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Abstract

Multimodal Large Language Models (MLLMs) have re-
cently demonstrated remarkable perceptual and reasoning
abilities. However, they struggle to perceive fine-grained
geometric structures, constraining their ability of geomet-
ric understanding and visual reasoning. To address this,
we propose GeoTikzBridge, a framework that enhances lo-
cal geometric perception and visual reasoning through tikz-
based code generation. Within this framework, we build
two models supported by two complementary datasets.
The GeoTikzBridge-Base model is trained on GeoTikz-Base
dataset, the largest image-to-tikz dataset to date with 2.5M
pairs (16 × larger than existing open-sourced datasets).
This process is achieved via iterative data expansion and a
localized geometric transformation strategy. Subsequently,
GeoTikzBridge-Instruct is fine-tuned on GeoTikz-Instruct
dataset which is the first instruction-augmented tikz dataset
supporting visual reasoning. Extensive experimental re-
sults demonstrate that our models achieve state-of-the-art
performance among open-sourced MLLMs. Furthermore,
GeoTikzBridge models can serve as plug-and-play reason-
ing modules for any MLLM(LLM), enhancing reasoning
performance in geometric problem-solving.

1. Introduction
Multimodal Large Language Models (MLLMs) have made
remarkable progress in cross-modal perception and reason-
ing, demonstrating capabilities covering from fine-grained
visual understanding to complex mathematical problem
scenarios. In contrast, geometric problem remains challeng-
ing, as it demands the integration of fine-grained geometric
perception and structured symbolic reasoning. This capa-
bility is fundamental for high-level cognitive and scientific
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tasks such as diagram-based mathematics, spatial reason-
ing and STEM diagram interpretation. Bridging this gap
is crucial for advancing MLLMs toward deeper geometric
cognition and interpretable reasoning.

Recent studies have explored solutions from the perspec-
tive of image-to-code generation and geometric reasoning.
Existing Img2Code methods usually focus on web UI-to-
HTML/CSS or data charts-to-Python[6, 20, 21, 35, 44, 45,
47, 52, 55]. Though a few works have touched on recon-
structible code generation for graphics, they rarely involve
geometric contents[5, 36, 42, 50]. For the downstream rea-
soning task, existing mathematical reasoning models pri-
marily rely on text-based reasoning[4, 40, 41, 43, 57], while
often overlooking the geometric relational transfer required
for visual reasoning in geometric problem-solving.

Despite these advancements, MLLMs still exhibit limited
local geometric perception, struggling to parse fine-grained
visual details such as segment relations, angle magnitudes,
and shape constraints (Fig. 1(1)). This limitation is primar-
ily due to the scarcity of large-scale geometric image–code
datasets and insufficient modeling of subtle geometric vari-
ations.

To address these challenges, we propose GeoTikzBridge,
a framework designed for enhancing multimodal geomet-
ric perception via structured tikz code. To alleviate data
scarcity, we first construct the GeoTikz-Base dataset, the
largest image-to-tikz dataset containing 2.5M image–tikz
pairs, by iteratively expanding a high-quality seed dataset.
To further enhance the model perception on geometric de-
tails, we propose a localized geometric transformation strat-
egy, including a code transformation method that lever-
ages localized code editing to enhance geometric details in
codes. Building upon this strategy, we additionally develop
GeoTikz-Instruct, an auxiliary dataset that enables models
to generate and interpret instruction-guided auxiliary lines.

Notably, the generated tikz codes can be seamlessly inte-
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(1) Image Reconstruction by Tikz 

∵ ∠P=90°, PQ=2, PR=2√3  

∴ RQ=4 

∵ M=mid(PQ), MX ⊥ RQ  
∴ M=(1,0), MX=1/√3 

∵ PL⊥RQ  
∴ PL: y = x/√3; RM: y = 

−2√3x + 2√3; F = x/√3 = 

−2√3x + 2√3  
∴ F: x=6/7, y=2√3/7 

∴ PF=√(x²+y²)= 4√3 / 7 

Answer :  4√3 / 7 

GeoTikzBridge-Base 
(Our Method) 

FigCodifier 

InternVL3.5-38B Qwen3-VL-235B-A22B 

(2) Downstream Mathematical Reasoning 

∵ In △BDC, 

∠BDC+∠DBC+∠B

CD=180°, 

∠BDC=90°, 

∴ ∠BCD=36°  

∵CD bisects ∠ACB 

∴∠ACB=2∠BCD 

=72° 

∵ ∠A=∠ABD=α, 

∴ ∠ABC=β=α+54° 

∵ In △ABC, 

∠A+∠ABC+∠ACB

=180°,  

∴2α=54° 

∴ ∠A=27° 

 Answer :  27°  

In the figure, △PQR is right-angled at P and has PQ=2 

and PR=2√3, what is the length of PF ? 

