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Abstract

Despite strong results on many tasks, multi-
modal large language models (MLLMs) still
underperform on visual mathematical prob-
lem solving, especially in reliably perceiv-
ing and interpreting diagrams. Inspired by
human problem-solving, we hypothesize that
the ability to extract meaningful information
from diagrams is pivotal, as it directly con-
ditions subsequent inference. Hence, we in-
troduce FlowVerse, a comprehensive bench-
mark that provides a fine-grained evaluation
of MLLMs’ perception and reasoning capa-
bilities. Our preliminary results on FlowVerse
reveal that existing MLLMs exhibit substan-
tial limitations when extracting essential in-
formation and reasoned properties from di-
agrams and performing complex reasoning
based on these visual inputs. In response,
we introduce MathFlow, a modular problem-
solving pipeline that decouples perception and
inference into distinct stages, thereby optimiz-
ing each independently. Given the perceptual
limitations observed in current MLLMs, we
trained MathFlow-P-7B as a dedicated per-
ception model. Experimental results indicate
that MathFlow-P-7B yields substantial per-
formance gains when integrated with various
closed-source and open-source inference mod-
els. This demonstrates the effectiveness of the
MathFlow pipeline and its compatibility with
diverse inference frameworks. Project page:
https://github.com/MathFlow-zju/MathFlow.

1 Introduction

By enabling seamless interaction between visual
data and natural language, multimodal large lan-
guage models (MLLMs) (OpenAI, 2024; Bian
et al., 2024; Feng et al., 2025, 2022; Chen et al.,
2025; Xu et al., 2024, 2025b; Li et al., 2026; Xia
et al., 2026) are excelling in various tasks, includ-
ing captioning (Lin et al., 2024; Jia et al., 2024a),
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Figure 1: The Typical Process of Humans Solving Vi-
sual Mathematical Problems. We can summarize two
key capabilities observed in the typical human problem-
solving process: perception and inference. The percep-
tion capability involves extracting relevant information
from both visual and textual inputs, ensuring accurate
reasoning, which inspired the development of Flow-
Verse and MathFlow.

visual question answering (Bai et al., 2023) and
visual dialogue (Liu et al., 2024b). Despite their im-
pressive performance across diverse tasks, MLLMs
have yet to fully demonstrate their potential in vi-
sual mathematical problem-solving (Chen et al.,
2022; Lu et al., 2024; Chen et al., 2026), particu-
larly in accurately perceiving and interpreting dia-
grams within these problems (Zhang et al., 2025a).

The typical process of humans for solving visual
mathematical problems consists of five sequential
steps (Krawec, 2014), as illustrated in Fig. 1. We
categorize them into two key stages: 1) the percep-
tion stage and 2) the inference stage. The percep-
tion stage focuses on extracting relevant informa-
tion from both visual and textual inputs that can
be seamlessly integrated with the original prob-
lem statement (Polya and Pólya, 2014). In contrast,
the inference stage concentrates on mathematical
reasoning. Regarding the perception stage, exist-
ing MLLMs often struggle with mathematical im-
ages (Rahmanzadehgervi et al., 2025; Chen et al.,
2021) and extract unreliable information from vi-
sual contents, which inevitably hampers the sub-
sequent inference stage. Regarding the inference
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Figure 2: Six Versions of Problems in FlowVerse. FlowVerse begins by categorizing the original problem
information into four distinct components: Descriptive Information (DI), Essential Information (EI), Only Question
(OQ), and Reasoned Property (RP). The first three components are derived directly from the original problem
statement, while RP is extracted from the solution and represents the inferences needed to solve the problem. In the
Vision Centric version, we convert the EI into diagrams, while in the Vision Primary version, we convert both the EI
and RP into diagrams.

stage, MLLMs often struggle to generate coher-
ent solutions when essential perceptual informa-
tion is limited or unreliable during complex prob-
lem solving (Zhou et al., 2025; Qiao et al., 2025).
We propose that prior methods’ limited capabil-
ity to extract information during the perception
stage bounds the overall problem-solving perfor-
mance. To validate this assumption, we developed a
new benchmark named FlowVerse. FlowVerse cat-
egorizes all the information used during problem-
solving into four parts (Schoenfeld, 1987): Descrip-
tive Information (DI), which provides fundamental
details describing the composition of the problem;
Essential Information (EI), which involves infer-
ring critical details from both diagrams and text;
Only Question (OQ), representing the specific ques-
tion posed in the text; and Reasoned Property (RP),
which refers to essential properties derived from
diagrams and text during the problem-solving pro-
cess rather than explicitly being provided in the
problem. We design six problem variants using
different combinations of information types, as il-
lustrated in Fig. 2.

Our preliminary results on FlowVerse reveal that
existing MLLMs struggle significantly in extract-
ing EI and RP from diagrams, as well as in carry-
ing out complex reasoning on given images. Moti-
vated by these observations, we introduce a mod-
ular problem-solving pipeline, MathFlow, which
explicitly decouples the problem-solving pipeline
into two distinct stages: a perception stage and an
inference stage. Fig. 4 illustrates that EI is first ex-
tracted from diagrams, followed by preliminary rea-

soning to derive RP in the perception stage. They
are then converted into a text-level representation,
further concatenated with the original problem’s
textual information to create a unified, enriched in-
put. The inference model can easily generate a rea-
sonable solution using the combined visual-derived
and textual information.

Preliminary experiments on FlowVerse highlight
the critical importance of robust perception capabil-
ities in deriving useful properties from visual math-
ematical diagrams. However, a model as advanced
as GPT-4V may exhibit deficiencies in this specific
aspect (Rahmanzadehgervi et al., 2025; Feng et al.,
2024; Ahn et al., 2024; Wang et al., 2024a). To ad-
dress this, we propose MathFlow-P-7B, a special-
ized model designed to extract EI and RP informa-
tion from visual diagrams, thereby facilitating vi-
sual mathematical problem-solving. The training of
MathFlow-P-7B involves two stages: the multi-task
pretraining stage and the supervised fine-tuning
stage. The multi-task pretraining stage includes
two core tasks—captioning EI and RP. The super-
vised fine-tuning stage further refines the model’s
perception capabilities for enhanced performance.
Experimental results indicate that MathFlow-P-7B
enables superior performance improvements when
integrated with different inference models, under-
scoring the effectiveness of the MathFlow pipeline.
Our contributions are summarized as follows:

• FlowVerse benchmark: We introduce a com-
prehensive benchmark specifically designed
to evaluate the visual mathematical problem-
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solving capabilities of MLLMs across its
meticulously crafted six problem versions.

• MathFlow pipeline: We propose a modular
pipeline that decouples the visual mathemat-
ical problem-solving process into perception
and inference, not only enhancing the model’s
ability to extract and reason with multimodal
information effectively, but also empowering
LLMs to handle visual math problems.

• MathFlow-P-7B model: We develop a per-
ceptive mathematics model, an MLLM specif-
ically optimized for visual mathematical prob-
lems, demonstrating state-of-the-art perfor-
mance across various benchmarks.

