipeline approach; therefore,
we did not conduct ablation study on individual
modules. The three components HE4AFG-E (TR,
AC, SA) are trained independently, using different
training data. As Table 5 shows, we perform an
ablation study on the temperature parameter τ over
the range (0.05, 0.07, 0.1, 0.2, 0.5, 1.0). Finally, we
set τ as 0.07 for the best performance. Similarly,
we conduct an ablation test on the weight parameter
λ over the range (0.1, 0.3, 0.5, 0.7, 0.9) and finally
determine λ = 0.5 for the best performance.

τ (temperature) SRCC (TR, AC) λ (weight) SRCC (TR, AC)

0.05 (72.8, 68.1) 0.1 (69.0, 64.8)
0.07 (73.8, 69.3) 0.3 (72.8, 68.1)
0.1 (73.5, 68.8) 0.5 (73.8, 69.3)
0.2 (71.0, 66.5) 0.7 (72.5, 67.9)
0.5 (68.7, 62.3) 0.9 (68.3, 63.1)
1.0 (63.4, 58.3) - -

Table 5: Ablation test of super-parameters on the CS subset.

6.4 In-Depth Analysis

(I) Effectiveness on existing datasets. To vali-
date the generalization of HE4AFG-E, we experi-
ment with previous expert-annotated datasets: (1)

Q-Eval-100K (Zhang et al., 2025b), which assesses
the alignment level for text-to-vision. We use
60k natural figures to perform evaluations at both
instance-level and model-level, following the origi-
nal paper. (2) ScImage (Zhang et al., 2025a), which
provides expert-level annotations to assess scien-
tific text-to-image. We use 3,000 images from the
entire dataset. Notably, the input text of both two
datasets is synthetic prompts instead of real cap-
tions. Observed in Table 6, our model consistently
outperforms other competitors in these scenarios.

Model Q-Eval-100K (Natural figures) ScImage (Scientific figures)
SRCC (%)↑ Instance-level Model-level Correctness Relevance
TIFA 59.8 81.3 30.3 39.2
CLIPScore 77.0 95.8 27.4 36.7
InstructBLIP-13b 76.6 93.3 27.0 37.4
GPT-4o 81.5 95.4 40.3 49.3
HE4AFG-M (ours) 82.3 96.5 45.2 53.2

Table 6: Results of top competitors on existing datasets.

(II) The AFG ability of LMMs. We further
analyze the AFG ability of 5 LMMs used in our
dataset. The results are presented in Table 7. Scores
of {Human, GPT-4o, HE4AFG-E} averaged across
instances are shown, along with the diff between
human and model scores (the smaller the better).
We find that: (1) GPT-5 performs best, while SD
3.5 performs worst. This shows the disparity be-
tween LMMs; (2) Based on diff scores, our model
generates results closer to humans than GPT-4o.

(III) Results on 650 original pairs. Reporting
only aggregated scores over 3,900 samples might
obscure the model’s performance on high-quality
faithful data. For this, we evaluate competitive
methods strictly on the 650 original caption-figure
pairs. These results in Table 8 show that: (1) Val-
idation of robustness. Even when restricted to
the high-quality “original” subset where figures
are known to be faithful to captions, HE4AFG-E
still significantly outperforms strong baselines like
GPT-4o (e.g., +3.4/+2.3/+2.7 points in TR/AC/SA).
This confirms that our model’s superiority is not
an artifact of the expanded dataset (3,900 total)
but holds true for rigorous, real-world academic
samples (650 original). (2) Addressing the aggre-
gation concern. Comparing the results in Tables 3
and 8, we observe that the relative ranking of the
models remains consistent. HE4AFG-E maintains
its lead in both settings. This suggests that while
current LMMs do struggle with the harder gener-
ated samples (Table 7), HE4AFG-E is capable of
distinguishing quality across both easy (original)
and hard (generated) distributions. (3) Clarification
of the benchmark design. Including the 3,250 gen-
erated samples serves as a necessary stress test to
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Topic Relevance: 4.7
Attribute Correctness:  3.4
Scientific Aesthetic:  3.0

In a bar chart, a red bar is to the 

right of a yellow bar, and the 

leftmost bar is the tallest in the chart.

