
Findings of the Association for Computational Linguistics: EMNLP 2026, pages 22475–22494
October 24-29, 2026 ©2026 Association for Computational Linguistics

CapGeo-Bench: Decoupling Visual Perception from Reasoning and
Evaluating Geometric Understanding

Yuying Li1*, Siyi Qian2∗, Hao Liang2∗, Leqi Zheng1, Ruichuan An2,
Linzhuang Sun3, Jiajun Zhang4, Wentao Zhang2†

1Tsinghua University, 2Peking University, 3University of Chinese Academy of Sciences,
4University of Science and Technology of China

liyuying25@mails.tsinghua.edu.cn wentao.zhang@pku.edu.cn

Abstract

While Multimodal Large Language Models
(MLLMs) have achieved remarkable success
in difficult purely textual mathematical reason-
ing tasks, even advanced closed-source models
such as GPT-o3 still struggle with geometric
problems. This discrepancy motivates us to
investigate the root cause: is the bottleneck
of multimodal geometric reasoning rooted in
reasoning itself, or in the perception of geo-
metric information from diagrams? To answer
this question, we conduct an exploratory ex-
periment and find that providing high-quality
captions consistently and substantially boosts
performance of MLLMs, empirically validat-
ing the visual perception bottleneck in geomet-
ric reasoning. However, MLLMs’ capabilities
in visual geometric perception remain insuf-
ficiently evaluated. To fill the gap, we pro-
pose CapGeo-Bench, a benchmark of 4,641
high-quality figure–caption pairs equipped with
a fine-grained keypoint-based evaluation met-
ric. Specifically, CapGeo-Bench encompasses
three geometric classes and is devided into four
difficulty levels according to the complexity
of geometric primitives. Captions are scored
at a fine-grained level by extracting keypoints
along three dimensions-geometric elements,
spatial relationships, and numerical attributes.
CapGeo-Bench provides a reliable instrument
and guideline for evaluating and advancing
MLLMs’ geometric perception capabilities.
Our code and data are publicly available at:
https://github.com/YuYingLi0/CapGeo.

1 Introduction

Although LLMs and MLLMs have achieved
promising results across diverse tasks (Bai et al.,
2025a; Yao et al., 2024b; Zheng et al., 2026), mul-
timodal reasoning remains a central challenge. Ge-
ometric benchmarks such as MathVerse (Zhang
et al., 2024b), MathVista (Lu et al., 2023), and
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GeoQA (Chen et al., 2021) further underscore this
limitation: even GPT-o3 and Gemini2.5-Pro (Gem-
ini Team, Google DeepMind, 2025) often struggle
to solve geometry-related problems. In contrast,
they demonstrate much greater stability and accu-
racy in text-only reasoning tasks such as the Interna-
tional Mathematical Olympiad (IMO) (Huang and
Yang, 2025) and International Physics Olympiad
(IPhO) (Qiu et al., 2025). This stark discrepancy
raises a critical question- What exactly are the bot-
tlenecks that constrain the multimodal geometric
reasoning of the existing MLLMs?

As shown in Figure 1, MLLMs fail to obtain
clear geometric conditions from visual input, pro-
ducing hallucinations or mismatches that derail sub-
sequent reasoning. In contrast, when accurate cap-
tion is supplied, GPT-o3 reasons correctly. Inspired
by this observation and relevant research (Wei et al.,
2024a; Chen et al., 2025a), we think that imperfect
visual perception—rather than reasoning itself—is
the dominant factor constraining geometric reason-
ing under current difficulty levels.

To verify this hypothesis, we design CapGeo,
a caption-assisted reasoning setup that decouples
perception from reasoning. Specifically, we system-
atically compare model performance under three
input modalities: Image-only, Caption-only, and
Caption+Image. As shown in Table 2, reasoning
models equipped with GPT-o3-generated captions
yields dramatic and consistent improvements over
the Image-only baseline on MathVerse. We further
conduct two ablation studies to rule out alternative
explanations like textual prior knowledge and any
specific template design. Together, these results
empirically confirm that visual perception, rather
than reasoning, is the bottleneck of multimodal
geometric reasoning for current MLLMs.

This finding also aligns with a recent trend
in multimodal reinforcement learning, where re-
searchers explicitly inject perception-level super-
vision or description-based reward signals into the
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Question & Answer:
As shown in the figure, then angle ACD =()
A:20°            B:30°
C:40°            D:70°

Ground Truth 

mismatch

hallucination

Vision Error Type

1.  A, B, C and D lie on the circle, ABCD is a cyclic quadrilateral.
2.  The 140° marked in the figure is the inscribed angle ∠ADB. 
3.  ...∠ACB + ∠ADB = 180°, ∠ACB = 180° – 140° = 40°.
4.  The two inscribed angles ∠ACB and ∠ACD are subtended by 
the same chord AB...∠ACD is 40°. Choice: C

O3 Model Response

...Given that angle AOB=140 degrees, then angle ACB=1/2 
* 140=70 degrees...Since OA=OB, then the angles 
OAB=OBA and OAB + OBA=180-AOB=180-140=40 
degrees...Since triangle OAB is isosceles... Angle CAD is 
equal to angle CBD. ACD=ABD=OBA+CBD=OB-
A+CAD. Let ACD be x... Then ACD = 40. Choice: C

Gemini Model Response

•  An inscribed angle measures half of the measure of the arc it intercepts.  
1.  Because AB is a diameter, the whole lower semicircle B-A measures 180°.
2.  The central angle ∠BOD is 140°, so the minor arc BD also measures 140°.
3.  Therefore the remaining part of the lower semicircle, arc DA, is 180° − 140° = 40°...
5.  Hence ∠ACD = ½ · (measure of arc AD) = ½ · 40° = 20°.
Therefore, ∠ACD = 20°, and the correct choice is  A. 20°

In the circle with centre O, let AB be a diameter.  Points C and D are additional points on the circumference such that C lies on the 
upper arc AB and D lies on the lower arc AB.  Chords AC, AD, BC and CD are drawn. The central angle ∠BOD equals 140°

Caption

O3 reasoning with Caption

Claude Model Response

There's a circle with points A, B, C, and D on it... There's an angle 
of 140° marked at point D... Looking more carefully at the diagram, 
the 140° appears to be angle ADB ... From the figure, I can see 
that ABCD is a cyclic quadrilateral , and the 140° appears to be 
marking the arc AD...The answer is D.