2 Related Work

Visual Mathematical Reasoning with MLLMs.
Solving visual mathematical problems (e.g., geom-
etry diagrams, algebraic plots, and etc) requires
both strong reasoning ability and accurate inter-
pretation of visual primitives and symbolic con-
tent (Yan et al., 2025; Qiao et al., 2026). Most previ-
ous works are dedicated to improving the reasoning
process, including chain-of-thought strategies (Xu
et al., 2025a; Deng et al., 2024), tool-aided reason-
ing (Trinh et al., 2024; Chen et al., 2023), test time
scaling (Wang et al., 2025b; Hosseini et al., 2024),
and reinforcement learning (Wang et al., 2025a;
Jiang et al., 2025). Several recent works (Guo et al.,
2025; Jia et al., 2024b; Wei et al., 2024) suggest that
one of the major bottlenecks in visual mathematical
reasoning is inaccurate visual comprehension.

Mathematics Evaluation Benchmarks. The use
of LLMs and MLLMs for solving visual mathe-
matical problems has been extensively explored in
several studies (Elhenawy et al., 2024; Wang et al.,
2024c; Yang et al., 2024; Peng et al., 2024). To
better assess the progress of LLMs and MLLMs in
mathematical solving and to drive further improve-
ment, a number of mathematics-specific evalua-
tion benchmarks have been introduced (Liu et al.,
2024c; Satpute et al., 2024; Zhang et al., 2024).
However, many mathematical problems include di-
agrams, which has led researchers to increasingly
focus on developing MLLMs that can effectively
handle both textual and visual content (Gao et al.,
2025b; Li et al., 2024). To provide a more com-
prehensive and in-depth evaluation of MLLMs,
MathVerse (Zhang et al., 2025a) builds upon Math-
Vista, focusing on eliminating textual redundancy

to ensure genuine interpretation of visual diagrams
rather than reliance on textual shortcuts. It also
introduces a Chain-of-Thought (CoT) evaluation
strategy (Wei et al., 2022; Wu et al., 2024) for a de-
tailed assessment of intermediate reasoning steps.
However, our analysis reveals that these benchmark
datasets still have limitations.

3 FlowVerse Benchmark

To validate MLLMs’ capabilities regarding per-
ception and inference, we first propose FlowVerse,
which categorizes problem information into several
key components.

Dataset Composition. FlowVerse comprises 2,000
visual mathematical problems collected from real
exam questions in both Chinese and English, result-
ing in over 12,000 test samples. Detailed statistics
for the dataset composition are presented in Tab. 8
in Appendix §A.3. To guarantee the dataset’s qual-
ity and precision, we conducted a thorough review
to verify the accuracy of the answers and analyses,
as well as to ensure consistency between the ques-
tions and their corresponding diagrams. Notably,
to avoid any confusion, we named the initially col-
lected dataset FlowVerse†, while the subsequent
dataset containing six versions of the problem is
called FlowVerse.

Furthermore, to achieve a comprehensive eval-
uation, this meticulously curated dataset encom-
passes four key components of information flow:
❶ Descriptive Information (DI) , ❷ Essential In-
formation (EI), ❸ Reasoned Property (RP), and
❹ Only Question (OQ). Each of these components
is carefully crafted to provide distinct insights into
the factors that influence the perception capabilities
of MLLMs: DI provides fundamental details about
the composition of figures, referring directly to the
observable and explicitly depicted elements within
a diagram, such as geometric shapes or intersec-
tion points in functions. These descriptions help
establish context and frame the problem. EI refers
to the critical details required for problem-solving,
such as specific values or relationships between
geometric elements (e.g., ∠A = 45◦, AD ⊥ BC).
FlowVerse incorporates information directly from
visual diagrams as part of EI, recognizing that in
visual math problems, much of the essential in-
formation comes from the diagrams. Thus, accu-
rately extracting EI from multiple modalities is
crucial for MLLMs to solve problems effectively.
RP represents information inferred through higher-
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Table 1: Mathematical Evaluation on Six Problem Versions in FlowVerse. DI, EI, RP, OQ refer to the textual or
visual Descriptive Information, Reasoned Property, Essential Information, Only Question, respectively. The Text
Plus Version does not involve image input. “CoT-E” or “Acc” denotes whether to employ the FlowVerse-CoT-E
strategy or not. The highest accuracy for each group of MLLMs is marked in bold. The full table is provided in
Appendix §C.2.

Model
All Text Centric Text Limited Text Plus Vision Dense Vision Centric Vision Primary

DI+RP+EI+OQ RP+EI+OQ DI+RP+EI+OQ EI+OQ RP+EI+OQ RP+EI+OQ

CoT-E Acc CoT-E Acc CoT-E Acc CoT-E Acc CoT-E Acc CoT-E Acc CoT-E Acc

Open-source MLLMs

InfiMM-Math-7B 36.5 28.8 43.8 38.1 40.6 36.7 46.1 40.1 28.8 15.4 39.6 30.3 26.1 23.2
InternVL2.5-8B 44.7 41.0 49.2 41.3 40.5 38.4 49.6 42.7 38.4 20.2 41.0 35.9 35.8 33.9
Qwen2.5-VL-7B 53.8 42.2 60.1 52.8 58.9 51.3 62.0 55.0 45.0 31.0 50.8 46.3 48.1 45.3
VLM-R1-7B† 50.7 41.2 59.0 54.2 57.9 49.8 65.5 58.9 36.2 24.5 46.1 37.8 30.6 26.1
Qwen2-VL-72B 52.3 48.6 59.4 47.3 54.3 45.7 63.7 50.0 40.8 25.3 50.9 42.1 47.6 37.0
InternVL2.5-78B 54.7 50.1 66.1 62.7 64.1 60.3 67.8 64.7 48.7 34.3 63.0 58.8 59.6 57.7
MathFlow⋆

Qwen2.5-VL-7B 57.0 46.0 62.0 53.8 60.8 52.2 64.2 56.0 49.0 39.1 54.5 51.6 52.0 51.5

Math-specialized MLLMs

Math-LLaVA-13B 38.0 29.9 45.1 39.3 44.4 37.4 – – 36.2 18.6 41.7 35.9 37.0 34.2
MultiMath-7B 44.0 34.2 50.6 44.8 49.9 42.9 – – 41.7 22.1 47.2 40.4 39.7 38.8
SVE-Math-Qwen2.5-7B 46.0 39.4 53.1 47.3 53.4 45.8 – – 44.2 28.6 48.9 44.2 45.8 42.0

Closed-source MLLMs

Qwen-VL-Max 43.0 36.3 49.8 42.1 46.7 38.3 53.9 51.0 38.6 15.2 42.7 33.2 29.6 27.8
GPT-4o-mini 51.3 44.5 58.7 54.8 58.2 53.2 59.6 55.2 41.1 26.0 57.4 50.1 49.7 47.6
Claude-3.5-Sonnet 56.9 49.6 60.8 52.6 58.7 50.3 64.0 58.3 45.0 25.4 56.5 48.0 48.1 45.2
GPT-4o 55.1 47.8 61.0 56.8 58.7 54.4 62.2 58.2 45.2 30.0 58.6 52.6 54.1 51.0
GPT-4V 56.2 53.4 69.1 57.1 65.0 55.0 72.0 61.4 48.1 30.3 61.8 46.3 42.0 36.7
Gemini-2.5-pro 62.0 55.3 68.3 61.9 66.1 60.8 68.9 64.1 52.1 37.1 65.7 57.9 57.0 54.6
GPT-5 65.8 60.1 74.3 68.1 73.5 66.7 77.0 69.2 53.8 44.7 67.1 61.7 60.3 57.5
MathFlow⋆