Caption y = 3^{x} and its inverse 

function.

There is an oval in the lower 

right corner of a square.

Two lines divide the dots into three clusters. 

Mark the upper left cluster in pink, the middle 

cluster in orange, and the last one in green.

Error: Spatial Mismatch Error: Quantity MismatchError: Attribute Mismatch Error: Other Mismatch

HE4AFG-E

AFG 

Model

Figure

Topic Relevance: 4.5
Attribute Correctness:  3.8
Scientific Aesthetic:  3.8

Topic Relevance: 3.5
Attribute Correctness:  3.0
Scientific Aesthetic:  4.2

Topic Relevance: 4.3
Attribute Correctness:  4.0
Scientific Aesthetic:  4.0

Figure 5: Case study (I). For each sample, HE4AFG-E generates three aspect-specific scores. Typical error types can be
observed (unfaithful parts of the output figure to the input caption are highlighted in red).

 HE4AFG-E

InstructBLIP 13b
TR: 3.4 (±0.6)
AC: 4.0 (±0.7)
SA: 4.0 (±1.0)

TR: 4.2 (±0.2)
AC: 3.6 (±0.3)
SA: 3.3 (±0.3)

TR: 3.6 (±0.4)
AC: 3.5 (±0.2)
SA: 3.7 (±0.7)

 GPT-4o

Financial Economics Supply-Demand 

Equilibrium Diagram Illustrating the 

demand curve and supply curve for 

the turkey market.

Proportion distribution across 

different industries (manufacturers, 

services, etc.) during each 

establishment period (1990–2020, 

every 5 years).

In the field of data structures, an 

undirected graph consisting of 6 

nodes, where each node can only 

be connected by exactly 2 edges.

A small ball falls from a table 1.4 

meters high and bounces to a height of 

0.7 meters. The trajectory of the ball's 

fall and rebound is represented by a 

dark green dotted line.

Score

TR: 4.0 AC: 3.3 SA: 3.0Human

(Computer Science) (Economics) (Quantitative Finance) (Physics)

TR: 3.8 (±0.8) 
AC: 3.2 (±0.8)
SA: 3.0 (±0.7)

TR: 4.7 (±0.1)
AC: 4.2 (±0.2)
SA: 4.1 (±0.4)

TR: 4.1 (±0.5)
AC: 4.8 (±0.8)
SA: 4.0 (±0.3)

TR: 2.7 (±2.3)
AC: 3.0 (±2.0)
SA: 4.0 (±1.0)

TR: 5.0 (±0.0)
AC: 5.0 (±0.0)
SA: 4.8 (±0.2)

TR: 4.8 (±0.2)
AC: 4.0 (±1.0)
SA: 4.4 (±0.6)

TR: 4.2 (±2.2)
AC: 3.3 (±1.3)
SA: 4.5 (±1.5)

TR: 2.5 (±0.5)
AC: 1.7 (±0.3)
SA: 3.7 (±0.7)

TR: 3.0 (±1.0)
AC: 2.8 (±0.8)
SA: 4.0 (±1.0)

InstructBLIP 13b

 GPT-4o

Human

InstructBLIP 13b

 GPT-4o

Human

InstructBLIP 13b

 GPT-4o

Human

Caption

AFG 

Model

Figure

 HE4AFG-E  HE4AFG-E  HE4AFG-E

TR: 4.6 AC: 3.0 SA: 3.7 TR: 5.0 AC: 5.0 SA: 5.0 TR: 2.0 AC: 2.0 SA: 3.0

Figure 6: Case study (II). For each sample, we present the model scores and compare with human scores (i.e., diff).