In this figure, given that ∠A=∠ABD and ∠DBC=54°, 

what is the measure of ∠A ? 

With Textualized Image 

GT Answer: 27° 

Input to MLLM 

∵ In △BDC, 

∠BDC+∠DBC+∠B

CD=180°, 

∠BDC=90° 

∴ ∠BCD=36°  
∴∠ACB=∠BCD+∠
ACD=36° 

∵ ∠A=∠ABD=α,  

∴ ∠ABC=α+54° 

∵ In △ABC, 

∠A+∠ABC+∠ACB

=180,  

∴ α+(α+54°)+ 

36°=180°  
∴ 2α=90° , ∠A=45° 

 Answer :  45° 

Image-to-Tikz 

Caption 

With Auxiliary Line 
 

GT Answer: 4√3 / 7 

∵ ∠P=90°, PQ=2, 

PR=2√3  

∴ RQ=4 

∵ PL⊥RQ 

∴ PL=2/√3 

∵ F=mid(PL) 

∴ PF=1/2 PL=1/√3 

Answer :  1/√3 

Raw Image 

Tikz 

(Our Method) 

Caption Tikz 

  

Input to MLLM 

(Our Method) 

Draw 
MX⊥RQ 

GeoTikzBridge
-Instruct 

Figure 1. GeoTikzBridge demonstrates advantages in geometric perception and mathematical reasoning. (1) GeoTikzBridge-Base achieves
the most accurate reconstruction of local geometric structures compared to existing approaches. (2) The generated tikz representations
enhance MLLMs’ mathematical and visual geometric reasoning.

grated into downstream geometric reasoning tasks, com-
plementing MLLMs’ geometric perception capabilities
through structured textual encoding of geometric elements
and relationships, as illustrated in Fig. 1(2).

The main contributions of this paper can be summarized as
follows:

• We propose GeoTikzBridge, a novel framework that
bridges geometric perception and symbolic reasoning via
tikz-based code generation, thereby enabling visual rea-
soning in MLLMs.

• We construct two datasets: GeoTikz-Base, the largest
image-to-tikz dataset to date and GeoTikz-Instruct, the
first instruction-augmented tikz dataset for visual reason-
ing.

• We develop GeoTikzBridge models which achieve state-
of-the-art performance among open-sourced MLLMs and
can serve as plug-and-play reasoning modules to enhance
geometric reasoning capabilities.

2. Related Works
Image-to-Code Generation. Image-to-Code Generation
allows multimodal systems to translate visual content into
structured symbolic forms. These forms can be exe-
cuted or further edited. Recent studies have achieved no-
table progress across various code forms, including vec-
tor graphics[7, 36, 46, 50], HTML/CSS[6, 20, 21, 35, 45],
Python[44, 47, 52, 55], and other codes[12, 32]. However,
most of these efforts focus on converting webpage or chart
images into executable code, leaving critical gaps in geo-

metric code generation. Only a few works[5, 36, 42, 50]
have explored converting more diverse graphic images into
codes that reproduce the visual elements. Among these,
tikz[23], a LaTeX-based graphic language, is superior to
formats like SVG for geometric reasoning because its struc-
tured, code-based syntax inherently documents the logical
steps and dependencies of geometric constructions, not just
their final visual appearance. DaTikZ[5] pioneered pair-
ing graphic images with tikz codes, enabling precise cod-
ing of elements and their spatial relationships. However,
its geometric samples remain limited, focusing mainly on
general graphics rather than the precise line segments, an-
gles, and shapes needed for geometric tasks. To address
this gap, we propose GeoTikz-Base, a large-scale geometric
image-to-tikz dataset to alleviate the scarcity of high-quality
geometric-dominant image-tikz data.

Multimodal Mathematical Reasoning. Mathematical rea-
soning has become an important capability of MLLMs,
yet geometric problem-solving remains challenging due
to the need for fine-grained visual perception. Exist-
ing mathematical reasoning works could be roughly di-
vided into generalized and specialized methods. Gener-
alized MLLMs[4, 40, 41, 43, 57] exhibit strong cross-
modal performance, however, they are limited by scarce
high-quality geometric visual-code data and poor sensi-
tivity to local structures, which constrain their geometric-
specific performance[28, 56]. Specialized methods focus
on geometry-specific optimizations[8, 15, 24, 31, 38, 49,
51, 56] through improved visual-text alignment, fine-tuning
on fine-grained datasets, symbolic based intermediate rea-
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Iterative Self-Refinement Framework: 