GPT-5 66.5 61.8 74.6 68.5 73.8 67.2 77.0 69.3 58.2 54.1 70.2 66.7 69.4 66.2

level visual abstraction and reasoning combined
with relevant mathematical knowledge. Unlike EI,
RP requires understanding beyond simple visual
perception, as diagrams may not explicitly con-
vey relationships between geometric elements. In
FlowVerse, RP is often not directly present in the
original problem but requires additional human an-
notation. These annotations serve as guiding tips
to assist solvers, enhancing accuracy and enabling
a more comprehensive and fine-grained evaluation
of MLLMs’ capabilities. Thus, RP in FlowVerse
is neither a fixed output nor a mere hint, but a
controlled variable that allows us to independently
examine (1) whether a model can generate RP, (2)
whether it can utilize provided RP, and (3) how
the modality of RP influences performance. This
diagnostic design enables interpretable separation
of visual perception, RP generation, and RP uti-
lization, ensuring that no conceptual conflict arises.
OQ refers to the specific question posed in the text.
Though a small part of the problem, it determines
what needs to be solved, without which the solution
process cannot proceed.

Based on the four categories, expert annotators
systematically remove different types of informa-
tion within questions and progressively incorporate
critical elements into the diagrams. As illustrated
in Fig 2, we generate six versions of each problem
based on four key components of information, re-
sulting in 12,000 test instances. With this curated
problem set, we provide a comprehensive evalua-

tion of the visual perception capabilities of MLLMs
and assess whether these abilities can effectively
support multimodal mathematical reasoning. The
details of each problem version are: ① Text Cen-
tric Version retains all content, including DI, RP,
EI, and OQ. Notably, in this version, we manually
convert all RP and EI components into textual form
to effectively analyze their impact on the final rea-
soning process across different modalities. ② Text
Limited Version removes the DI from the Text Cen-
tric Version while retaining the other components.
③ Text Plus Version excludes the image entirely
from the Text Centric Version, reducing the input
from a multimodal to a purely text-based format.
④ Vision Dense Version removes the RP from the
Text Limited Version. ⑤ Vision Centric Version
converts the EI from text to image, starting with
the Text Limited Version, thereby making it more
visually focused. ⑥ Vision Primary Version further
converts the Reasoned Property from text to image,
based on the Vision Centric Version, resulting in
an entirely visual input for analysis.

Finally, the purpose of incorporating RP among
these variants is not to provide the model with di-
rect reasoning hints, but rather to decouple and
evaluate how different modalities contribute to
problem-solving performance. RP serves as diag-
nostic information rather than a substitute for the
full reasoning chain. In certain variants (e.g., Text
Centric), RP is supplied to assess a model’s pure
inference ability when the necessary intermediate
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1. From the problem, we get ∠AED = 180° - ∠A - ∠ADE = 70°;
2. Since points D and E are the midpoints of AB and AC respectively, DE

is the midline of △ABC;
3. By the midpoint theorem, DE ∥ BC;
4. The alternate interior angles are equal, so ∠C = ∠AED = 70°.

Solving-problem Solution

Additional solution: 1. ∠C = 40° 2. ∠C = 70° 3. ∠C = 70° 4. ∠C = 70°

Multi-step Scoring

Multi-step score: (0+1+1+1)/4 = 0.75
Finally CoT Evaluation Score: 0.75*0.8 +0*0.2 = 0.6

Non-additional solution: ∠C = 40°

Question:

In △ABC, points D and E
are the midpoints of AB
and AC respectively then
the degree of ∠C is ()

Visual math problems

Answer: 70°

Figure 3: The FlowVerse-CoT-E Strategy.

properties are already known. In other variants (e.g.,
Vision Dense), RP is removed or presented visually,
requiring the model to infer these properties from
the diagram itself. Comparing variants enables sys-
tematic decomposition of distinct capabilities.

FlowVerse-CoT-E: Evaluation Strategy. As pre-
viously mentioned, several studies have evaluated
the abilities of MLLMs from a Chain-of-Thought
(CoT) perspective (Wei et al., 2022). However,
these approaches typically rely on GPT or human
intervention to decompose the model’s response
into sequential steps and subsequently evaluate the
correctness of each step. The variability of interme-
diate steps complicates this process, as GPT’s inter-
pretation and decomposition of questions can intro-
duce errors (termed MathVerse-CoT-E), leading to
significant noise and undermining the accuracy and
consistency of subsequent evaluations (Bai et al.,
2023; Dong et al., 2024). To address these chal-
lenges, we propose a robust CoT-based evalu-
ation strategy, termed FlowVerse-CoT-E, which
sequentially integrates components of an authori-
tative problem-solving solution into the prompts.
Specifically, experts first develop an authoritative
problem-solving method for each question in Flow-
Verse and then decompose it into several solution
steps. These steps are progressively incorporated
into the prompts provided to the MLLMs for rea-
soning. As illustrated in Fig. 3, the results gener-
ated by MLLMs under different prompts are ag-
gregated using a weighted approach to derive the
final outcome. Notably, to ensure the robustness of
the evaluation, we provide multiple solutions for
questions that admit more than one valid approach.
The scoring process is formulated as follows:

Scorefinal = α(
1

N

N∑

i=1

Scorei) + (1− α)Score0,

(1)
where α defines as a balancing factor between in-
termediate reasoning steps, setting α = 0.8 by
default to highlight the importance of CoT reason-
ing. Scorei represents the MLLM’s score up to step

Given that DE is the midline of△ABC and DE
∥ BC, by the properties of a triangle's midline,
∠C = ∠AED. It is given that ∠AED = 70°.
Therefore, ∠C also equals 70°.

Inference Model

Perception Model

Text-plus 

Solutions  

Question:

Raw Data

∠AED	=	180° - ∠A	- ∠ADE	=	70°
DE	∥	BC

∠A	=	50	°
∠ADE	=	60°

Raw text

+

Image Raw text

Answer text

Multi-Modal LLM 

Image

Text

Multi-Modal 
LLM/LLM 

Extract

Interpret

Visual 
information

Background QuestionInformation

In △ABC, points D and E
are the midpoints of AB
and AC respectively, then
the degree of ∠C is () Reasoned Property (RP)

Essential Information (EI)

In △ABC, points D and E are the
midpoints of AB and AC respectively,
then the degree of ∠C is ()

Derive

Reason

Figure 4: The Overview of MathFlow Pipeline. To
effectively train MLLMs for problem-solving, we de-
couple MLLMs into two sub-modules: the perception
model and the inference model. The perception model
aims to extract and interpret visual information, convert-
ing it into a form that can be effectively processed. The
inference model uses this extracted information, with
the original question, to reason and derive solutions.

i, while Score0 reflects its score based solely on
the final answer, without intermediate steps.

Key Findings on FlowVerse. As reported in Tab. 1,
our preliminary experiments on FlowVerse bench-
mark highlight the critical importance of robust
perception capabilities in deriving useful properties
from visual mathematical diagrams. Please refer
to §5.2 for more detailed discussions.