LMMs TR AC
(5-Point scale)↑ Human GPT-4o HE4AFG-E Human GPT-4o HE4AFG-E

GPT-5 3.42 3.61 (+0.19) 3.47 (+0.05) 3.10 3.40 (+0.30) 2.94 (-0.16)
Qwen3 3.36 3.62 (+0.26) 3.52 (+0.16) 3.01 3.35 (+0.34) 2.87 (-0.14)
LLAMA 2.94 3.48 (+0.54) 3.12 (+0.18) 2.51 3.01 (+0.50) 2.66 (+0.15)
SD 3.5-Medium 2.83 2.56 (-0.27) 2.94 (+0.11) 2.43 2.70 (+0.27) 2.49 (+0.06)
DALL-E 3.12 3.52 (+0.40) 3.36 (+0.24) 2.96 3.31 (+0.35) 2.88 (-0.08)

Table 7: Overall performance of LMMs. Scores averaged
across instances are shown, along with the score differences.

differentiate evaluators. If we only used the 650
original pairs, the gap between the weaker evalua-
tors and the stronger ones would be less discrim-
inative. The expanded set reveals the ceiling of
current evaluation capabilities, while the original
set confirms baseline reliability.

Model TR AC SA

TIFA 41.2 40.3 42.6
CLIPScore 39.6 38.3 40.7
InstructBLIP-13b 36.2 33.4 38.4
GPT-4o 62.5 60.7 65.6
HE4AFG-E (ours) 65.9 63.0 68.3

Table 8: Results on the 650 original pairs.

6.5 Case Study
We present some qualitative results. In Fig.5,
we show the score samples generated only by
HE4AFG-E. It is observed that the model demon-
strates robust performance in distinguishing image
quality, irrespective of caption complexity. Mean-
while, the score results also shed light on certain
error patterns, such as inaccuracy in spatial rela-

tionships, attribute binding, or numerical values.
In Fig.6, we compare the scores generated by 3
best-performing models from distinct groups. In
particular, we selected representative figures from
different domains to validate the domain adapta-
tion. The highlighted in red show that HE4AFG-E
correlates more closely with human judgment than
other competitors (including GPT-4o), further con-
firming its reliability as an automatic model.

7 Concluding Remarks

The proposed dataset (HE4AFG) and its accompa-
nied models (HE4AFG-E/R) address the critical
need for a comprehensive, reliable evaluation plat-
form (see broader impact in Appendix G). First,
its fine-grained assessment provides quantitative
scores, enabling researchers to pinpoint specific in-
accuracies in the generated content. Second, lever-
aging lightweight scientifically adapted encoders,
HE4AFG-E achieves high performance with signif-
icantly lower computational cost than large-scale
valuators such as GPT-4o. Third, the work sup-
ports adaptation to new academic domains and inte-
gration with various backbone models, positioning
the proposed dataset & models as a practical solu-
tion for evolving multimodal scientific tasks.
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Limitations

Despite its effectiveness, our work has certain
limitations that point to promising directions.

First, reliance on synthetic negative samples. In
the data construction phase, we manufacture neg-
ative samples by modifying correct captions (e.g.,
altering attributes or quantities) or using image edit-
ing models to generate mismatched images, instead
of directly collecting a large number of human-
scored, real erroneous figures. Although this can
produce hard negatives, the errors generated by
modifying the correct captions via dictionary re-
placement or specific instruction editing are often
“artificial” or “idealized” compared to the typical
error distribution of real generative models in ac-
tual inference. Real model hallucinations are of-
ten complex and unstructured (e.g., logical errors,
physically impossible structures).

Second, dependency on multi-panel figure seg-
mentation. For complex figures containing multiple
sub-figures, we use detection models to slice the
figure into individual sub-figures before evaluating
them separately. This construction method couples
the accuracy of the image segmentation with the
evaluation dataset. If the segmentation model fails
(e.g., cuts the boundaries incorrectly), the subse-
quent “caption-to-subfigure” evaluation samples
are inherently flawed. This results in noise within
the ground truth of the evaluation dataset.
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The appendix is structured as follows:

• Comparison between real captions and
synthetic prompts in Section A.

• Details of related work in Section B.

– Scientific image datasets in
Section B.1.

– Evaluation metrics in Section B.2.

• Details of training data in Section C.

• More details of HE4AFG in Section D.

– More Examples of academic
figures in Section D.1.

– Data annotation guidelines in
Section D.2.