Figure 1: Bad Cases in Mathverse. The upper shows the incorrect results of MLLMs. Mismatch means generated
relationship exists, but the relationship subjects mismatch. After caption assistance, GPT-o3 reasons correctly.

training (Xing et al., 2025; Chen et al., 2025b;
Xiao et al., 2025; Xia et al., 2025). However, how
systematically measure the quality of geometric
captions and geometric perception capability of
MLLMs is still a blank area. Existing benchmarks
and metric for general image captioning fall short
for geometry, where descriptions must faithfully
encode elements, spatial relations, and numerical
constraints. To fill this gap, we introduce CapGeo-
Bench, a benchmark of 4,641 high-quality geo-
metric figure–caption pairs spanning three geomet-
ric classes and four difficulty levels. We further
propose a keypoint-based fine-grained evaluation
framework that scores captions along three dimen-
sions—elements, spatial relationships, and numer-
ical attributes—providing a principled metric for
diagnosing MLLMs’ geometric perception. Com-
prehensive experiments on CapGeo-Bench reveal
that current MLLMs still struggle with geomet-
ric captioning, particularly in the numerical di-
mension. Moreover, a joint analysis shows that
CapGeo-Bench scores are strongly correlated with
downstream reasoning performance, confirming its
reliability as a perception evaluation tool.

Our contributions are summarized as follows:

• We conduct an exploratory experiment via
CapGeo, a caption-assisted reasoning setup
that decouples perception from reasoning.

Comprehensive comparisons across three in-
put modalities verify that visual perception,
rather than reasoning, is the bottleneck of mul-
timodal geometric reasoning.

• Motivated by this finding, we release CapGeo-
Bench, a high-quality benchmark of 4,641 ge-
ometric figure–caption pairs covering a broad
spectrum of categories and difficulty levels,
dedicated to evaluating MLLMs’ geometric
information extraction capability.

• We propose a novel keypoint-by-keypoint
geometric caption evaluation method that
scores captions along three fine-grained di-
mensions validated by multiple mathemat-
ics experts. This method provides a princi-
pled, interpretable, and reproducible metric
for diagnosing MLLMs’ geometric percep-
tion. Scores on CapGeo-Bench show a strong
correlation with downstream reasoning per-
formance, further confirming the reliability of
our evaluation framework.

2 Related Work

2.1 MLLMs Reasoning

Recently, The performance of MLLMs shone
brightly. High-performance MLLMs include Ope-
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Figure 2: Overview of CapGeo-Bench. AG: Analytic Geometry, PG: Plane Geometry, SG: Solid Geometry

nAI’s o3 (OpenAI, 2025), Qwen2.5-VL series (Bai
et al., 2025b), and LLaVA series (Liu et al., 2023).

Current paradigms for enhancing multimodal
reasoning capabilities of MLLMs encompass (Li
et al., 2025): (1) Multimodal Chain-of-Thought
(MCoT), which employs prompt engineering to
guide LLs through step-by-step reasoning pro-
cesses (Zhang et al., 2023; Jia et al., 2024b; Wei
et al., 2024b; Gao et al., 2024); (2) Multimodal-
o1 models (Zhang et al., 2024a; Yao et al., 2024a;
Thawakar et al., 2025); (3) Multimodal-R1 mod-
els (Liu et al., 2025; Shen et al., 2025).

2.2 Geometric Reasoning

The research on multimodal geometric reasoning
emerge constantly. G-LLAVA (Gao et al., 2023)
trained the G-LLaVA model using the geometric
synthesis dataset Geo170K; and MMGeoLM (Sun
et al., 2025) constructed positive and negative sam-
ple pairs for contrastive learning training. Bench-
marks such as MathVista (Lu et al., 2023) and
MathVision (Wang et al., 2024) assess the geo-
metric reasoning capabilities of MLLMs in multi-
ple geometric domains. Some research explores
the pseudo-visual phenomena in existing MLLMs,
such as MathVerse (Zhang et al., 2024b).

Compared with studies like Describe-then-
Reason (Jia et al., 2024a) framework, CapGeo is
designed for exploratory experiment. It decouples
perception from reasoning, providing conditions
for a deep analysis of the performance differences
under different input modalities to verify our view.

2.3 Image Captioning

Image captioning is a fundamental direction in
Computer Vision. Broadly speaking, there are

two main approaches: (i) direct caption genera-
tion. In the era of MLLMs, enhancing the caption-
ing capabilities of MLLMs remains a significant
focus for many researchers (Zhang et al., 2024c;
Lee et al., 2024; Zheng et al., 2024). Meanwhile,
the evaluation of image captions itself has also be-
come an important research direction (Dong et al.,
2024; Sarto et al., 2025); (ii) OCR-based meth-
ods. For MLLMs, OCR focuses on extracting pre-
existing textual content from images. This capabil-
ity not only emphasizes information extraction per-
formance (Yang et al., 2021; Mathew et al., 2021;
Fu et al., 2024; Liu et al., 2024), but also high-
lights the reasoning ability required in real-world
scenarios (He et al., 2025; Huang et al., 2025).

Nevertheless, most studies target general natural
images. Some geometric datasets include captions,
but they lack evaluation (Peng et al., 2024). To
address this gap, we propose CapGeo-Bench.

3 CapGeo: An Exploratory Experiment
on the Perception Bottleneck

3.1 Experimental Design
CapGeo consists of two stages: a captioning stage
that converts geometric figures into textual cap-
tions, and a reasoning stage that consumes the cap-
tion (and optionally the original figure) for solving.

Captioning stage. We instruct the captioner to
describe all visual information in the figure using
formal geometric language. see Figure 7 for the
prompt template.

Reasoning stage. Given a question Q, the orig-
inal image I , and the generated caption C =
Caption(I), the reasoning model outputs an answer

A = MLLM(Q, I, C).
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Statistic Value

Total images 4,641

- Difficulty 1 1,816
- Difficulty 2 2,133
- Difficulty 3 495
- Difficulty 4 197

- Plane Geometry 4,023
- Analytic Geometry 517
- Solid Geometry 101

Maximum word 586
Average word 61.4

Table 1: CapGeo-Bench Statistics

PG
 86.7%

AG11.1%

SG
2.2%

T2
46.0%

T1
39.1%

T310.7%

T
4

4.2%

Figure 3: CapGeo-Bench Data Statistics Chart

By selectively masking I or C, we obtain three
input modalities: (i) Image only (Img): the con-
ventional vision-based setting; (ii) Caption only
(Cap): pure text-based reasoning; (iii) Caption +
Image (Cap+Img): joint multimodal input.

This controlled design allows us to disentangle
the contributions of perception and reasoning.

3.2 Experimental setup and result

Experimental setup. We employ four cap-
tioning models (GPT-o3, GPT-4o, Qwen2.5-VL-
72B-Instruct, Qwen2.5-VL-7B-Instruct (Bai et al.,
2025b)) and eight reasoning models spanning
both MLLMs (Claude-Opus-4 (Anthropic, 2025),
Gemini-2.5-pro (Gemini Team, Google Deep-
Mind, 2025), GPT-o3, Qwen2.5-VL-72B-Instruct,
Qwen2.5-VL-7B-Instruct) and LLMs (DeepSeek-
R1 (Guo et al., 2025), Qwen2.5-72B-Instruct, and
Qwen2.5-7B-Instruct (Bai et al., 2025a)). We eval-
uate on MathVerse (Zhang et al., 2024b) (Vision-
Only and Vision-Intensive), MathVista (Lu et al.,
2023) (geometry subset), and GeoQA (Chen et al.,
2021) (200 sampled problems). All models use
temperature 0.0 for deterministic output.