Update GeoTikzBridge-Base Model 

Dataset Construction and Sample Generation 

Predicting 

… 

CLIP 
Score 

0.651 
↑ 

↓ 
0.855 

↓ ↓ ↓ 

↑ ↑ ↑ 

… 

0.967 0.989 … 

Reliable Samples 

</>    

Candidate Dataset 𝓓𝐜𝐚𝐧𝐝 

CLIP Score Based Filtering 

Raw 
Image 

</> </> </> 

Tikz Tikz Tikz Tikz 

Model Optimization 

Training 
& 

Optimization 

Image 
Encoder 

Tokenizer 

Please generate the corresponding TikZ code 
that accurately represents the visual elements 
in the image. TikZ is a powerful tool for 
creating vector graphics within LaTeX 
documents. Your generated code should be 
precise, well-structured, and should recreate 
the image as faithfully as possible. 

↓ ↓ 

↓ 

Rendered Image 

Multi-modal Large 
Language Model 

Localized Geometric Transformation 

… 
\coordinate (A) at (0,0);\coordinate (B) at (7,15); 
\coordinate (C) at (25,15);\coordinate (D) at (7,0); 
\draw (A) -- (B) -- (C) -- (D) -- cycle; 
\draw (A) -- (C);\draw (B) -- (D); 
\draw (6.5,0) -- (6.5,0.5) -- (7,0.5); 
\draw (7,14.5) -- (7.5,14.5) -- (7.5,15); 
\node[above left] at (A) {$A$};\node[above left] at (B) {$B$}; 
\node[right] at (C) {$C$};\node[below right] at (D) {$D$}; 
\node[above left] at ($(A)!0.5!(B)$) {13 cm}; 
\node[below right] at ($(C)!0.5!(D)$) {20 cm}; 
\node[below] at ($(A)!0.5!(D)$) {5 cm}; 
… 

… 
\draw (0,0) -- (0,2);\draw (0,0) -- (2,0);\draw (0,2) -- (2,2); 
\draw (0,2) -- (2,0);\draw (2,0) -- (2,2);\draw (0,0) -- (2,2); 
\draw (1,0) -- (2,1);\draw (1,1) -- (2,2); 
\draw[fill=gray] (1,1) -- (2,2) -- (2,1) -- (1.5,0.5) -- cycle; 
… 

Self-Refined Dataset 𝓓𝒌
𝑹 

Transformation-Augmented  
Dataset 𝓓𝒌

𝑻 
  

T
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in
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g
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a
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𝒌
 

Update Training Dataset: 𝒟𝑘+1 ← 𝒟𝑘 

Figure 2. Framework of the proposed iterative self-refinement for GeoTikz-Base dataset and GeoTikzBridge-Base model. It iteratively
conducts three steps: dataset construction and sample generation, localized geometric transformation, and model optimization.

soning, etc. However, they lack local geometric percep-
tion and auxiliary-line reasoning, limiting their effective-
ness in geometric tasks. To address this, we develop
GeoTikzBridge-Base and GeoTikzBridge-Instruct models
based on the constructed image-to-tikz datasets, which
could boost geometric-dominant reasoning by the generated
tikz codes and auxiliary lines.

3. Method
3.1. Overview
We present the GeoTikzBridge framework, which advances
visual reasoning by bridging the gap between geometric
images and structured representations, specifically through
the generation of tikz code. The GeoTikzBridge frame-
work consists of three components: (i) an iterative self-
refinement framework for constructing the image-to-tikz
dataset called GeoTikz-Base and training the correspond-
ing model called GeoTikzBridge-Base, (ii) an instruction
guided image-to-tikz dataset called GeoTikz-Instruct and
the corresponding trained model called GeoTikzBridge-
Instruct, and (iii) a training-free visual reasoning pipeline
in geometric problem-solving.

Specifically, the self-refinement framework begins with a
high-quality seed dataset and iteratively expands the train-
ing data by generating new image-tikz pairs. In each iter-
ation, tikz code is predicted by the model and unreliable
samples are filtered by comparing the original image with
its rendering. A novel localized code transformation strat-
egy is introduced to enhance the model sensitivity to fine-
grained geometric details. Building upon this foundation,

we construct a specialized dataset and train a model for gen-
erating auxiliary lines, making it easier to visual reasoning
on mathematical problems. Finally, we explore the broader
applicability of our approach by proposing a training-free
plug-and-play pipeline for visual reasoning.

3.2. Iterative Self-Refinement for Image-to-Tikz
Dataset Construction and Model Training

The scarcity of high-quality image-tikz code pairs for model
training necessitates the adoption of a self-refinement strat-
egy. This approach iteratively generates reliable data and
retrains the image-to-tikz model. The reliability of the data
is assessed by comparing the rendered image with the orig-
inal image.