4 MathFlow: A Modular Visual
Mathematical Problem-Solving Pipeline

Motivated by the key findings illustrated above,
we aim to enhance the extraction of accurate tex-
tual EI and RP. Hence, we introduce a modular
problem-solving pipeline, MathFlow. The Math-
Flow pipeline consists of two stages to alleviate
the limitations of MLLMs in visual mathematical
problem-solving. In the perception stage, the model
extracts critical information from visual data and
converts it into a text representation, integrating it
with the original problem. This enriched input is
then passed to the inference stage.

A model’s perception and inference capabilities
are inherently distinct, with strong perception being
a prerequisite for accurate inference. Consequently,
we prioritize enhancing the model’s perception abil-
ities to enable precise extraction and interpretation
of visual information, thereby supporting more reli-
able inference. Then, the inference stage can utilize
other state-of-the-art MLLMs/LLMs, allowing the
best inference capabilities to complement the per-
ception improvements brought by MathFlow. This
modular methodology ensures flexibility and ro-
bustness in solving complex visual mathematical
problems. For simplicity, we refer to the model in
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Table 2: Mathematical Evaluation on Six Problem Versions in MathVerse’s testmini Set. The “All" score is
calculated without including the average of the Text Only version. “CoT-E" or “Acc" indicates the use of the
proposed CoT evaluation strategy or not. ⋆ denotes that MathFlow-P-7B functions as the perception model. The
highest accuracy for closed-source and open-source MLLMs is marked in blod and uline respectively.

Model
All Text

Dominant
Text
Lite

Text
Only

Vision
Intensive

Vision
Dominant

Vision
Only

CoT-E Acc CoT-E Acc CoT-E Acc CoT-E Acc CoT-E Acc CoT-E Acc CoT-E Acc

Qwen-VL-Plus 21.3 11.8 26.0 15.7 21.2 11.1 25.2 14.5 18.5 9.0 19.1 13.0 21.8 10.0
Gemini-Pro 35.3 23.5 39.8 26.3 34.7 23.5 44.5 27.3 32.0 23.0 36.8 22.3 33.3 22.2
Qwen-VL-Max 37.2 25.3 42.8 30.7 37.7 26.1 47.9 28.9 33.6 24.1 35.9 24.1 35.9 21.4
GPT-4V 54.4 39.4 63.1 54.7 56.6 41.4 60.3 48.7 51.4 34.9 50.8 34.4 50.3 31.6
MathFlow⋆

GPT-4V 56.7 43.8 65.2 51.1 58.9 46.4 62.1 48.5 53.7 40.3 52.1 37.4 52.5 39.0

SPHINX-MoE 25.8 15.6 33.3 22.2 21.9 16.4 40.7 18.3 21.1 14.8 19.6 12.6 18.3 9.1
InternLM-XC2 25.9 16.5 36.9 22.3 28.3 17.0 42.5 16.5 20.1 15.7 24.4 16.4 19.8 11.0
MAVIS-7B 27.5 - 41.4 - 29.1 - 42.5 - 27.4 - 24.9 - 14.6 -
InfiMM-Math 34.5 - 46.7 - 32.4 - - - 38.1 - 32.4 - 15.8 -
Qwen2-VL-72B 38.9 28.5 49.2 35.4 35.6 27.8 52.1 39.6 38.7 26.4 35.1 28.5 22.5 13.2
MathFlow⋆

Qwen2-VL-72B 40.5 31.7 52.3 39.3 37.7 31.7 55.2 45.5 40.5 30.3 37.2 32.4 24.6 17.1

the perception stage as “perception model” and the
model in the inference stage as “inference model”.

Furthermore, MathFlow’s training strategy is di-
vided into two stages: the multi-task pretraining
stage and the supervised fine-tuning stage. Upon
completion of training, we obtain a fine-tuned
MLLM (MathFlow-P-7B).

Multi-Task Pretraining Stage. The training tasks
in this stage primarily include the EI caption task
and the visual-oriented reasoning task.

On the one hand, the EI caption task aims to
train the perception model to generate textual de-
scriptions of essential elements directly from visual
inputs. For this, we fine-tune a pretrained Qwen2-
VL-7B model (Wang et al., 2024b) by utilizing
datasets like MAVIS (Zhang et al., 2025b) and
Geo170k (Gao et al., 2025a), which contain real or
synthetic visual mathematics image-text pairs.

On the other hand, the visual-oriented reasoning
task is designed to extract higher-level abstractions
and relationships, requiring the model to engage
in abstract reasoning—such as deducing relation-
ships between geometric shapes or identifying in-
tersection points in a function. To support this task,
we developed a training dataset called MathFlow-
RP, sampled from educational materials that in-
clude detailed problem-solving solutions. Details
of MathFlow-RP are presented in Appendix §B.1.
Specifically, we deconstructed each problem’s cor-
responding solution into multiple steps, using the
previous step as context to guide the MLLM in
predicting the next step of the solution.

Finally, we performed mixed training on both
tasks, ensuring that the data ratio between the two
tasks was maintained at 3:1. During this stage, the
LLM backbone is frozen, and training is focused on
the perceiver resampler and vision encoder module

to ensure that the visual components can effectively
extract and process the necessary information.

Supervised Fine-Tuning Stage. In this stage, our
goal is to enhance the model’s response quality and
adapt it more effectively to the current task con-
text. To achieve this, we meticulously developed
a supervised fine-tuning dataset called MathFlow-
SFT, focusing on retaining only specific numerical
values, relationships between geometric elements,
and essential information necessary for defining the
solution space. Details of this process are provided
in Appendix §B.2. During this stage, we freeze
the vision encoder and concentrate on training the
perceiver resampler and LLM backbone. This ap-
proach aims to improve the model’s ability to accu-
rately interpret visual inputs and generate concise
textual representations crucial for problem-solving.

5 Experiments

5.1 Experimental Setup

Datasets. We used both publicly available datasets
and internal data to support training. For the EI
caption task, we began by filtering out images with
excessively high resolutions and those unrelated
to mathematical content. Ultimately, we obtained
650,000 image-text pairs. For the visual-oriented
reasoning task, we first selected 40,000 problems
from our custom question bank that contained de-
tailed solution processes. We then decomposed
each problem’s solution into individual steps and
incorporated them into prompts, resulting in a fi-
nal dataset of 130,000 samples. Please refer to
Appendix §B for more details.