Verification. Table 2 presents results on Math-
Verse using GPT-o3 as the captioner, with full
results across all four captioners in Appendix B
and additional results on MathVista and GeoQA
in Appendix C. All consistently show that caption-
assisted reasoning substantially outperforms image-
only baselines. For instance, on MathVerse
(Vision-Only), Qwen2.5-VL-72B-Instruct surges
from 8.6% to 66.4%, and Claude-Opus-4 from
44.8% to 73.0%. Crucially, even text-only LLMs
(e.g., DeepSeek-R1, Qwen2.5-72B-Instruct) reach
performance comparable to MLLMs once captions
are supplied, indicating that captions carry suffi-

cient geometric information for reasoning.
Ablation 1: Ruling out textual priors. A

potential alternative explanation is that captions
merely activate the model’s textual prior knowl-
edge rather than truly conveying visual information.
To rule this out, we compare CapGeo’s Caption-
only setting against MathVerse’s native Text-only
setting, which provides only the textual question
(without image or caption) and thus precisely iso-
lates the pure textual prior. As shown in Table 4,
Caption-only consistently and substantially outper-
forms Text-only—e.g., Qwen2.5-VL-72B-Instruct
improves from 62.2% to 66.1% (Vision-Only) and
74.9% (Vision-Intensive). Since the Text-only set-
ting provides neither image nor caption, the model
can only rely on textual prior knowledge. The con-
sistent and substantial gap between Caption-only
and Text-only directly quantifies the contribution
of extracted visual information, ruling out textual
priors as the source of improvement.

Ablation 2: Ruling out template exploitation.
Another concern is whether the gains depend on a
specific captioning format. To address this, we re-
place our natural-style captions with a rigid JSON
schema that explicitly enumerates geometric ele-
ments, relationships, and numerical information
(Appendix D). We observe consistent performance
degradation across all reasoning models, indicating
that overly formalized representations disrupt the
semantic continuity that LLMs naturally exploit.
This confirms that CapGeo’s improvements arise
from accurate visual content extraction rather than
from exploiting any particular template design.

Together, these results robustly confirm our hy-
pothesis: visual perception, rather than reason-
ing, is the bottleneck of multimodal geometric
reasoning.
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Given triangles OAB and OCD, the two areas do 
not overlap. ... From point O, draw line OH perp-
endicular to BD, with foot at H.

In quadrilateral ABCD, point O is located inside the qua-
drilateral..  Point M is located on segment GH, and OM 
is perpendicular to segment GH.

Ground Truth Caption Model Response Caption

Three-Dimensional Keypoints Extraction​

Dimension 1: ground truth elements   (14 items)
triangle OAB...point O, line BD, line OG, line OH
Dimension 2: ground truth relations  (5 items)
line AC and line BD intersect at point M, line OG is perp-
endicular to AC...line OH is perpendicular to BD
Dimension 3: ground truth numericals  (0 items)
None

Dimension 1: model response elements
quadrilateral ABCD...point O, OG, OH, GH, OM
Dimension 2: model response relations
... OG is perpendicular to segment AB...point M is locat-
ed on segment GH, OM is perpendicular to GH
Dimension 3: model response numericals
None

Covered Keypoints Extraction​

Dimension 1: covered elements  (10 items)
point A, point C, point B, point D, point M, point O, line 
OG, point G, line OH, point H
Dimension 2: covered relations  (0 items)
None
Dimension 3: covered numericals  (0 items)
None

Ground truth Caption (3 Dimensional Keypoints)

Covered (3 Dimensional Keypoints)

compared
with

 ground
truth

hallucination

mismatch

Model Response Caption (3 Dimensional Keypoints) 

elements score = 10/14 = 0.71

relations score = 0/5 = 0

numericals score = 0(ignore)

Errors
in Model 

Response 
Caption

LLM

LLM

Figure 4: Overview of CapGeo-Bench Evaluation. Covered items in keypoints are marked by italics and underlining.

4 CapGeo-Bench: Grounding Geometric
Captioning Ability

The exploratory experiment confirms that geomet-
ric perception, manifested concretely as captioning
quality, is the dominant factor governing down-
stream reasoning accuracy. This finding motivates
a natural follow-up question - how can we systemat-
ically measure the geometric captioning—i.e., per-
ception—capability of MLLMs? Existing image-
captioning benchmarks are inadequate for geome-
try, which demands faithful encoding of elements,
spatial relations, and numerical constraints. To fill
this gap, we introduce CapGeo-Bench.

4.1 Benchmark Construction

Overview. To bridge the gaps in evaluating the
visual geometric information extraction capabili-
ties of MLLMs, we designs CapGeo-Bench. As
shown in Figure 3 and Table 1, CapGeo-Bench is a
benchmark comprising high-quality 4641 geomet-
ric images with corresponding bilingual (Chinese
and English) captions, covering 3 geometric classes
and 4 difficulty levels. The entire benchmark de-
sign process is shown in Figure 2.

Data Collection. To minimize potential con-
tamination from open-source data, we deliberately
avoided using publicly available datasets. Instead,

we curated a collection of geometric problems from
K-12 textbooks in China, encompassing classic
topics such as triangles, parallelograms, and cir-
cles, with difficulty levels ranging from middle
school exercises to competition problems. The
entire collection process was conducted in strict
compliance with copyright and licensing regula-
tions. We then employed the open-source detection
tool DocLayout-YOLO (Zhao et al., 2024) to auto-
matically extract geometric diagrams and manually
filtered out non-geometric figures. In total, we ob-
tained 5,000 high-quality geometric images.

Caption Annotation. To guarantee the accuracy
and quality of captions, we recruited annotators
with STEM backgrounds from Peking University,
one of the top universities in China, to perform
meticulous manual annotation. All annotators un-
derwent rigorous assessments of their mathemati-
cal and geometric proficiency, followed by multi-
ple rounds of training and pre-annotation exercises
to ensure compliance with the required standards.
During annotation, mathematics experts designed
a unified annotation instruction, including geomet-
ric image re-filtering rules and geometric caption
annotation principles. The complete procedures of
the whole workflow, together with detailed instruc-
tions, are provided in Appendix F.

A review team composed of three professional
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Models MLLMs LLMs

GPT-o3 Gemini-2.5 Claude-4 Qwen-VL-72B Qwen-VL-7B DS-R1 Qwen-72B Qwen-7B

Vision Only

Img 74.6 66.4 44.8 8.6 7.1 – – –
Cap 60.3 60.3 59.4 66.1 61.9 68.2 66.1 63.3
Cap+Img 75.8 73.6 73.0 66.4 60.0 – – –

Vision Intensive

Img 73.0 79.6 61.8 58.0 43.3 – – –
Cap 82.5 83.0 79.3 74.9 63.2 71.9 73.2 65.9
Cap+Img 78.3 85.4 85.5 72.6 60.3 – – –

Table 2: Performance on MathVerse with GPT-o3 as captioner. Full results in Appendix B.