During the iterative self-refinement process, both the train-
ing data and the model are continuously updated. For the
k-th iteration (k > 1), the updated training dataset Dk

is formed by combining the dataset from the previous it-
eration Dk−1 with the two newly acquired datasets: the
self-refined set DR

k−1 and the transformation-augmented set
DT

k−1. Here, Dk = {(Ik, Ck)}, where Ik and Ck denote an
image and the corresponding tikz code in the updated train-
ing dataset at the k-th iteration, respectively. The model Mk

is optimized on the training dataset Dk under the maximum
likelihood objective Lgen. The iterative process can be for-
malized as follows:Dk = Dk−1 ∪ DR

k−1 ∪ DT
k−1,

Mk = argmin
M←Mk−1

E(I,C)∼Dk
[Lgen(M(I), C)] (1)

where k = 1, 2, . . . ,K, and K denotes the maximum it-
eration number, which is set to 4 in our experiments for a
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balance between cost and performance. The overall process
for image-to-tikz data construction and model training con-
sists of the following three steps:

Step1. Dataset Construction and Sample Generation

As the only open-sourced and large-scale image-tikz code
pairing dataset sourced from public arXiv papers and TeX
repositories, DaTikZ[5] serves as the seed dataset (denoted
as D0). The model initially trained on its training set with
145k samples is referred to as M0.

Due to the limited variety of geometric images in DaTikZ,
which cannot effectively cover diverse geometric scenarios.
The goal of this step is to expand the seed dataset with reli-
able generated samples from a large collection of candidate
geometric images.

Dataset Construction We construct a candidate dataset
Dcand by collecting and organizing geometric images from
nine public datasets. This candidate dataset comprises
a rich collection of unannotated tikz geometric diagrams
from diverse sources. The datasets utilized are as fol-
lows: MMathCoT-1M[27], GEOS[37], MAVIS-Instruct-
Geometry[54], MAVIS-Instruct-Function[54], geo170k-
alignment[13], geo170k-qa-tuning[13], Geometry3K[25],
GeomVerse[22], UniGeo[9]. These datasets contain both
synthetic and real-world images, with a primary focus on
basic geometric elements, spatial relationships, and topo-
logical structures.

Sample Generation. Guided by the self-refinement
paradigm, we select reliable samples from the constructed
candidate dataset Dcand as potential additions to the training
set by applying a CLIP score-based filtering strategy. The
process begins with the generation of tikz pseudo-label set
{Ĉ} for the geometric images, which are predicted by the
model Mk. Then, the CLIP score (a normalized cosine sim-
ilarity metric) s between the image Î rendered from the pre-
dicted tikz code Ĉ and the original image I is computed. If
s exceeds a threshold τ , the code Ĉ and the rendered image
Î would be considered as a reliable sample and incorporated
in the self-refined set DR

k . DR
k is defined as:

DR
k =

{
(Î , Ĉ) | Ĉ = Mk(I), Î = R(Ĉ), s(I, Î) > τ

}
(2)

where R(·) denotes the render operation and I ∈ Dcand.

Step2. Localized Transformation Strategy

We observed that complex images often cause the model to
neglect fine-grained geometric details, resulting in the omis-
sion or hallucination of critical code lines. To address this,
we propose a localized transformation strategy applied to
the tikz codes and their corresponding images to better cap-
ture geometric features.

The transformation strategy consists of two components:
code transformation applied during the iterative dataset

Figure 3. Distribution of the 2.5M GeoTikz-Base dataset.

expansion, and image transformation applied during the
model optimization (see Supplementary Material for de-
tails). Code transformation is operated on each tikz code in
the self-refined set DR

k at the k-th iteration, which randomly
removes 1 to n lines (where n does not exceed 40% of the
total tikz code lines splitted with the semicolon). Each com-
pilable modified code C̃ along with its rendered image Ĩ
serve as a sample pair in the transformation-based incre-
mental dataset DT

k at the k-th iteration. Denote the transfor-
mation operation as T (·), DT

k can be defined as:

DT
k =

{
(Ĩ , C̃) | Ĩ = R(C̃), C̃ = T (Ĉ), Ĉ ∈ DR

k

}
(3)

Through code transformation, the model is forced to learn
the structural and fine-grained semantics of the code rather
than memorizing specific text sequences. It can also be re-
garded as injecting code noise, which enhances the gener-
alization and robustness of the code generation. Leveraging
this strategy, the code repetition prediction rate decreases
by 15%. The finally expanded 2.5M training samples is
called GeoTikz-Base. Fig. 3 shows that the distribution of
GeoTikz-Base predominantly features Plane Geometry and
Analytic Geometry as core components, while also incorpo-
rating Algebra, Calculus, and other mathematical domains,
exhibiting comprehensive coverage of geometric figures.