• Details of experimental settings in
Section E.

– SRCC and statistical significance
in Section E.1.

– Computational cost in Section E.2.
– Model versions in Section E.3.
– Hyperparameter in Section E.4.
– Inference details in Section E.5.

• Details of compared methods in
Section F.

• Broader impact in Section G.

A Real Captions vs Synthetic Prompts

The dataset most related to HE4AFG is ScIm-
age, which provides expert-level annotations to
assess scientific text-to-image generation. How-
ever, HE4AFG uses real captions as input instruc-
tions, which originate from real scientific papers,
while ScImage uses synthetic prompts as input in-
structions, which are created by simple and limited
templates. We further compare these two types of
input instructions in Table 9, suggesting the bene-
fits of using real scientific captions.

B Details of Related Work

Scientific images are often represented in vari-
ous forms, including visualization figures (Roberts
et al., 2024) (e.g., line plots, flowcharts, and model
diagrams), raster figures (Li et al., 2025) (consist-

ing of pixels), and vector graphics (consisting of
basic geometric elements such as points, lines, and
curves) (Yang et al., 2025). For simplification, we
will not strictly distinguish these types and uni-
formly refer to them as “scientific images”.

B.1 Scientific Image Datasets

Scientific Image Captioning Datasets. Various
caption-image benchmarks have been developed
aimed at scientific domains. SciCap (Hsu et al.,
2021) contains more than 2M figures extracted
from more than 290,000 computer science arXiv
articles published between 2010 and 2020. Multi-
modal ArXiv (Li et al., 2024), consisting of ArX-
ivCap and ArXivQA, aims to improve the aca-
demic understanding of LMMs. ArXivCap is a
caption-figure dataset comprising 6.4M figures and
3.9M captions, sourced from 572K ArXiv papers
spanning various academic domains. Drawing
from ArXivCap, ArXivQA, a question-answering
dataset, is generated by prompting GPT-4V based
on academic figures. SciFIBench (Roberts et al.,
2024) is an academic figure interpretation bench-
mark consisting of 2,000 questions split between
two tasks (question answering and figure caption-
ing). The questions are curated from arXiv paper
figures and captions, using adversarial filtering to
find hard negatives and human verification for qual-
ity control. CharXiv (Wang et al., 2024) is a com-
prehensive evaluation suite that consists of 2,323
natural, challenging, and diverse charts from aca-
demic articles. Each chart is paired with two types
of questions: (1) descriptive questions about exam-
ining basic chart elements and (2) reasoning ques-
tions that require synthesizing information across
complex visual elements in the chart.

Scientific Text-to-Image Datasets. General-
purpose text-to-image models have made signif-
icant strides in scientific domains. Belouadi et al.
(Belouadi et al., 2024) proposed the use of TikZ, a
well-known abstract graphics language that can be
compiled into vector graphics, as an intermediate
representation of scientific figures. Thus, they in-
troduced DaTikZ, the first large-scale TikZ dataset
consisting of 120k TikZ drawings aligned with cap-
tions. Vector graphics (VG), on the other hand,
offer a textual representation of visual content that
can be more concise and powerful for content. Zou
et al. proposed VGBench (Zou et al., 2024), a
comprehensive benchmark for LLMs on handling
vector graphics through various aspects, including
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Aspect Real Captions Synthetic Prompts

Semantic Accuracy (a) Written by humans, accurately describing ac-
tual content; (b) More precise text-image align-
ment; (c) Reduces "hallucination" problems.

(a) May contain model-inferred or fabricated in-
formation; (b) May have semantic deviations; (c)
Prone to generating inaccurate descriptions.

Language Quality (a) More natural expression, following human
daily language habits; (b) Human-reviewed and
fewer grammatical errors; (c) Richer context, in-
cluding implicit information such as academic
culture, research objectives, etc.

(a) May inherit biases from training data; (b) In-
volves semantically ambiguous templates or style
descriptions; (c) Tends to ignore diversity.

Detail Description Usually contains specific object names and at-
tributes, as well as accurate spatial relationship
descriptions.

May use vague vocabulary leading to over-
generalization and ignore key visual details lead-
ing to information loss.