Model Score
Dimension

Class Difficulty Overall Avg
AG PG SG T1 T2 T3 T4

GPT-o3
Element 69.0 55.1 49.5 57.4 54.8 34.6 32.1 56.0

38.4Relation 41.0 38.9 26.8 41.1 35.7 20.7 20.3 38.9
Numerical 7.8 20.8 52.8 24.1 14.2 13.3 0.0 20.4

GPT-4o
Element 64.0 53.2 49.4 54.6 54.6 51.6 50.8 54.2

30.4Relation 30.9 26.6 15.5 32.3 24.3 18.2 17.8 26.8
Numerical 19.2 9.3 24.5 12.2 10.1 3.5 3.6 10.2

Qwen2.5-VL
-72B-Instruct

Element 64.6 53.0 48.2 54.7 54.6 50.2 50.4 54.1
30.8Relation 33.2 28.5 20.0 33.4 26.9 20.8 18.4 28.9

Numerical 20.1 8.3 21.4 12.4 8.1 5.6 0.0 9.4

Qwen2.5-VL
-7B-Instruct

Element 58.1 44.6 31.9 47.0 46.3 45.8 44.3 46.5
24.2Relation 26.6 17.5 2.2 23.4 16.1 11.0 11.2 18.7

Numerical 17.7 5.9 42.9 8.7 7.5 2.6 0.0 7.4

Table 3: Captioning Model Performance on CapGeo-Bench grouped by Class and Difficulty.

reviewers conducts strict cross-checks on all data
annotation results. For annotations that fail the re-
view, they will be re-annotated and re-evaluated.
See Appendix F for details. We also adhere to
labour ethics during the whole annotation process,
ensuring all annotators were well-paid, with each
receiving 10 dollars per geometric figure annota-
tion. In the end, we obtained 4,641 high-quality,
contamination-free geometric image–caption pairs.

4.2 Keypoint-by-Keypoint Geometric Caption
Quality Evaluation

Although there are some metrics for evaluating im-
age captions quality (Vedantam et al., 2015; Ander-
son et al., 2016), due to the peculiarities of geomet-
ric captions, there is still no scientific, quantitative
and fine-grained metric for assessing geometric
captions quality generated by MLLMs.

Geometric figures are composed of basic geo-
metric elements through clear relationships. This
structural feature determines that geometric cap-
tions can be systematically deconstructed into key-
points set. This cognition is highly consistent with

the core idea of Geometric Formal Language (Lu
et al., 2021). Based on this, we design a keypoint-
by-keypoint geometric caption evaluation method
with three dimensional evaluation metrics and cor-
responding evaluation framework.

Evaluation Metrics. The abstract combina-
tion of geometric points, lines, and letters conveys
rich elemental, spatial, and numerical information.
Thus, for MLLMs’ captioning capability, we focus
on the following three dimensional metrics:
(1) Elements: evaluate whether MLLMs can com-
prehensively identify all elements and their corre-
sponding letter identifiers. The elements include
basic shapes, lines, points, coordinate axes, etc. In
Figure 4, Elements in Captions are underlined.
(2) Spatial Relations: evaluate whether MLLMs
can comprehensively identify all spatial relations
and their corresponding subjects. For specific de-
tails, See in Appendix G. In Figure 4, Spatial Rela-
tions in Captions are in italics.
(3) Numerical Relations: evaluate whether the
MLLMs can comprehensively identify all the nu-
merical relationships and their corresponding sub-
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jects. Like length, angle, etc.

Reasoning Model Text
Only

Cap Only (GPT-o3)

V-Only V-Intensive

Qwen2.5-VL-7B 51.3 61.9 63.2
Qwen2.5-VL-72B 62.2 66.1 74.9

Table 4: Caption-only vs. Text-only on MathVerse.

Evaluation Framework. As shown in Figure 4,
we decompose the evaluation framework into three
major steps: (1) Extract geometric elements key-
points set E, spatial relation keypoints set R, nu-
merical relation keypoints set N from both model
response captions Tc and ground truth Tg by LLM .
This can be expressed by the formula as

E, R, N = LLMextract(T )

See Figure 8 and Figure 9 for prompts for ground
truth and model response caption three dimensional
keypoints extraction.

(2) Identify covered items between ground truth
keypoints and model response caption keypoints.
Due to the varied expressions in natural language,
performing a direct intersection operation is rough
and insufficient. Therefore, we design prompt and
employ LLM to perform semantically equivalent
covered items extraction between the model re-
sponse caption and ground truth keypoints set for
each dimension. This process identifies semanti-
cally equivalent keypoints, which constitute the
TP set for that dimension. This can be expressed
by the formula as

TPE = Ec ∩ Eg = LLMmatch(Ec, Eg)

See Figure 10 for prompt for covered three dimen-
sional keypoints extraction of LLMmatch.
(3) The score S for each dimension is calculated
as macro F1. For a dimension k ∈ {E,R,N}, we
first calculate Precision (Pk) and Recall (Rk):

Pk =
|TPk|
|Kc|

, Rk =
|TPk|
|Kg|

The final score S is expressed by the formula as:

Sk =
2PkRk

Pk +Rk

We submitted the complete evaluation process
of 200 geometric captions to three domain experts
for independent review. The experts confirmed the
validity and reliability of the evaluation processes,
which verified the rationality of our method.

Reasoning Model Natural Structured

MLLMs
Qwen2.5-VL-7B-Instruct 32.4 31.6
Qwen2.5-VL-72B-Instruct 39.2 36.0

LLMs
Qwen2.5-7B-Instruct 32.6 31.9
Qwen2.5-72B-Instruct 38.2 35.5

Table 5: Ablation on caption style.

5 Experiments

To further evaluate the captioning capabilities of
different MLLMs, we perform a systematic evalu-
ation on CapGeo-Bench. We also conduct a joint
analysis linking CapGeo-Bench scores with down-
stream reasoning performance in CapGeo.

5.1 Experimental Setup

Models In CapGeo-Bench experiments, we
selected GPT-4o, GPT-o3, Qwen2.5-VL-72B-
Instruct and Qwen2.5-VL-7B-Instruct as evaluation
models and Gemini-2.5-pro as the as the model for
extracting keypoints and matching in section 4.2.

Settings For local model inference, we employed
the VLLM framework (Kwon et al., 2023). The
model temperature was fixed at 0.0 to minimize ran-
domness and ensure stable reasoning performance.