Baselines. We benchmarked MathFlow against
SOTA MLLMs. For open-source models, we com-
pared MathFlow against Qwen-VL-Plus (Bai et al.,
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Table 3: Comparison of model performances across various mathematical subjects on the MathVision dataset.
The highest accuracy for closed-source and open-source MLLMs is marked in bold and uline respectively.
Model Overall Alg AnaG Ari CombGComb Cnt DescG GrphT Log Angle Area Len SolG Stat Topo TransG

Qwen-VL-Plus 10.72 11.3 17.9 14.3 12.7 4.8 10.5 15.4 8.9 14.3 11.6 6.4 10.0 14.3 6.9 8.7 11.31
Qwen-VL-Max 15.59 10.7 19.1 20.0 16.9 12.5 17.9 16.4 12.2 21.0 13.3 14.2 19.8 11.5 20.7 13.0 17.3
Gemini Pro 17.66 15.1 10.7 20.7 20.1 11.9 7.5 20.2 21.1 16.8 19.1 19.0 20.0 14.3 13.8 17.4 20.8
GPT-4Turbo 30.26 37.7 33.3 46.4 25.0 28.6 25.3 15.4 27.8 31.9 30.6 29.0 31.9 28.7 37.9 17.4 23.2
MathFlow⋆

GPT-4V 32.01 43.9 38.7 48.5 28.2 29.0 25.4 17.7 30.6 32.1 32.9 30.7 35.1 31.5 40.0 20.3 26.0

ShareGPT4V-13B 11.88 7.5 15.5 16.4 10.7 8.9 9.0 11.5 8.9 7.6 11.6 13.0 17.4 10.3 8.6 8.7 12.5
SPHINX-MoE 14.18 7.8 17.9 14.3 15.6 9.5 11.9 12.5 15.6 12.6 16.2 15.6 17.8 13.5 12.1 8.7 16.1
InternLM-VL 14.54 9.3 15.5 12.1 15.3 11.3 10.5 14.4 22.2 19.3 19.7 15.6 15.0 11.9 15.5 26.1 15.5
Qwen2-VL-72B 25.90 - - - - - - - - - - - - - - - -
MathFlow⋆

Qwen2-VL-72B 28.14 38.2 36.5 47.5 27.1 23.8 20.6 22.2 21.5 27.6 19.5 24.0 28.3 27.3 33.0 35.0 18.1

2023), Qwen2-VL (Wang et al., 2024b), InfiMM-
Math (Han et al., 2025), InternVL-2.5 (Chen et al.,
2024) and Qwen-VL-Max (Bai et al., 2023). For
close-source models, we included Claude-sonnet-
3.5 (Anthropic, 2024), Gemini1.5-Pro (Team et al.,
2024),SPHINX-MoE (Liu et al., 2024a), InternLM-
XC2 (Dong et al., 2024) and GPT-4V (OpenAI,
2023). For math-specialized model, we included
SVE-Math (Zhang et al., 2025c), MultiMath (Peng
et al., 2024), and MathLlava (Shi et al., 2024).

Implementation Details. All experiments were
conducted in a zero-shot setting to demonstrate the
generalization capabilities of MLLMs in mathemat-
ical reasoning without relying on few-shot prompt-
ing or any additional fine-tuning. By default, we
employ th CoT-based) prompting technique (Wei
et al., 2022), which encourages MLLMs to perform
complete reasoning steps for a fine-grained evalua-
tion. We conduct all experiments on NVIDIA A100
GPUs. During the training of MathFlow, we con-
sistently used DeepSpeed Zero2. In the multi-task
pretraining stage, we adopted a maximum learning
rate of 1e-5. In the supervised fine-tuning stage, we
used a maximum learning rate of 5e-6. Please refer
to Appendix §C.1 for more details.

5.2 Benchmark Results on FlowVerse

Tab. 1 compares several state-of-the-art (SOTA)
MLLMs on FlowVerse benchmark, including both
closed-source and open-source models. Notably, in
FlowVerse—where Reasoned Property (RP) and
Essential Information (EI) information are manu-
ally annotated—MathFlow does not require addi-
tional extraction of these components. Therefore,
we do not include MathFlow in direct comparisons
for FlowVerse. We mainly analyze the performance
by the FlowVerse-CoT-E evaluation and derive the
following key observations:

MLLMs Rely More on Reading text than See-
ing Diagrams. When comparing the Text Centric
and Text Plus versions in FlowVerse, we observe

0 10 20 30 40 50 60
Evaluation Score

Qwen-VL-Max

GPT-4V

InfiMM-Math

Qwen2-VL-72B Based-Answer-E
MathVerse-CoT-E
FlowVerse-CoT-E

Figure 5: Robustness Comparison of Two Different
CoT Evaluation Strategies on FlowVerse†.

that most MLLMs improve in performance when
visual input is removed, such as a +4.3% increase
for Qwen2-VL-72B. Conversely, when comparing
the Text Centric and Text Limited versions, we no-
tice a significant drop in performance, such as a
-4.1% decrease for GPT-4V. These results empha-
size the necessity of both comprehensive textual
descriptions and effective visual encoding for ro-
bust problem-solving in MLLMs. Please refer to
Appendix §C.2 for more results.

MLLMs Significantly Benefit from EI. Incorpo-
rating the EI within diagrams challenges MLLMs
to accurately identify and interpret these critical
components visually during mathematical problem-
solving. The Vision Centric results show a signif-
icant drop in performance for most MLLMs com-
pared to their accuracy in the Text Limited version.
In other words, we conclude that a truly robust
MLLM must effectively extract EI from diagrams
and visual data. This ability to independently com-
prehend and interpret visual elements is crucial for
successfully solving visual mathematical problems,
indicating that enhanced perception capabilities are
a key factor in improving MLLMs’ performance.

MLLMs Significantly Benefit from RP. By re-
moving the RP from the question text, we observe
a significant decline in accuracy (Text Limited Ver-
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Table 4: Performance Comparison of MLLMs on
MathVerse and FlowVerse† Datasets. FlowVerse† in-
dicates the raw version of the dataset. “MathF low∗”
denotes the MathFlow pipeline, whose perception model
is MathFlow-P-7B. The full table is provided in Ap-
pendix §C.2.

Model MathVerse FlowVerse†

Qwen2-VL-72B 38.9 52.3
InternVL-2.5-78B 43.2 54.7
GPT-4V 54.4 56.2
Claude-sonnet-3.5 57.4 64.0
Gemini 2.5-pro 59.9 68.9

MathFlow⋆
Qwen2-VL-72B 48.1 58.3

MathFlow⋆
GPT-4V 56.7 59.3

MathFlow⋆
InternVL-2.5-78B 56.8 60.1

MathFlow⋆
Claude-sonnet-3.5 60.8 68.1

MathFlow⋆
Gemini 2.5-pro 62.4 70.4

Table 5: Structured caption quality evaluation.
MathFlow-P-7B achieves superior performance in ex-
tracting both visual elements (EI) and their relationships
(RP) from diagrams.

Model EI (F1) RP (F1)

GPT-4o-mini 84.4% 65.3%
GPT-4o 87.7% 70.1%
Claude-sonnet 89.1% 72.8%
MathFlow-P-7B 97.2% 85.6%

sion vs Vision Dense Version) for most MLLMs,
particularly in open-source models. This indicates
that RP contains many inferred relationships that
are essential for guiding the reasoning process and
enhancing the overall problem-solving capabili-
ties of MLLMs. Furthermore, when we convert
RP from the text modality to the image modality,
the performance of most MLLMs decreases sub-
stantially. This not only reinforces the observation
that MLLMs rely more on reading text than inter-
preting diagrams but also highlights that MLLMs
significantly benefit from the inclusion of RP.

The FlowVerse-CoT-E Strategy Shows More
Robust. In Fig. 5, we compare two different
CoT evaluation strategies: MathVerse-CoT-E and
FlowVerse-CoT-E. Specifically, we evaluated them
using both MathVerse-CoT-E and FlowVerse-CoT-
E methods on FlowVerse† dataset, repeating 5
times. The results show that while MathVerse-CoT-
E can demonstrate the effectiveness of fine-grained
assessment, its evaluation lacks robustness due to
its reliance on GPT to perform key-step extraction
on MLLM responses, followed by multi-step scor-
ing. In contrast, FlowVerse-CoT-E uses manually
deconstructed steps, resulting in more accurate and
robust evaluations.