Table 9: Comparison between real captions and synthetic prompts.

visual understanding and generation, evaluation of
various vector graphics formats, diverse question
types, etc. ScImage is a benchmark designed to
evaluate the multimodal capabilities of LLMs in
generating academic figures from textual descrip-
tions. ScImage (Zhang et al., 2025a) assesses three
key dimensions of understanding: spatial, numeric,
and attribute comprehension, as well as their com-
binations. Science-T2I (Li et al., 2025) is an expert-
annotated adversarial dataset comprising adversar-
ial 20k figure pairs with 9k prompts, covering many
different categories of academic knowledge. Using
Science-T2I, the authors presented SciScore, an
end-to-end reward model that assesses hallucina-
tions of academic knowledge in generated figures.

B.2 Evaluation Metrics

LMM-as-a-Judge. The emergence of LMMs has
triggered extensive research in model evaluation on
diverse aspects such as text-figure alignment, figure
quality, complex reasoning, evaluation efficiency,
and explainability, etc. Roughly most LMMs can
take interleaved text and figures as input and there-
fore be used to evaluate text-to-figure and figure
captioning tasks. Using GPT-4 as the technology
behind the visual capabilities, GPT-4V (OpenAI,
2023a) is fine-tuned with additional data, using
an algorithm called reinforcement learning from
human feedback. GPT-4o (OpenAI, 2024) is also
especially better at vision and audio comprehen-
sion compared to existing models. The Gemini
family (Anil et al., 2023; Reid et al., 2024) exhibits
remarkable capabilities in understanding figures,
audio, video, and text, suitable for applications
ranging from complex reasoning tasks to use-cases
requiring limited memory on-devices. Using Qwen-
LM as the foundation, Qwen-VL (Bai et al., 2023)
is endowed with visual capacity by introducing a 3-

stage training pipeline. With simple modifications
to LLaVA, LLaVA-1.5 (Liu et al., 2024) achieves
stronger baseline performance by using CLIP-ViT-
L-336px and adding VQA data geared to scientific
tasks.

Task-specific Metrics. Specific metrics have
been proposed for text-to-image generation or im-
age captioning tasks. For example, VALOR-Eval
(Qiu et al., 2024) measures whether the generated
caption is faithful to the visual content by detecting
hallucinations of objects, attributes, and relation-
ships. TIFA (Hu et al., 2023) measures the faith-
fulness of a generated image to its text input via
visual question answering (VQA). Given a text in-
put, it can automatically generate question-answer
pairs and calculate the faithfulness of the figures
by checking the accuracy of existing VQA models.
Yescieval (D’Souza et al., 2025) uses LLMs as a
judge to evaluate the precision of scientific inquiry
tasks such as scientific QA. However, it cannot be
applied directly to evaluate scientific figure genera-
tion due to the disparity between tasks.

C Details of Training Data

Source Dataset. Starting from ArXivCap (Li et al.,
2024), we generate aspect-aware positive and nega-
tive examples to train HE4AFG-E. ArXivCap (Li
et al., 2024) is a caption-figure dataset compris-
ing 6.4M figures and 3.9M captions, sourced from
572K ArXiv papers spanning 32 academic domains.
Attribute Dictionary. When constructing correct-
ness negatives, we first generate a negative caption
CC by making a minor revision to the gold caption
CG. Specifically, we adopt the attribute dictionary
D from ScImage (Zhang et al., 2025a). D defines
key elements relevant to scientific figures, includ-
ing objects (e.g., square and circle), attributes (e.g.,
color and size), spatial relations (e.g., left, right,
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Figure 7: Figure examples for academic domains used in HE4AFG.

between), and numeric values (e.g., three, five, two
more). When selecting a descriptive word from
D, we first locate the specific list corresponding to
the word class and then randomly choose an item
from it. We define a set of query templates, where
each template is one or several sentences with one
or more placeholders. These placeholders are de-
signed to be filled with elements from D, which
may include objects, attributes, or relations. To
construct a minor revision to CG, we select a query
template and populate its placeholders with appro-
priate attributions from D. Finally, the revised CG

is recorded as the negative caption CC .