5.2 Experimental Analysis

Geometric captioning remains a significant chal-
lenge. Table 3 reports MLLMs’ scores across
three keypoint dimensions and four difficulty levels.
GPT-o3 attains the best overall average (38.4%),
while Qwen2.5-VL-72B-Instruct performs on par
with GPT-4o. Several notable patterns emerge: (1)
All models perform dramatically worse on the Nu-
merical dimension, often producing mismatches
between numerical values and their corresponding
geometric elements—even GPT-o3 achieves only
20.4% on this dimension. We think that spatial
relations rely on explicit physical connections, but
numerical values are "floating" text near geometric
components without explicit pointers, which make
it difficult for MLLM. (2) Performance degrades
sharply with increasing difficulty across all three
dimensions . (3) Plane Geometry remains espe-
cially challenging despite being the most common
category, underscoring the limited ability of cur-
rent MLLMs to extract information from highly
abstract and symbolic visual content.

These results reveal a substantial gap between
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MLLM capabilities and the reliable geometric per-
ception, establishing CapGeo-Bench as a challeng-
ing and discriminative benchmark.

Correlation - bridging CapGeo-Bench and
downstream reasoning. To verify that CapGeo-
Bench faithfully reflects perception capability, We
conduct a correlation analysis between Three-
dimensional average score of the Captioning Model
and the performance of the Reasoning Models it
assisted in Table 6. As shown in Figure 5, the two
are strongly positively correlated—that is, caption-
ers scoring higher on CapGeo-Bench consistently
produce captions that lead to better downstream
reasoning performance. This correlation (i) recon-
firms our hypothesis from a different angle—better
perception yields better reasoning—and (ii) Con-
firms CapGeo-Bench as a reliable evluation tool
for geometric understanding.
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Modality Conflict and Toxic Captions. Al-
though high-quality captioner improve the perfor-
mance, the observed abnormal drops need analysis.

Modality Conflict. As shown in 6, in Vision
Intensive, when using low-quality Captioners, the
performance of Cap+Img of the strong MLLMs is
lower than Cap Only. For example, for GPT-o3
assisted by captioner Qwen2.5-VL-7B-Instruction,
after adding the original image, the accuracy rate
drops sharply from 75.4% to 46.6%; similarly, on
MathVista, Claude-Opus’s performance unexpect-
edly drops from 73.1% to 65.7% when assisted by
GPT-4o. We think that when there is a contradic-
tion between the caption and the image, MLLMs
with stronger visual perception capabilities will suf-
fer from modality conflict and experience a decline
in performance. On the contrary, MLLMs with

weaker visual capabilities are insensitive to this
conflict, and their performance changes little.
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Toxic Captions. Under the Cap only setting, as
revealed in our Case Study I, some "toxic" captions
can mislead the reasoning model. For example,
when using captions generated by Qwen2.5-VL-
7B-Instruct in the Vision-Only tasks, some MLLMs
exhibit performance degradation.

In short, by introducing CapGeo-Bench, we
build a challenging benchmark that establishes a
new standard for the geometric captioning commu-
nity, encouraging future research to address these
limitations. Beyond serving as an evaluation bench-
mark, CapGeo-Bench’s fine-grained scoring natu-
rally lends itself as a reward signal source for RL
—an exciting direction for future work.

6 Conclusion

In this paper, we investigated the root cause of
the persistent weakness of MLLMs in multimodal
geometric reasoning. Using CapGeo as a con-
trolled probe, we empirically verified that the bot-
tleneck lies in visual perception rather than rea-
soning. Building on this finding, we proposed
CapGeo-Bench, a high-quality benchmark of 4,641
geometric figure–caption pairs equipped with a
fine-grained keypoint-based evaluation metric, de-
signed to systematically assess MLLMs’ geomet-
ric information extraction capability. Scores on
CapGeo-Bench show a strong positive correlation
with downstream reasoning performance, establish-
ing it as a powerful tool for evaluating geomet-
ric perception capability. Together, CapGeo and
CapGeo-Bench pave a new path for future advances
in multimodal geometric perception and reasoning.
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7 Limitations

Due to the influence and limitations of objective
factors and actual conditions, despite our best ef-
forts to avoid them, there are still some limitations
in this study. Firstly, the limited time and comput-
ing resources prevent our experimental framework
CapGeo from conducting a comprehensive evalua-
tion on all SOTA models and datasets. Secondly, al-
though CapGeo-Bench has taken strict measures in
terms of quality control, such as the screening and
training of annotators and the final review system,
the inherent inaccuracy in the manual annotation
process may still lead to minor mistakes and errors
in the dataset.
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A Prompt Appendix

In this section, we have detailedly listed all the
prompts used in the experiments of the articles. In
CapGeo, prompts related to captioning and reason-
ing are involved in Figure 8. In CapGeo-Bench,
the prompt related to captioning is involved in Fig-
ure 8, the prompt for keyword extraction during the
evaluation process is involved in Figure 9, and the
prompt for covered keypoints extraction is involved
in Figure 10. All prompts have been carefully and
scientifically designed and iterated through exper-
iments, and have been guided and verified by do-
main experts, resulting in excellent final effects.

B Full CapGeo Results with Additional
Captioners

For brevity, the main paper (Table 2) reports
CapGeo results using GPT-o3 as the captioner,
since it produces the strongest captions and thus
most clearly exposes the perception bottleneck.
Here we provide the full results with three ad-
ditional captioners (GPT-4o, Qwen2.5-VL-72B-
Instruct, Qwen2.5-VL-7B-Instruct) for complete-
ness in Table 6. The trends across all captioners
are consistent with the conclusions in the main text:
stronger captioners yield larger reasoning gains,
while weaker captioners can introduce modality
conflict and toxic captions.

C Full Results on MathVista and GeoQA

For brevity, the main paper focuses on MathVerse
to verify the perception bottleneck. We additionally
report CapGeo results on MathVista and GeoQA in
Table 7. Trends are consistent with the conclusions
in the main text: stronger captioners yield substan-
tial reasoning gains, and the gap between Image-
only and Caption-assisted settings reconfirms the
perception bottleneck.

D Ablation Study on Caption Style

A natural concern is whether the gains of CapGeo
stem from a specific captioning template rather than
from genuine visual information extraction. To
address this, we ablate two distinct caption styles
while keeping all other factors fixed:

• Natural Problem Reformulation (used in
our main experiments): the captioner is sim-
ply asked to “describe the complete geomet-
ric math problem in a clear and structured
format”, without enforcing any rigid schema.

The output naturally takes the form of a stan-
dard geometry problem statement (see Fig-
ure 7).

• Explicit Structured Decomposition: the
captioner is forced to output a symbolic
JSON schema that explicitly enumerates three
fields—Geometric Elements, Element Rela-
tionships, and Numerical Information.

We re-run CapGeo with both caption styles and
report results in Table 5.

We observe a consistent degradation when using
the highly structured JSON captions across all four
reasoning models. We attribute this to two factors:
(i) overly formalized JSON representations disrupt
the semantic continuity that (M)LLMs naturally
exploit during step-by-step geometric reasoning;
and (ii) rigid schemas can fragment relational in-
formation that is more naturally expressed in math-
ematical prose. This ablation provides two impor-
tant takeaways: (1) the gains observed in CapGeo
arise from the accurate extraction of visual infor-
mation, not from any specific captioning template;
(2) given the inherently formal nature of geometry,
asking the captioner for a natural mathematical-
style description is itself a mild and well-motivated
requirement, not a hand-crafted trick.