MathFlow *
DeepSeek-r1

MathFlow *
DeepSeek-V3

MathFlow *
GPT4-V

MathFlow *
Qwen2-VL-72B

GPT4-V Qwen2-VL-72B
0

200

400

600

800

Visual Perception Error
Reasoning Error
Knowledge Error

Figure 6: Comparison of Error Distributions Across
Models on FlowVerse†.

5.3 MathFlow Analysis

Overall Performance. Tabs. 1-3 show the per-
formance of MLLMs on FlowVerse and Math-
Verse’s testmini set. MathFlow achieves the high-
est overall accuracy outperforming other mod-
els like GPT-4V. In terms of CoT-based evalua-
tion (CoT-E), MathFlow⋆

GPT-5 also demonstrates
consistent superiority. On the other hand, Tab. 4
shows the performance comparison of MLLMs
on the FlowVerse† and MathVerse datasets, where
FlowVerse† refers to the raw, unmodified version
of FlowVerse. Notably, MathFlow⋆

GPT-5 achieves
the highest accuracy across both datasets. Further-
more, MathFlow⋆

GPT-V leads among closed-source
models in arithmetic (Ari), logical reasoning (Log),
and geometry (Angle), showing its strength in di-
verse mathematical domains. These results not only
highlight MathFlow’s adaptability but also under-
score the critical role of perception capabilities. Fur-
thermore, we also evaluate MathFlow⋆

Qwen2.5-VL-7B
against a set of math-specialized MLLMs on Tab. 1,
MathFlow-P-7B consistently outperforms these
baselines across all six problem versions, demon-
strating its superior adaptability to diverse multi-
modal inputs. We attribute these gains to its explicit
decoupling of the perception and inference stages,
which particularly ensures accurate perception.

Error Analysis. Fig. 6 categorizes errors types
into three types. Experts annotated the responses
of multiple models on FlowVerse† to identify these
error types. We observe that MathFlow⋆ not only
shows an overall reduction in error rate compared
to the corresponding base model but also exhibits
a decrease in visual perception errors. Moreover,
even with MathFlow⋆

DeepSeek-r1, a significant num-
ber of perception errors still occur, underscoring
our assertion that perception capability is crucial.

Structured Caption Evaluation We evaluate the
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Table 6: Ablation Analysis of MathFlow on
FlowVerse†. Bold numbers indicate the best perfor-
mance. The full table is provided in Appendix §C.2.

Perception Model
for EI

Perception Model
for RP

Inference
Model

COT-E
(%)

Qwen2-VL-2B GPT-4V GPT-4V 49.0
Qwen2-VL-7B GPT-4V GPT-4V 53.3
InternVL2.5-8B GPT-4V GPT-4V 53.8
Qwen2.5-VL-7B GPT-4V GPT-4V 53.9
MathFlow-P-7B GPT-4V GPT-4V 58.9

GPT-4V Qwen2-VL-2B GPT-4V 49.8
GPT-4V Qwen2-VL-7B GPT-4V 52.9
GPT-4V MathFlow-P-7B GPT-4V 57.3

GPT-4V GPT-4V GPT-4V 56.2
MathFlow-P-7B MathFlow-P-7B GPT-4V 59.3
MathFlow-P-7B MathFlow-P-7B GPT-4o 69.6
MathFlow-P-7B MathFlow-P-7B Gemini 2.5-pro 70.4
MathFlow-P-7B MathFlow-P-7B DeepSeek-v3 73.4
MathFlow-P-7B MathFlow-P-7B DeepSeek-r1 75.6

quality of visual captioning by assessing how ac-
curately models extract essential elements and
their relationships from mathematical diagrams.
We adopt the Structured F1 metric, which quanti-
fies alignment between predicted and ground-truth
structured outputs. For each diagram, we decom-
pose the caption into two sets: Essential Informa-
tion (EI), such as geometric primitives (e.g., points,
lines, circles, and labeled symbols), and Reasoned
Properties (RP), which represent higher-order re-
lationships between elements Each predicted EI
or RP tuple is matched against human-annotated
ground truth using exact set match. The precision,
recall, and F1 are computed as:

Precision =
|Prediction ∩ GroundTruth|

|Prediction| , (2)

Recall =
|Prediction ∩ GroundTruth|

|GroundTruth| , (3)

F1 =
2 · Precision · Recall
Precision + Recall

. (4)

This evaluation is conducted on a curated subset
of FlowVerse where high-quality human annota-
tions are available. As shown in Tab. 5, MathFlow-
P-7B significantly outperforms general-purpose
baselines in both aspects. It achieves a Struc-
tured F1 of 97.2% on EI extraction, demonstrating
highly accurate detection of core visual entities,
and 85.6% on RP prediction, indicating strong abil-
ity to capture inter-element structural reasoning.

5.4 Ablation Studies
Ablation Analysis of EI and RP. Tab. 6
presents the ablation analysis of MathFlow on the

Table 7: Performance comparison of various models
trained with MathFlow as the perception model.
Model mPLUG-Doc Qwen InternVL mPLUG-Doc⋆ MathFlow-P-7B

GPT-4o 47.8 58.7 59.1 62.1 69.6
DS-R1 59.3 67.8 68.6 70.2 75.6

FlowVerse† dataset, examining the contributions
of different perception models for EI and RP, as
well as the impact of varying inference models. The
analysis demonstrates that when GPT-4V is used
as the inference model, MathFlow consistently out-
performs other configurations . Furthermore, we
found that substituting other state-of-the-art LLMs
as inference models yielded even higher perfor-
mance, with MathFlow⋆

DeepSeek-r1 reaching its peak
performance.

Ablation Analysis of Perception Model. We fur-
ther compare more models trained with Math-
Flow as the perception model in Tab. 7, and
the MathFlow-trained variant mPLUG-Doc⋆—in
which the EI and RP perception modules share a
common backbone but differ in inference model. In
all cases, these models underperformed MathFlow-
P-7B, underscoring the efficacy and robustness of
the MathFlow pipeline. This remarkable effective-
ness of MathFlow stems from its explicit separa-
tion of perception and inference, allowing for in-
dependent optimization of the perception model
and resulting in more accurate visual feature ex-
traction. By converting complex visual informa-
tion into textual representations that are readily
Consumable by inference models, MathFlow sig-
nificantly enhances the reasoning capabilities of
various LLMs/MLLMs.

Notably, we emphasize that MathFlow enables
state-of-the-art LLMs to solve visual mathemat-
ical problems without any additional training,
effectively extending their capabilities beyond pure
language processing to visual mathematical reason-
ing. Please refer to Appendix §C for more analysis.