Step3. Model Optimization

For the k-th iteration, the model Mk is initialized from the
previous model Mk−1 and optimized on the k-th training
dataset Dk. The training follows the causal auto-regressive
modeling paradigm, where each code token in the tikz code
sequence ci ∈ C is predicted conditioned on the image I
and all previous tokens c<i. The corresponding training ob-
jective is defined as:

Lgen (M (I) , C) = −
∑
i

log PM (ci | I, c<i), (4)

where PM denotes the probability prediction by model M .
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3.3. Instruction Guided Image-to-Tikz Dataset
Construction and Model Training

To address the challenge of auxiliary line generation in
geometric problems, we not only construct the GeoTikz-
Instruct dataset Dins based on the built DK , but also train
the auxiliary line generation model GeoTikzBridge-Instruct
Mins on Dins.

Firstly, we apply the code transformation strategy T (·) (in-
troduced in Sec. 3.2) to each sample in DK , yielding
the transformed tikz code C̃K and its rendered image ĨK .
Then, these images are fed into Qwen2.5-VL-72B to anno-
tate the instruction Q describing what auxiliary lines have
been added or what geometric elements have been modi-
fied. Finally, to ensure dataset quality, we use Doubao to
filter unreliable annotations via the VLM-based filter strat-
egy F(·). Each retained annotated instruction Q′ along with
its corresponding pre-transformed tikz code C ′ and post-
transformed image Ĩ ′ (rendered from post-transformed tikz
code C̃ ′) form a sample pair in the GeoTikz-Instruct dataset
Dins. Dins is defined as follows:

Dins =

{
(Q′, Ĩ ′, C′)

∣∣∣∣∣Ĩ
′ = F(ĨK), ĨK = R(T (CK)),

Q′ = F(Q), C′ = F(CK)

}
(5)

where (IK , CK) ∈ DK . The built GeoTikz-Instruct dataset
contains 419k training samples.

Then, we develop an instruction-guided auxiliary line gen-
eration model GeoTikzBridge-Instruct Mins based on the
built Dins by performing SFT on the GeoTikzBridge-Base
model. The optimization is defined as follows:

Mins = argmin
M

E(Q′,Ĩ′,C′)∼Dins

[
Lgen(M(Ĩ ′, Q′), C′)

]
(6)

3.4. Training-Free Visual Reasoning in Geometric
Problem-Solving

VLMs struggle with geometric problems due to two issues:
visual feature compression causes critical detail loss, and
auxiliary line requirements complicate COT reasoning. Be-
sides, LLMs excel at reasoning but cannot directly process
geometric images (e.g., via OCR), limiting their applica-
bility. To address these issues, we design a training-free
visual reasoning pipeline integrating GeoTikzBridge-Base
or GeoTikzBridge-Instruct as plug-and-play modules for
VLMs and LLMs.

For VLM reasoning with tikz codes, GeoTikzBridge-Base
is utilized for translating the geometric problem image Ip
to tikz code Cp. It is noted that for LLMs, prompts only
include problem text Tp and tikz code Cp.

For VLM reasoning with auxiliary lines, Algorithm 1 shows
the pipeline, where the VLM itself uses original image Ip
and problem text Tp to predict the auxiliary line instruction
Paux (None if auxiliary lines are unnecessary determined by

the VLM itself) via prompt Pins (see Supplementary Ma-
terial for details). If no auxiliary lines are needed, the
VLM then solves the problem with Tp, Ip, and prompt for
problem solving Pps directly; Otherwise, GeoTikzBridge-
Instruct generates the tikz code Caux with auxiliary lines
added based on Paux, which is then rendered to Iaux. The
VLM then utilizes Tp, Ip, Pps together with Iaux and Caux
for problem solving.

Algorithm 1 Geometric Reasoning with Auxiliary Line
Require: Problem text Tp, problem image Ip, prompt Pins for generat-
ing auxiliary lines, prompt Pps for problem solving, and Vision-Language
Model (VLM)
Ensure: Solution A to the problem
1: Paux ← VLM(Ip, Tp, Pins) ▷ Query VLM for auxiliary lines
2: if Paux is None then
3: A← VLM(Ip, Tp, Pps) ▷ Solve without auxiliary lines
4: else
5: Caux ← GeoTikzBridge-Instruct(Ip, Paux)
6: Iaux ←R(Caux)
7: A← VLM(Tp, Ip, Pps, Iaux, Caux) ▷ Solve with auxiliary lines
8: end if

return Solution A

4. Experiments
In this section, we introduce the experimental results in both
image-to-tikz and downstream visual reasoning tasks.