E Difficulty Classification

During the annotation process, the classification of
difficulty levels was determined by the complexity
of geometric diagrams, which aligns closely with
the core motivation of CapGeo-Bench: to evaluate
the capability of extracting geometric information.

Specifically, after reviewing all pre-screened ge-
ometric diagrams, we categorized them into four
difficulty levels—Simple (T1), Moderate (T2),
Complex (T3), and Challenging (T4)—based on
the intricacy of their elements and structural com-
position. Representative diagrams for each diffi-
culty level were provided to annotators to facilitate
consistent and accurate labeling.

F Annotation Instructions

To ensure the reliability and accuracy of the an-
notated data, we adopted a rigorous selection and
training process for annotators. Specifically, we re-
cruited candidates from top universities and ranked
them based on their high school mathematics per-
formance and scores on geometry reasoning tests,
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Reasoning
Model

Captioning
Model

w/o GPT-o3 GPT-4o Qwen2.5-VL
-72B-Instruct

Qwen2.5-VL
-7B-Instruct

Img Cap Cap+Img Cap Cap+Img Cap Cap+Img Cap Cap+Img

Vision Only

GPT-o3 74.6 60.3 75.8 54.6 67.8 60.3 64.6 28.7 37.3
Gemini-2.5-pro 66.4 60.3 73.6 57.1 56.6 62.2 60.5 37.2 37.8
Claude-Opus-4-20250514 44.8 59.4 73.0 51.8 48.5 60.9 57.9 29.7 36.7
Qwen2.5-VL-72B-Instruct 8.6 66.1 66.4 51.1 59.0 57.0 56.6 33.6 36.4
Qwen2.5-VL-7B-Instruct 7.1 61.9 60.0 45.9 51.5 52.7 49.4 31.0 35.2

DeepSeek-R1 – 68.2 – 57.1 – 62.3 – 36.5 –
Qwen2.5-72B-Instruct – 66.1 – 50.6 – 54.8 – 31.2 –
Qwen2.5-7B-Instruct – 63.3 – 47.1 – 53.4 – 31.5 –

Vision Intensive

GPT-o3 73.0 82.5 78.3 76.3 81.3 76.3 60.0 75.4 46.6
Gemini-2.5-pro 79.6 83.0 85.4 76.1 78.0 77.9 59.0 75.1 47.3
Claude-Opus-4-20250514 61.8 79.3 85.5 75.0 76.7 74.1 68.9 74.1 47.5
Qwen2.5-VL-72B-Instruct 58.0 74.9 72.6 66.5 64.8 70.3 71.6 62.6 62.7
Qwen2.5-VL-7B-Instruct 43.3 63.2 60.3 61.5 60.8 67.4 70.2 60.8 62.7

DeepSeek-R1 – 71.9 – 73.9 – 75.3 – 70.1 –
Qwen2.5-72B-Instruct – 73.2 – 65.6 – 69.7 – 62.3 –
Qwen2.5-7B-Instruct – 65.9 – 60.2 – 68.3 – 62.3 –

Table 6: Full CapGeo results on MathVerse with all four captioners across three input modalities.

Model MathVista GeoQA

- GPT-o3 GPT-4o Qwen-72B Qwen-7B - GPT-o3 GPT-4o Qwen-72B Qwen-7B

Claude-Opus-4-20250514 76.1 89.4 65.7 91.7 88.4 57.0 92.0 91.0 92.5 91.5
Gemini-2.5-pro-preview-05-06 94.9 96.3 95.8 98.1 97.7 90.0 95.0 96.5 97.0 97.5
GPT-4o 61.6 65.7 62.0 63.9 62.5 61.0 63.0 63.0 62.5 57.5
GPT-o3 93.1 94.9 94.0 94.4 95.8 92.5 94.5 94.5 93.5 95.0
Qwen2.5-VL-72B-Instruct 75.9 92.6 91.7 92.1 70.4 68.5 73.5 72.0 70.0 73.5

Table 7: Comparison of MLLMs on MathVista and GeoQA benchmarks with different captioning models.

ensuring sufficient mathematical reasoning and ge-
ometric spatial understanding capabilities.

Before undertaking the actual annotation tasks,
candidates went through two rounds of training
and pre-annotation. In the first stage, we pro-
vided comprehensive instruction covering the an-
notation objectives, guidelines, workflow, and qual-
ity standards, illustrated with detailed examples.
Candidates were then required to perform pre-
annotations on 10 geometric figures, which were
reviewed by expert examiners. The examiners iden-
tified both individual and common issues, which
were subsequently addressed in a second training
session. Afterward, candidates completed another
round of pre-annotation and review. Only those
who successfully passed both evaluations were
qualified as final annotators.

During the annotation process, annotators were

required to follow a rigorous Workflow.

• First, they assessed the quality and content of
the image to determine whether it was a valid
geometric figure; images that did not meet the
criteria were discarded.

• Next, annotators evaluated the type and diffi-
culty level of the geometric figure.

• Finally, annotators carefully examined the
construction logic, spatial relations, and nu-
merical information of the figure, and pro-
duced a logically structured caption that cov-
ered all information in the image without in-
troducing subjective hallucinations.

• For highly complex figures or when neces-
sary, annotators were instructed to consult the
original descriptions in the source PDF to en-
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sure the accuracy and reliability of the final
annotations.

Our Annotation instructions are as follows:

• Strict adherence to expert guidelines: An-
notators were required to strictly adhere to
unified guidelines designed by mathematics
experts.

• Quality control of visual materials: Redun-
dant, undescribable, or low-quality images
were to be discarded.

• Visual grounding of captions: All captions
had to be strictly grounded in the visual con-
tent of the figure, without introducing subjec-
tive interpretation or speculation.

• Consistent geometric terminology: Geomet-
ric terminology was required to remain con-
sistent, ensuring standardization and repro-
ducibility across annotations.

• Beyond surface-level description: Captions
were expected to go beyond surface-level el-
ements and capture essential geometric at-
tributes or spatial relations (e.g., for a mid-
point, not merely stating that a point lies on
a line, but explicitly indicating its geometric
significance).

• Hierarchical structure: Annotations were
required to follow a hierarchical structure, pri-
oritizing information according to geometric
construction logic rather than presenting items
indiscriminately.

• Fine-grained detail annotation: Fine-
grained details such as dashed lines, colored
segments, and area representations were also
mandated to be annotated, ensuring compre-
hensive and precise descriptions.

Annotation Principles and Ground Truth Def-
inition. In our study, the geometric elements con-
stituting the Ground Truth are strictly derived from
their presence in the caption descriptions. To en-
sure objectivity, the annotation process precludes
subjective interpretation of the diagrams. Instead,
annotators are instructed to adhere to the logi-
cal construction of the geometric diagrams as
described in the original source textbooks. This
ensures that all textual descriptions are firmly

grounded in the visual information provided by
the images.