6 Conclusion

We introduce FlowVerse benchmark to investigate
the bottlenecks of MLLMs in visual mathemati-
cal problem-solving, which reveals the limitations
in current MLLMs’ ability to accurately perceive
and process visual information. Motivated by these
findings, we propose MathFlow, which decouples
the problem-solving pipeline into perception and
inference stages. Given the poor perception per-
formance, we developed MathFlow-P-7B using a
two-stage training strategy.
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Limitations

In FlowVerse, we initially categorized the collected
mathematical problems based on subjects and sub-
fields that reflect varying degrees of multimodal
content. These classification methods enable a com-
prehensive evaluation of MLLM capabilities across
different dimensions. However, an additional cat-
egorization by difficulty level—similar to the ap-
proach used in datasets like MATH (Hendrycks
et al., 2021) and WeMath (Qiao et al., 2025), where
problems are sorted by complexity—would provide
deeper insights into model performance. This extra
layer of differentiation could significantly enhance
the model’s assessment, and we plan to explore this
in our future work.

Furthermore, the issues with FlowVerse primar-
ily stem from the fact that they are mainly available
in English and Chinese. This limitation restricts the
model’s applicability to a wider range of languages.
By expanding the dataset to include a greater di-
versity of languages, we could enhance the multi-
lingual capabilities of MLLMs and create bench-
marks that are more inclusive for users who speak
languages other than English and Chinese.
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A Additional Details of FlowVerse

A.1 Data Curation

Data Collection. We comprehensively collect vi-
sual math problems from internal data1,2. Specifi-
cally, we focused on collecting problems related to
plane geometry, functions, and algebra. To further
enhance the diversity of the dataset, we introduced
additional subcategories within each main category,
capturing more nuanced types of problems. After
the initial collection, we compiled approximately
2,000 visual math problems.

Data Categorization and Review. Initially, hu-
man annotators categorized the collected problems
into three main subjects: plane geometry, solid ge-
ometry, and functions. Within each subject, the
problems were further subdivided into twelve fine-
grained categories. Subsequently, we meticulously
reviewed the dataset, manually correcting problems
with incorrect answers and discarding those that
contained multiple diagrams, visual solutions, or
had content overly similar to other problems. Af-
ter this careful curation, we preserved 2,000 high-
quality math problems with paired diagrams for
FlowVerse, covering a wide range of subjects and
subfields. Notably, to ensure the quality and rich-
ness of the dataset, we excluded problems with
minimal Descriptive Information (DI) during the
dataset creation process. Notably, to facilitate eval-
uation, all proof-based questions have been refor-

Table 8: Statistics of FlowVerse.
Statistic Number

Total Questions 2000
- Subjects/subfields 3/15
- Multiple-choice questions 848 (62.4%)
- Free-form questions 1,152 (37.6%)
- Questions with solutions 2,000 (100%)

Multiple-choice question
- Proportion of answer A 171 (20.2%)
- Proportion of answer B 257 (30.3%)
- Proportion of answer C 198 (23.3%)
- Proportion of answer D 200 (23.6%)
- Proportion of answer E&F 22 (2.6%)

Number of unique images 1,906 (95.3%)
Number of unique questions 2,000 (100%)
Number of unique answers 561 (28.1%)

Number of English questions 400 (20%)
Number of Chinese questions 1600 (80%)

Maximum question length 769
Maximum answer length 351
Average question length 104.1
Average answer length 9.9

mulated into a question-and-answer format, ensur-
ing consistency and comparability across different
problem types.

Transformation of Problem Versions. Given the
four distinct types of information embedded within
the questions, human annotators meticulously trans-
form each problem into six different versions, as
detailed in Sec. 3.1 of the main paper. For this
purpose, we utilize NetPad3 to annotate diagrams
for the Text Dominant, Vision Centric, and Vision
Primary versions.

For the Text Centric version, as depicted in
Fig. 7, where the raw data presents both EI and RP
fully within the diagrams, we selectively remove
portions of this information from the diagrams and
integrate them into the text. This approach empha-
sizes the textual representation of the key elements.

In the Vision Centric version, NetPad is em-
ployed to translate EI from text into a visual rep-
resentation, while the corresponding textual infor-
mation is removed from the Text Centric version.
This transformation aims to shift the balance of
information representation towards visual content.

For the Vision Primary version, NetPad is further
utilized to convert RP from text into visual form
based on the Vision Centric version, ultimately cre-
ating a version in which all pertinent information
is conveyed solely through diagrams.

980



Raw Data

Question:

In △ABC, points D and E are
midpoints of AB and AC
respectively. In the �igure,
∠A=50°, ∠ADE=50°. ∠AED=70°,
DE||BC. then the degree of ∠C is ()

Text Centric

Delete 50°

Question:

In △ABC, points D and E are
the midpoints of AB and AC
respectively. then the degree
of ∠C is ()

Question:

The two lines 𝑙1 and 𝑙2
intersect at point 𝑃. Beyond
point 𝑃, 𝑙1 > 𝑙2 . The solution

set for inequality 𝑥+1≥𝑚𝑥+𝑛
with respect to 𝑥 is:

Question:

The two lines 𝑙1 and 𝑙2 intersect
at point 𝑃. Beyond point 𝑃, 𝑙1 >

𝑙2 . P(1,2). (1+1) = (m+n). The
solution set for the inequality
𝑥+1≥𝑚𝑥+𝑛with respect to 𝑥 is:

Delete 1

Delete 60°

Delete 2

Question:

In △ABC, points D and E are
midpoints of AB and AC
∠ AED=70°, DE||BC. then the
degree of ∠C is ()

Vision Centric

Question:

The two lines 𝑙1 and 𝑙2 intersect
at point 𝑃. Beyond point 𝑃, 𝑙1 >

𝑙2 .(1+1) = (m+n). The solution
set for the inequality
𝑥+1≥𝑚𝑥+𝑛with respect to 𝑥 is:

Question:

In △ABC, points D and E are
midpoints of AB and AC
respectively. then the degree of
∠C is ()

Text Primary

Question:

The two lines 𝑙1 and 𝑙2 intersect
at point 𝑃. Beyond point 𝑃, 𝑙1 >

𝑙2 . P(1,2). (1+1) = (m+n). The
solution set for the inequality
𝑥+1≥𝑚𝑥+𝑛with respect to 𝑥 is:

Convert EI
to diagram

Convert EI to diagram Convert RP
to diagram

∠AED=70°,
DE||BC

(1+1) = (m+n)

Convert RP
to diagram

Figure 7: Manual Modification for EI in FlowVerse. For the original problems shown, we transfer some of the EI
from diagrams to question texts (highlighted in green) to mark the Vision Centric version.

Table 9: Length of Different Problem Versions in
FlowVerse.

Problem Version Character

Text Centric & Text Plus
- Maximum question length 962
- Maximum answer length 351
- Average question length 153.3
- Average answer length 9.9

Text Limited
- Maximum question length 937
- Maximum answer length 351
- Average question length 123.9
- Average answer length 9.9

Vision Dense
- Maximum question length 688
- Maximum answer length 351
- Average question length 74.7
- Average answer length 9.9

Vision Centric
- Maximum question length 571
- Maximum answer length 351
- Average question length 75.8
- Average answer length 9.9

A.2 Subject and Subfield Definition

Plane Geometry. This foundational area studies
the properties and relationships of points, lines, and
surfaces within a two-dimensional plane. It covers
key concepts such as circles, triangles, parallelo-
grams, and parallel lines, providing a comprehen-
sive context to evaluate the spatial reasoning and
logical deduction abilities of MLLMs. Furthermore,
expert annotators have categorized the problems
into twelve fine-grained categories, as illustrated in

Fig. 8, highlighting various dimensions of visual
mathematical skills.