4.1. Settings
Implementation Details. We develop two GeoTikzBridge-
Base models, initialized from pretrained FigCodifier-8B
and InternVL3.5-38B-Instruct respectively. For the 8B
model, full-parameter SFT is adopted with learning rate of
4e-7, batch size per device of 4, and gradient accumulation
steps of 4. For the 38B model, LoRA fine-tuning is applied
to all QKV layers, using learning rate of 1e-4, batch size per
device of 1, and gradient accumulation steps of 4. Deep-
Speed (ZeRO-3 stage[34]) and flash attention[10] are em-
ployed. Both models are trained for 1 epoch on 8 NVIDIA
H100 GPUs (80GB). For reproducibility, greedy decoding
with temperature 0 is used to generate tikz codes during
testing, and the threshold τ for selecting reliable generated
code is set to 0.8. To advance geometric visual reasoning,
we further introduce a model that edits tikz code to add aux-
iliary lines, which is fine-tuned from GeoTikzBridge-Base-
8B for 3 epochs with a learning rate of 4e-7. Training costs
are ∼96 GPU hours (8B) and ∼488 GPU hours (38B). The
choice of K = 4 is analyzed in Sec. E of supplementary.

Benchmarks and Metrics. We evaluate our mod-
els on five open-sourced benchmarks (DaTikZ[5],
MathVista-GPS[26], GAOKAO-MM-Math[58], R-
Bench[17], RBench-V[16]) and two in-house benchmarks
(EDUBenchmark and GeoTikz-Instruct), focusing on
mathematical visual reasoning. Following[36, 50], we
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Table 1. Performance comparison of image-to-tikz methods across four datasets. The best and second-best results are marked with bold
and underlines, respectively.

Method DaTikZ MathVista-GPS GAOKAO-MM-Math EDUBenchmark

CLIP-S↑ FID↓ CSR↑ CLIP-S↑ FID↓ CSR↑ CLIP-S↑ FID↓ CSR↑ CLIP-S↑ FID↓ CSR↑
Open-sourced VLMs

Qwen2.5-VL-32B[4] 0.788 77.2 80.6% 0.832 61.0 97.6% 0.808 92.2 94.4% 0.748 87.0 81.2%
Qwen2.5-VL-72B[4] 0.795 49.8 81.5% 0.858 46.9 98.1% 0.854 61.3 90.1% 0.781 60.5 81.8%
Qwen3-VL-30B-A3B[40] 0.672 174.4 89.1% 0.802 65.7 81.0% 0.826 107.9 95.2% 0.748 95.9 80.2%
InternVL3-78B[57] 0.747 62.7 78.8% 0.860 47.9 92.3% 0.871 55.4 93.7% 0.801 58.3 81.5%
InternVL3.5-38B[43] 0.733 50.6 94.7% 0.786 104.0 93.8% 0.834 77.2 91.5% 0.768 75.6 83.1%
GLM4.5-V-106B-A12B[41] 0.806 50.9 93.8% 0.769 122.7 88.9% 0.835 75.9 77.5% 0.809 61.4 62.7%

Existing Image-to-Tikz Model

FigCodifier-8B[42] 0.785 45.8 86.7% 0.884 42.5 88.9% 0.849 59.1 92.3% 0.675 67.9 67.3%

GeoTikzBridge-Base-8B 0.804 43.6 88.7% 0.895 36.0 97.1% 0.890 44.9 93.0% 0.795 54.1 80.7%
GeoTikzBridge-Base-38B 0.813 39.7 95.1% 0.915 30.6 95.2% 0.900 40.7 95.8% 0.821 47.6 83.4%

Table 2. Performance comparison of downstream mathematical reasoning across five benchmarks. The best and second-best results are
marked with bold and underlines, respectively.

Method MathVista GAOKAO-MM RBench-M RBench-V RBench-V
(GPS) (Math) (en) (Math) (Overall)

Closed-sourced VLMs

GPT-4V[29] 0.505 0.450 - - -
GPT-4-turbo[1] 0.583 0.500 - - -
GPT-4o[19] 0.647 - 0.334 0.244 0.141
Claude3.5-Sonnet[3] 0.644 - 0.397 - -
Gemini-1.5-Pro[39] 0.589 - 0.355 - -

Open-sourced VLMs (Base or Base/ours)
Qwen2.5-VL-32B[4] 0.654 0.500 0.359 0.227 0.100
Qwen2.5-VL-72B[4] 0.644 0.613 0.304 0.153 0.106
InternVL3-78B[57] 0.663 0.638 0.397 0.159 0.101
Qwen3-VL-30B-A3B[40]/+GeoTikzBridge-Base 0.697/0.745 0.550/0.588 0.314/0.320 0.218/0.236 0.110/0.117
InternVL3.5-38B[43]/+GeoTikzBridge-Base 0.688/0.718 0.600/0.635 0.353/0.369 0.216/0.232 0.118/0.120
GLM4.5-V-106B-A12B[41]/+GeoTikzBridge-Base 0.745/0.764 0.613/0.663 0.434/0.498 0.230/0.295 0.125/0.133