Selection Criteria for Geometric Elements.
Based on the construction logic, we categorize la-
beled elements into two types: (1) Constructive
Elements, which are directly involved in the geo-
metric construction, and (2) Derivable Elements,
which can be inferred from existing logic. Only the
former are required to be labeled. The specific
protocols are as follows:

• Explicitly Marked Elements: Any element
that is explicitly marked in the diagram or
plays a direct role in the geometric construc-
tion sequence must be explicitly mentioned in
the caption.

• Implicit but Essential Elements: If an un-
marked point is essential to the subsequent
construction logic (e.g., the intersection point
of extended segments AB and CD, used as a
reference for further construction), it must be
described in the caption (e.g., denoted as “the
intersection point of AB and CD”).

• Incidental Intersections: Points that result
merely from the intersection of existing seg-
ments without participating in the logic of
geometric construction, and are not explicitly
marked, are excluded from annotation.

Protocol for Spatial Relationships Given the
interdependence of geometric relationships, our
annotation principle strictly follows the original
textbook’s logical framework rather than providing
an exhaustive enumeration of all deducible infor-
mation:

• Explicit Definition: If the textbook explicitly
states a relationship (e.g., “A is the midpoint
of BC”) and utilizes this for construction, it
is included in the caption.

• Logical Deduction: If the textbook describes
a condition that implies a relationship but does
not explicitly state it (e.g., “AD is the median
of BC with intersection point A”), we anno-
tate the median relationship but do not require
labeling A as the midpoint, even though it is
logically deducible.

Additional Annotation Details

• For Annotators, we initially recruited 100
candidates with STEM backgrounds from top
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universities, and after two rounds of training
and pre-annotation evaluations, we selected
24 formal annotators, with an additional 3 do-
main experts forming an independent review
team.

• For Data Filtering and Re-annotation
Rates, after automatic filtering by DocLayout-
YOLO, we ultimately retained 4,641 images
from the original 5,000, yielding a collection
pass rate of 92.8%. In the formal annotation
stage, approximately 18.3% of the first-round
annotations were returned for re-annotation
due to missing elements or imprecise relation
descriptions. For pre-adjudication agreement,
during the pre-annotation stage, Fleiss‘ Kappa
across the three dimensions of elements, re-
lations, and numericals were 0.43, 0.54, and
0.62 before training, and improved to 0.78,
0.81, and 0.86 after systematic training, fur-
ther reaching 0.83, 0.87, and 0.91 among the
24 selected formal annotators.

• For the Bilingual Process, the Chinese an-
notations were reviewed by experts, then in-
dependently translated into English by two
professional translators, and finally cross-
checked by an expert with overseas experience
to verify consistency and resolve any disagree-
ments, ensuring terminological uniformity.

Examination. To further ensure the quality and
consistency of the annotations, we implemented a
rigorous cross-review mechanism. All annotation
results were independently examined by a review
panel consisting of three expert evaluators. For
samples that failed the initial review, re-annotations
were conducted by different members of the anno-
tation team, and the revised results were resub-
mitted for review. This iterative process of cross-
annotation and review effectively ensured both ac-
curacy and consistency of the final annotations.

We adhere to labour ethics during the whole an-
notation process, ensuring all annotators were well-
paid, with each receiving 10 dollars per geometric
figure annotation.

G Spatial Relations

To comprehensively extract the spatial relations in
the caption, we have classified the following spatial
relationship classification system based on the com-
position of the relationship subjects. We believe
that the following contents all fall within the scope

of spatial relations. This system encompasses five
core types of relationships:

(1) The Point-Line Relations describe the posi-
tional dependence between points and lines: Mid-
point, Foot of the perpendicular, Intersection point,
Trisection point, Endpoint;

(2) The Line-Line Relations depict the relation-
ship between line elements: Perpendicular, Parallel,
Oblique intersection, Coincidence;

(3) The Line-Shape Relations characterize the
structural connection between a straight line and
complex geometric shapes: Angle bisector, Diago-
nal, Median, Altitude, Chord, Tangent, Diameter;

(4) The Point-Shape Relations define the char-
acteristic position of a point relative to a complex
figure: Centroid, Orthocenter, Circumcenter, Incen-
ter, Vertex, Circle center;

(5) The Shape-Shape Relations describe the
macroscopic spatial configuration among complete
geometric figures: Disjoint, Tangency, Intersection,
Containment, Congruence, Similarity, Concentric,
Inscribed, Circumscribed.

H Correlation Analysis Details

H.1 Definition and Sample Size

We used the Pearson correlation coefficient (r) to
quantify the relationship between CapGeo-Bench
scores and downstream geometric reasoning per-
formance.

For the macro-level analysis aggregating all eval-
uated models, the sample size is N = 32 for Cap
Only mode (including both MLLMs and pure-text
LLMs) and N = 20 for Cap+Img mode (MLLMs
only, as pure-text LLMs cannot process image in-
puts). All reported p-values are two-tailed.

H.2 Correlation Results by Mode

Under the Vision Only setting, Cap Only yields
an average correlation of r = 0.900 (p = 3.87 ×
10−11, highly significant), while Cap+Img yields
r = 0.953 (p = 1.22× 10−7, highly significant).

Under the Vision Intensive setting, Cap Only
gives r = 0.708 (p = 4.21 × 10−2, significant),
and Cap+Img gives r = 0.633 (p = 9.85× 10−4,
highly significant).

H.3 Leave-One-Out Robustness Analysis

To verify that these strong correlations are not dom-
inated by a few extreme captioners, we conducted
a leave-one-out (LOO) analysis on the core Vision
Only (Cap Only) setting.
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After removing the highest-scoring captioner
(GPT-o3), the correlation remains exceptionally
high at r = 0.983 (p = 1.64 × 10−11). After
removing the lowest-scoring captioner (Qwen2.5-
VL-7B), the correlation remains robust at r =
0.726 (p = 2.17× 10−4).

These results demonstrate that our correlation is
exceptionally stable and effectively rules out the
possibility of being dominated by outliers.

I Case study

The following case is derived from image_73.png
in the MathVerse dataset:

toxic caption case

Correct Example (GPT-o3)
Caption (

√
):

Points A, B, C lie on circle with cen-
ter O. ̸ ABC = 70◦. Find central angle
̸ AOC.
Options:

A) 140◦ B) 130◦ C) 120◦ D) 110◦

Reasoning (
√

):
Central angle = 2× inscribed angle

Calculation:
̸ AOC = 2× 70◦ = 140◦

Answer: A) 140◦

Error Case (GPT-4o)
Caption (×):

Incorrect: " ̸ BOC = 70◦" (should be
̸ ABC = 70◦)
Misled Reasoning (×):

Based on wrong caption, calculates:
180◦ + 70◦ + ̸ AOC = 360◦ =⇒
̸ AOC = 110◦

Answer:D) 110◦
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CapGeo and CapGeo-Bench Captioning prompt

MathVerse Vision Intensive:
Based on the provided geometric figure and the following question text, please describe the complete 
geometric math problem in a clear and structured format.