D More Details of HE4AFG

D.1 More Examples of Academic Figures

As Fig.7 shows, we provide a figure example for
each domain used in HE4AFG.

D.2 Data Annotation Guidelines

Human Scoring Criteria. As Table 10 shows,
we provide detailed scoring guidelines used in
HE4AFG. We also calculate the averaged weighted
kappa value for all sampled instances and get a
high score of 0.81, demonstrating good agreement
between data specialists.

E Details of Experimental Settings

E.1 SRCC and Statistical Significance

For all scoring dimensions, we use Spearman Rank-
ing Correlation Coefficients (SRCC) (Zar, 2005),
which measures the monotonic relationship be-
tween two variables on the basis of their ranked

values. Specifically, SRCC calculates how well
automated scores (x = (x1, ..., xn)) correlate with
human judgments (y = (y1, ..., yn)). A stronger
correlation indicates greater agreement between
prediction and reference.

SRCC = 1−
6

n∑
i=1

d2i

n(n2 − 1)
(1)

where di = rxi − ryi , and rxi , ryi denote the rank
of xi, yi.

To show statistical significance, we also report
the P-value (probability value), which is a number
describing the likelihood of obtaining the observed
data under the null hypothesis of a statistical test.

E.2 Computational Cost

All experiments of our models were completed
within 3 hours split between training (2.5 hours)
and inference (0.5 hours) on 2 NVIDIA A100
40GB GPUs.

E.3 Model Versions

As Table 11 shows, we use the specific versions
or Hugging Face checkpoints of all experimental
models.

E.4 Hyperparameter

We provide an overview of hyper-parameter set-
tings used during training. Key parameters, in-
cluding batch size, learning rate, and optimizer
configurations, are summarized in Table 12.
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Score Description
Topic Relevance

5 The figure contains no redundant objects (e.g., geometric shapes, OCR, and data points, etc).
4 The figure contains a few redundant objects but remains highly relevant to the text’s requirements.
3 The figure contains some redundant objects and some required elements.
2 The figure contains more redundant objects than required elements.
1 The overall figure is not relevant to the requirements.

Attribute Correctness
5 The figure fully meets all the requirements (objects, attributes, relations, numbers) with no mistakes.
4 The figure meets the key requirements (objects, attributes, relations, numbers), with only minor mistakes.
3 The figure meets some or half of the requirements (objects, attributes, relations, numbers), with some mistakes.
2 The figure meets only a few of the requirements (objects, attributes, relations, numbers) and contains serious mistakes.
1 The figure fails to meet the requirements (objects, attributes, relations, numbers) of the text.

Scientific Aesthetic
5 The figure fully meets all the requirements (clean, clear, vector-style) with no mistakes.
4 The figure meets the key requirements (clean, clear, vector-styles), with only minor mistakes.
3 The figure meets some or half of the requirements (clean, clear, vector-style), with some mistakes.
2 The figure meets only a few of the requirements (clean, clear, vector-style) and contains serious mistakes.
1 The figure fails to meet the requirements (clean, clear, vector-style) of the text.

Table 10: Human scoring guidelines for data annotation of HE4AFG.

Model Version / HF Checkpoint
Closed-source LMMs

GPT-4V (OpenAI, 2023a) gpt-4-vision-preview
GPT-4 Turbo (OpenAI, 2023b) gpt-4-turbo-2024-04-09
GPT-4o (OpenAI, 2024) gpt-4o-2024-05-13
Gemini Pro Vision (Anil et al., 2023) gemini-pro-vision
Gemini 1.5 Pro (Reid et al., 2024) gemini-1.5-pro-001
Claude 3 Haiku (Anthropic, 2024) claude-3-haiku@20240307
Claude 3 Opus (Anthropic, 2024) claude-3-opus-20240229