LLMs + Tikz (ours)

Skywork-OR1-32B[18] + GeoTikzBridge-Base 0.861 0.663 0.436 0.253 0.150
Qwen3-30B-A3B[48] + GeoTikzBridge-Base 0.856 0.550 0.397 0.267 0.128
GLM-Z1-32B[14] + GeoTikzBridge-Base 0.875 0.675 0.305 0.201 0.105
DS-R1-Distill-Qwen-32B[11] + GeoTikzBridge-Base 0.841 0.688 0.364 0.213 0.112
GLM-4.5-Air-106B-A12B[53] + GeoTikzBridge-Base 0.889 0.688 0.359 0.250 0.138
GPT-OSS-120B[2] + GeoTikzBridge-Base 0.880 0.625 0.430 0.301 0.164

adopt CLIP Score[33] and FID[33] for image-to-tikz task,
along with fine-grained scores including MSE, SSIM,
and PSNR for image-to-auxiliary-line task. Besides, we
introduce a stricter metric, Compilation Success Rate,
which is defined as the percentage of codes that can be
successfully compiled and produce valid non-blank images,
since most existing methods neglect the compilation errors
that may occur in the code-to-image process. Details are
introduced in Supplementary Material.

4.2. Evaluation
Evaluation on Image-to-Tikz. Table 1 presents
CLIP scores (CLIP-S), FID, and Compilation Success
Rates (CSR) of models across four benchmarks in the
GeoTikzBridge-Base task. As shown in Table 1, our pro-
posed GeoTikzBridge-Base models achieve state-of-the-art
(SOTA) performance in the GeoTikzBridge-Base task in
most cases. Notably, GeoTikzBridge-Base-38B achieves

the best performance across all benchmarks, as measured by
the CLIP Score, significantly outperforming 6 open-sourced
VLMs and the existing image-to-Tikz model.

Evaluation on LLMs/VLMs Multimodal Reasoning. We
evaluate the performance of various LLMs and VLMs on
multimodal reasoning tasks when provided with tikz codes
generated by our GeoTikzBridge-Base-8B model. The re-
sults are summarized in Table 2, from which three main
points can be observed: (i) Models provided with tikz codes
from our GeoTikzBridge-Base achieve the best perfor-
mance in most cases, demonstrating the effectiveness of our
tikz-enhanced reasoning method; (ii) Supplementing with
tikz codes significantly boosts VLMs’ performance, indi-
cating that symbolic geometric representations can com-
pensate for VLMs’ limitations in visual perception and un-
derstanding; (iii) LLMs provided with tikz codes gener-
ally outperform their VLM counterparts under the same set-
ting. This can be attributed to catastrophic forgetting: When
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Table 3. Performance comparison of instructed code generation in the downstream auxiliary line generation task. The best results are
marked with bold.

Method MSE↓ SSIM↑ PSNR↑ CLIP Score↑ FID↓ CSR↑
FigCodifier[42] 1435.9 0.135 17.6dB 0.936 9.798 88.0%
GeoTikzBridge-Base-8B 692.6 0.549 23.1dB 0.967 5.476 95.4%
GeoTikzBridge-Instruct 211.7 0.844 89.6dB 0.992 1.158 96.7%

Table 4. Performance comparison of four different visual rea-
soning formats on the MathVista-GPS benchmark. The baseline
model is InternVL3.5-38B.

Exp ID I II III IV

Problem Text ✓ ✓ ✓ ✓
Raw Geometric Image ✓ ✓ ✓ ✓
Tikz Code With Aux. Line Added × × ✓ ✓
Image With Aux. Line Added × ✓ × ✓
Answer Accuracy 0.688 0.697 0.707 0.736

VLMs are trained on visual-language alignment, their in-
herent language capabilities often degrade.

Evaluation on Instructed Code Generation. We evaluate
our GeoTikzBridge-Instruct in generating tikz code from
geometric figures with specified instructions, e.g., “Draw a
line through point C parallel to AB”. The model takes raw
geometric images and auxiliary line instructions as input,
outputting tikz codes for figures with added auxiliary lines.
As shown in Table 3, GeoTikzBridge-Instruct achieves
strong performance across multiple metrics, demonstrating
that it can capture the geometric semantic and structural de-
tails more accurately.