Question text: {question_text}

Please combine the visual information from the figure with the question text to provide a 
comprehensive description of the geometric math problem.

MathVerse Vision Only:
The geometric figure and the  text problem is provided above, please directly describe the problem with 
geometric figure in a geometric math problem format. 

Only output the geometric math problem and make sure the math problem is complete.

GeoQA and MathVista：
Based on the provided geometric diagram and the following question text, please describe the complete 
geometric problem in a clear and structured format.

Question text: {question_text}
Do not provide analysis or solution steps, only the problem statement itself.

CapGeo-Bench：
Based on the provided geometric figure, please describe the geometric figure in a clear and structured 
mathematical format. Mine as much visual information as possible from geometric figure.

Only output the geometric figure description. 
 The following are output examples.

        Example: In quadrilateral PRSU, side PR is parallel to SU. Connect diagonals PU and RS, which 
intersect at point D. Point T lies on SU, and lines PT and PU are trisectors of angle SPR.Choose a point 
E on PT and draw auxiliary line DE such that DE is parallel to PR (and SU). Select points F and G on 
segments PD and SR respectively. Connect EF and EG so that EF is parallel to DG and EG is parallel 
to DF.Connect SE and extend it to intersect PR at point Q. Connect FG and extend it to intersect PR 
and SU at points K and L respectively.

CapGeo Reasoning prompt

A conversation between User and Assistant. The user asks a question, and the Assistant solves it. The 
assistant first thinks about the reasoning process in the mind and then provides the user with the answer. 
The reasoning process and answer are enclosed within <think> </think> and <answer> </answer> tags, 
respectively, i.e., <think> reasoning process here </think><answer> answer here </answer>

Figure 7: CapGeo and CapGeo-Bench captioning prompt for Captioner Model and reasoning prompt for Reasoning
Models during the experiments
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Ground Truth 3 dimensional keypoints extraction prompt 

You are a strict expert in geometric description evaluation. Please strictly extract the 
corresponding elements from the geometric description in accordance with the following 
requirements.

Evaluation Requirements:
        1. All extractions must be strictly based on the given text - no fabrication or 
addition of information
        2. Only extract the content explicitly mentioned in the original geometric 
description

Evaluation Steps:
        1. From original problem description extract:
        - ground_truth_elements: Explicitly mentioned geometric elements (like points A, 
lines AB, triangle ABC etc.)
        - ground_truth_relations: Explicitly mentioned geometric relations (like line AB is 
parallel to line CD, line AB is perpendicular to line CD, line AB intersects line CD at 
point O, line AB is tangent to circle O at point C etc.)
        - ground_truth_numericals: Explicitly mentioned numerical values (like AB = 7, 
angle ABC = 60°, AB = 0.5 * BC etc.)

Required Response Format (strict JSON):
        {{
            "ground_truth_elements": [],
            "ground_truth_relations": [],
            "ground_truth_numericals": []
        }}

 ===== original geometric description (ground_truth) =====
        {ground_truth}

        Please note that the returned output must be in valid and correct json format. Pay 
attention to the commas between group elements and key-value pairs, as well as the 
colons between key-values

Figure 8: Ground Truth 3 dimensional keypoints set extraction prompt for LLM during CapGeo-Bench evaluation
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Model response  caption 3 dimensional keypoints extraction prompt 

You are a strict expert in geometric description evaluation. Please strictly extract the 
corresponding elements from the geometric description in accordance with the following 
requirements.

Evaluation Requirements:
        1. All extractions must be strictly based on the given text - no fabrication or 
addition of information
        2. Only extract the content explicitly mentioned in the original generated geometric 
description

Evaluation Steps:
        1. From generated description extract:
        - ocr_elements: Explicitly mentioned geometric elements (like points A, lines AB, 
triangle ABC etc.)
        - ocr_relations: Explicitly mentioned geometric relations (like line AB is parallel to 
line CD, line AB is perpendicular to line CD, line AB intersects line CD at point O, line 
AB is tangent to circle O at point C etc.)
        - ocr_numericals: Explicitly mentioned numerical (like AB = 7, angle ABC = 60°, 
AB = 0.5 * BC etc.)

        2. Return required Response Format (strict JSON):
        {{ 
            "ocr_elements": [],
            "ocr_relations": [],
            "ocr_numericals": []
        }}

 ===== Generated Geometry Description =====
        {generated_description}

        Please note that the returned output must be in valid and correct json format. Pay 
attention to the commas between group elements and key-value pairs, as well as the 
colons between key-values

Figure 9: Model Response Caption 3 dimensional keypoints set extraction prompt for LLM during CapGeo-Bench
evaluation
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Covered 3 dimensional keypoints extraction prompt 

        You are a strict expert in geometric description evaluation. Please search for overlapping values in 
the original geometric description list and the generated geometric description list as per the following 
requirements
        
Evaluation Requirements:
        1. Overlapping items must be strictly determined based on the original geometric description list 
and the generated geometric description list with no fabrication or addition of information
        2. Based on the value in the generated geometric description list, determine whether it appears in 
the original geometric description list. If it appears, it is judged as overlapping.
Evaluation Steps:
        1. Find overlaps:
        - covered_elements: Intersection of ground_truth_elements and ocr_elements
        - covered_relations: Intersection of ground_truth_relations and ocr_relations
        - covered_numericals: Intersection of ground_truth_numericals and ocr_numericals
        2. Return Required Response Format (strict JSON):
        {{
            "covered_elements": [],
            "covered_relations": [],
            "covered_numericals": []
        }}
        ===== original geometric description list (JSON) =====
        {ground_truth}
        ===== generated geometric description list (JSON) =====
        {generated_description}
Critical Reminders for Overlaps:
        1. All angles must match both value and vertex points (e.g., "angle ABC=45°" and "angle 
ABD=45°" do not overlap)
        2. Lengths must match both value and segments (e.g., "AB=5cm" and "AC=5cm" do not overlap)
        3. Semantically identical items can be considered matches (e.g., "triangle ABC", "triangle BAC" 
and "triangle CAB" are considered to overlap, "line AB is parallel to line CD" and "AB parallel to CD" 
are considered to overlap, "red triangle ACE" and "triangle ACE" are considered to overlap)
        4. Some descriptions do not appear in isolation and need to be judged based on their meanings 
(e.g."points D, M, and N" and ["point D", "point M", "point N"] are considered to overlap)
        Please note that the returned output must be in valid and correct json format. Pay attention to the 
commas between group elements and key-value pairs, as well as the colons between key-values

Figure 10: Covered 3 dimensional keypoints extraction prompt for LLM during CapGeo-Bench evaluation

22494