Open-source LMMs
IDEFICS-9b-Instruct (Laurençon et al., 2023) huggingfaceM4/idefics2-8b
IDEFICS-80b-Instruct (Laurençon et al., 2023) huggingfaceM4/idefics2-80b
Emu2 (Sun et al., 2024) BAAI/Emu2
InternLM-XComposer-7b (Team, 2023) InternLM/InternLM - XComposer - 7b
InstructBLIP-FlanT5-xl (Dai et al., 2023) salesforce/instructblip- flan-t5-xl
InstructBLIP-Vicuna-7b (Dai et al., 2023) salesforce/instructblip- vicuna-7b
InstructBLIP-Vicuna-13b (Dai et al., 2023) salesforce/instructblip-vicuna-13b
Qwen-VL-Chat (Bai et al., 2023) Qwen/Qwen-VL-Chat

Our Models
HE4AFG-E (SCLIP) openai/clip-vit-base-patch32
HE4AFG-R (SFT) mplugOwl3-8B

Table 11: Running configurations for all models.

Hyper-parameters HE4AFG-E
batch size 64
learning rate 2 x 10−6

learning rate schedule cosine
weight decay 0.3
training steps 500
warmup steps 150
optimizer AdamW

Table 12: Hyper-parameter settings.

E.5 Inference Details

Diverse score scales. For convenience in human
scoring, we use the 5-Point Likert scale ({1, 2, 3, 4,
5}) for data annotation. However, when examining
LMMs as evaluators, we require them to produce a
score between 0 and 1, so that the predicted results
can exhibit more subtle differences. Therefore, we

first normalize all human scores in the range [0,
1] using the Min-Max method (Jain et al., 2005)
and then calculate SRCC using normalized human
scores and direct model scores.

Diverse model outputs. Each LMM is asked to
output a relevance score, a correctness score, and
an aesthetic score. However, some metrics (e.g.,
CLIPScore, VQAScore, BLIP2Score, and TIFA)
can only generate a total faithfulness score. As
usual, we use these merged scores as a hypothetical
score regarding some dimension (TR, AC, SA) to
calculate SRCC.

F Details of Compared Methods

In this paper, we compare HE4AFG-E with 19
competing metrics, which can be divided into the
following categories.
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(1) Closed-Source LMMs. Using GPT-4 as the
technology behind the visual capabilities, GPT-4V
(OpenAI, 2023a) is fine-tuned with additional data,
using an algorithm called reinforcement learning
from human feedback (RLHF) to produce outputs
that are preferred by human trainers. GPT-4 Turbo
(OpenAI, 2023b) supports a 128K context window
and new multimodal capabilities on the platform,
including vision, figure creation, and text-to-speech
(TTS). GPT-4o (OpenAI, 2024) matches the per-
formance of GPT-4 Turbo in English and code text,
while being much faster and cheaper in the API.
GPT-4o is especially better at vision and audio
comprehension compared to existing models. The
Gemini family (Anil et al., 2023) exhibits remark-
able capabilities in understanding figures, audio,
video, and text, suitable for applications ranging
from complex reasoning tasks to use-cases requir-
ing limited memory on-devices. In particular, Gem-
ini 1.5 Pro (Reid et al., 2024) represents the next
generation of highly compute-efficient multimodal
models capable of recalling and reasoning over fine-
grained information from millions of tokens of con-
text, including multiple long documents and hours
of video and audio. The Claude 3 series includes
three advanced models, each designed to excel in
various cognitive tasks and applications. For exam-
ple, Claude 3 Opus (Anthropic, 2024) demonstrates
near-human comprehension and fluency in com-
plex tasks, particularly effective in nuanced content
creation, code generation, and multi-language con-
versations, while Claude 3 Haiku (Anthropic, 2024)
is the fastest and most cost-effective in its category,
making it ideal for rapid information retrieval and
analysis.