Evaluation on Problem Solving With Auxiliary Line.
We evaluate how auxiliary lines from our GeoTikzBridge-
Instruct affect geometric problem solving with different vi-
sual reasoning formats. Firstly, InternVL3.5-38B predicts
auxiliary line instructions for original geometric problems,
excluding those unnecessary for auxiliary lines. Then, these
instructions and raw images are fed into GeoTikzBridge-
Instruct to generate tikz codes with added auxiliary lines.
Finally, the generated tikz codes and/or rendered images are
fed into InternVL3.5-38B for mathematical reasoning. The
corresponding results on the MathVista-GPS benchmark are
reported in Table 4. Two points can be seen from this table:
(i) Adding auxiliary lines is helpful for problem solving, no
matter in the form of rendered image or tikz code; (ii) Tikz
code is still more effective than image in this task.

4.3. Ablations
Geometric Representations in Reasoning Task. To inves-
tigate how different geometric representations influence the
geometric reasoning performance of models, we selected
two typical types of representations for comparative anal-
ysis: one is natural language captions generated by open-
sourced VLMs (Qwen2.5-VL and InternVL3 series), and
the other is tikz codes produced by the same VLMs and the

Figure 4. Ablation study of geometric representation on the
MathVista-GPS benchmark. The baseline model is Qwen3-VL-
30B-A3B.

Figure 5. Ablation study of localized geometric transforma-
tion strategies for GeoTikzBridge-Base-8B, evaluated on the
MathVista-GPS benchmark.

proposed GeoTikzBridge-Base-8B model. All these repre-
sentation forms need to convert original geometric images
into geometric representations, which are then input into a
specific VLM (Qwen3-VL-30B-A3B) together with prob-
lem texts and original images for reasoning.

Fig. 4 presents the ablation results on the MathVista-GPS
benchmark. The results indicate that, for the same model,
the generated tikz codes can drive VLM to handle geometric
reasoning more effectively than natural language descrip-
tions. This fully demonstrates the advantages of tikz codes
in representing geometric information. Meanwhile, the tikz
codes generated by the proposed GeoTikzBridge-Base-8B
model contribute more significantly to the improvement of
VLMs’ geometric reasoning performance compared with
the tikz codes generated by models with larger parameter
sizes, demonstrating the effectiveness of our method.
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Figure 6. Visualization results of tikz codes generated by GeoTikzBridge-Base compared with GPT-5.0[30], each figure shows the input
image (either geometric or non-geometric) and the corresponding image rendered from our predicted tikz code.
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Figure 7. Visualization results of instruction-driven auxiliary line generation compared with GPT-5.0[30], each figure shows the input
geometric image, the natural language instruction for auxiliary line addition, and the rendered image from the generated tikz code.

Effect of Localized Geometric Transformation. We an-
alyze the effectiveness of the proposed localized geometric
transformation strategy, including image and code transfor-
mation. Experiments are conducted using GeoTikzBridge-
Base-8B on the MathVista-GPS benchmark, with results
presented in Fig. 5. As shown in this figure, the code trans-
formation strategy achieves substantial gains in both CLIP
score and compilation success rate, primarily due to its ca-
pacity to not only reduce redundant code generation but also
enhance geometric details via localized code editing.

4.4. Visualization
We present generated examples for the image-to-tikz and
image-to-auxiliary-line tasks, with comparative analysis
against GPT-5.0[30] conducted for each task. As illustrated
in Fig. 6, our model more precisely captures key geometric
components, including line segments, angles, closed poly-
gons, and semantic labels. Fig. 7 demonstrates that our
model outperforms GPT-5.0 across diverse geometric prob-
lem scenarios: It generates auxiliary lines more compliant
with given instructions while maintaining better preserva-
tion of the original geometric figure characteristics. Addi-
tional results are provided in the Supplementary Material.

5. Conclusion
In this paper, we present GeoTikzBridge, a framework
that enhances geometric perception reasoning in MLLMs
and LLMs. Within this framework, we introduce two
datasets. GeoTikz-Base is the largest image-to-tikz dataset
to date, containing 2.5M pairs—16× larger than existing
open-source datasets. We also present GeoTikz-Instruct,
the first instruction-augmented tikz dataset designed for vi-
sual reasoning. Trained on these datasets, GeoTikzBridge
models achieve state-of-the-art performance among open-
source MLLMs. They can also serve as plug-and-play mod-
ules to enhance geometric reasoning in VLMs and LLMs
without extensive retraining. The fine-tuned model further
boosts MLLMs’ reasoning capabilities through instructed
code generation, bridging the gap between visual under-
standing and symbolic reasoning.

In the future, we will expand this approach to cover techni-
cal diagrams and schematics, including engineering circuit
diagrams and advanced educational reasoning problems.
Additionally, we aim to explore integrating GeoTikzBridge
as a code-generation tool for multimodal agents in an Agen-
tic RL manner to further enhance reasoning capabilities.
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