(2) Open-Source LMMs. IDEFICS (9/80B)
(Laurençon et al., 2023) is the vision and lan-
guage model trained on the OBELICS dataset,
an open web-scale filtered dataset of interleaved
figure-text documents comprising 141 million web
pages extracted from Common Crawl. Emu2 (37B)
(Sun et al., 2024) is trained on large-scale mul-
timodal sequences with a unified auto-regressive
objective, showing strong multimodal in-context
learning abilities. InternLM-Composer (104B)
(Team, 2023) is pre-trained on a large corpora
with 1.6T tokens with a multi-phase progressive
process, and then fine-tuned to align with human
preferences. InstructBLIP (Dai et al., 2023) con-
ducts vision-language instruction tuning based on
the pretrained BLIP-2 models and introduces the

instruction-aware Query Transformer, which ex-
tracts informative features tailored to the given
instruction. Using Qwen-LM as the foundation,
Qwen-VL (Bai et al., 2023) is endowed with visual
capacity by introducing a 3-stage training pipeline.

(3) Text-Image Alignment Metrics. We also
compare with fundamental text-image alignment
models. For instance, CLIPScore (Hessel et al.,
2021) is a widely-used evaluation metric that mea-
sures the alignment between an figure and text
prompt by calculating the cosine similarity of the
figure and text embeddings. With its tight focus on
figure-text compatibility, CLIPScore is complemen-
tary to existing reference-based metrics that empha-
size text-text similarities. Similarly, BLIP2Score
(Li et al., 2023) is based on the BLIP2 text-figure
alignment. However, recent studies reveal some
limitations of CLIPScore, e.g., it fails to produce
reliable scores for complex prompts involving com-
positions of objects, attributes, and relations. To
address this, VQAScore (Lin et al., 2024) is intro-
duced by using a visual-question-answering (VQA)
model to produce an alignment score by comput-
ing the probability of a “Yes” answer to a simple
“Does this figure show [text]?” question. Its in-
house model, CLIP-FlanT5, outperforms even the
strongest baselines that make use of the propri-
etary GPT-4V. Specific metrics are also proposed
for text-to-figure generation or figure captioning
tasks. For instances, TIFA (Hu et al., 2023) mea-
sures the faithfulness of a generated figure to its
text input via VQA. Specifically, given a text input,
it can automatically generate question-answer pairs
and calculate figure faithfulness by checking the
accuracy of existing VQA models.

G Broader Impact

Theoretically, this work represents a fundamen-
tal yet emerging research direction aimed at de-
veloping automatic faithfulness evaluation met-
rics for academic figure generation and interpre-
tation, which is highly significant for understand-
ing the alignment between multimodal content and
academic semantics in the fields of computer vi-
sion (CV) and natural language processing (NLP).
Since human evaluation of academic caption-figure
alignment is both costly and time-consuming, it is
crucial to establish reliable and interpretable au-
tomatic evaluation metrics that strongly correlate
with human judgments. However, existing faith-
fulness metrics—such as CLIPScore, TIFA, and
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VALOR-EVAL—are primarily designed for natu-
ral figures and lack the specificity required for aca-
demic domains. Moreover, large multimodal mod-
els (LMMs) like GPT-4o, although powerful, are
often too large and expensive for widespread use.
To address these limitations, we propose HE4AFG,
a high-quality evaluation benchmark that incor-
porates academic domain-aware training via con-
trastive learning and rationale generation. To our
knowledge, our work first proposes a novel eval-
uation dataset & model specifically designed for
academic figure tasks and encourages future work
to improve evaluation in academic domains.

Practically, HE4AFG addresses the critical need
for a domain-specific, reliable, and actionable eval-
uation base in academic multimodal AI. First,
it provides fine-grained assessment, allowing re-
searchers to pinpoint specific inaccuracies—such
as misrepresented data trends or incorrect object at-
tributes—in model-generated content. Second, by
leveraging lightweight adapted encoders and a com-
pact LMM for feedback generation, HE4AFG-E
achieves high performance with significantly lower
computational cost than large-scale evaluators such
as GPT-4o, making it feasible for widespread use in
resource-constrained environments. Third, exten-
sive validation on HE4AFG shows that our model
correlates more closely with human judgment than
19 competing metrics, confirming its reliability as
an automatic and human-aligned evaluator. Finally,
the dataset is highly flexible and scalable: it sup-
ports easy adaptation to new academic domains,
integration with various backbone models, and ex-
pansion with additional training data, positioning it
as a practical and sustainable solution for evolving
academic multimodal tasks.
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