• Circles. This subfield involves understand-
ing properties and relationships associated
with circles, such as radius, diameter, tangents,
arcs, chords, and inscribed angles. Evaluating
MLLMs in this area tests their ability to com-
prehend and reason about the unique attributes
and properties that define circular geometry.

• Triangles. This category examines vari-
ous properties of triangles, including side
lengths, angles, congruence, similarity, and
the Pythagorean theorem. Assessing models
of learning and language (MLLMs) on trian-
gles helps evaluate their understanding of fun-
damental geometric principles and their abil-
ity to solve problems involving different types
of triangles, such as equilateral, isosceles, and
scalene triangles.

• Parallelograms. This subfield focuses on un-
derstanding the properties of parallelograms.
It covers the relationships between opposite
sides and angles, the concept that the diago-
nals bisect each other, and specific types of
parallelograms such as rectangles, rhombuses,
and squares. It also tests the understanding of
the characteristics that define and differentiate
these shapes.
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Figure 8: Subject Distribution of FlowVerse.

• Parallel Lines. This subfield focuses on the
study of parallel lines, especially the an-
gles created when they are intersected by a
transversal. Key angles to examine include
alternate interior angles and corresponding an-
gles. It is essential to evaluate the ability of
MLLMs to apply these properties in order to
solve complex geometric problems.

• Similarity of Figures. This area examines the
criteria for similarity between geometric fig-
ures, such as side ratios and corresponding
angles. It requires MLLMs to apply propor-
tional reasoning and recognize conditions un-
der which two figures are similar, testing their
understanding of geometric relationships in a
broader context.

• Primary Geometry. This subfield deals with
fundamental concepts such as points, lines,
and basic shapes. It lays the foundation for
understanding more complex geometrical re-
lationships, testing MLLMs’ ability to grasp
and reason with the basic building blocks of
geometry.

Functions. This encompasses analyzing mathemat-
ical relationships between variables, ranging from
simple evaluations of function values to more com-
plex tasks like examining different function types
and their behaviors. We assess MLLMs’ capabili-
ties using four categories of function problems.

• Inverse Proportional Functions: This cat-
egory involves functions where the product
of two variables remains constant. Evaluat-
ing MLLMs on inverse proportional functions
helps assess their understanding of non-linear
relationships and their ability to apply these
principles in problem-solving.

• Quadratic Functions: Problems in this cat-
egory include analyzing the properties of
quadratic equations, such as identifying the
vertex, roots, axis of symmetry, and the impact
of changing coefficients. MLLMs are tested
on their ability to understand and manipulate
quadratic expressions to solve for function be-
havior.

• Linear Functions: Linear functions represent
relationships with a constant rate of change.
This category focuses on understanding slope
and y-intercept and interpreting graphical rep-
resentations of linear equations, which are es-
sential for evaluating MLLMs’ grasp of fun-
damental linear relationships.

• Coordinate Systems and Functions: This
subfield deals with understanding how func-
tions are represented within coordinate planes,
including plotting points, interpreting graphs,
and understanding shifts and transformations
of basic functions. It assesses MLLMs’ skills
in translating functional relationships into vi-
sual formats.
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• Trigonometric Functions: Problems in this
category involve understanding trigonometric
relationships, such as sine, cosine, and tangent,
and their applications to solve problems in-
volving angles and periodic phenomena. Eval-
uating MLLMs on these functions helps gauge
their understanding of trigonometric concepts
and their application in different scenarios.

Algebra. encompasses a wide range of topics that
focus on understanding mathematical relationships
through symbols and expressions. It involves solv-
ing problems related to probability, data analysis,
equations, and numerical expressions. We evalu-
ate MLLMs’ skills using four distinct categories
within algebra:

• Probability: This category covers fundamen-
tal probability concepts, including calculating
the likelihood of events, understanding ran-
dom experiments, and applying basic proba-
bility laws. It assesses MLLMs’ ability to han-
dle uncertainty and predict outcomes based
on given conditions.

• Data Analysis: Problems in this category in-
volve interpreting and analyzing data sets, in-
cluding calculating measures such as mean,
median, mode, and range, and understanding
data representations like charts and graphs.
Evaluating MLLMs in this area tests their
ability to draw meaningful conclusions from
quantitative data.

• Equations and Inequalities: This subfield
includes solving linear and non-linear equa-
tions, as well as inequalities involving one
or more variables. MLLMs are evaluated on
their ability to manipulate and solve algebraic
expressions and apply them to real-world sce-
narios.

• Numbers and Expressions: This category
deals with understanding numerical proper-
ties, simplifying algebraic expressions, and
performing arithmetic operations. It tests
MLLMs’ grasp of numerical relationships and
their ability to work with algebraic symbols
effectively.

A.3 Detailed Statistics of FlowVerse

More Data Statistics. In Tab. 8, we present a de-
tailed breakdown of the FlowVerse dataset. It is

important to note that all problems in FlowVerse
are sourced from internet data rather than other
datasets, and each question is annotated manually.
Additionally, our evaluation aims to effectively
showcase the reasoning capabilities of MLLMs
with moderate-level mathematical knowledge with-
out restricting their performance through overly
complex domain-specific theorems or extensive
commonsense knowledge. Consequently, we focus
on problems at the high school level, deliberately
excluding advanced college-level topics such as
calculus and graph theory.

Problem Length Variance. In Tab. 9, we present
the variations in question and answer lengths across
five versions of problems in FlowVerse, excluding
the Vision Primary category, as it contains only
the “Only Question" component. By removing pre-
defined components such as Descriptive Informa-
tion (DI), Reasoned Property (RP), and Essential In-
formation (EI), the maximum and average lengths
of questions decrease progressively, whereas the
answer lengths remain unaffected. Fig. 9 visualizes
the character-level variation in question length for
four problem versions: Text Centric (blue), Text
Limited (green), Vision Centric (red), and Vision
Dense (yellow). As DI, EI, and RP are sequentially
omitted from the Text Centric version, we observe
a clear downward trend in both the distribution of
questions lengths and their average values.

A.4 Details of FlowVerse CoT Evaluation

Prompt Design for Response Generation. We
employ two distinct types of prompts for free-form
and multiple-choice questions, respectively, as per
the guidelines established by MathVerse (Zhang
et al., 2025a), which are detailed in Tab. 10. To
effectively elicit the Chain-of-Thought (CoT) rea-
soning capabilities of MLLMs, we also incorporate
the phrase “first conduct reasoning” to encourage
a more structured and logical approach to problem-
solving.

Prompt for CoT Evaluation. As discussed ear-
lier, our proposed Chain-of-Thought evaluation,
termed FlowVerse-CoT-E, is specifically designed
to assess the reasoning depth and perceptual accu-
racy of MLLMs in visual mathematics problems.
FlowVerse-CoT-E utilizes a structured prompt that
guides the model step-by-step through the problem-
solving process, ensuring a more transparent eval-
uation of the model’s ability to logically infer and
connect various aspects of the problem. This eval-
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Figure 9: Distribution of Question Length for Four Problem Versions. We present the distribution of question
length for the four problem versions, with the horizontal axis representing question length in characters and the
vertical axis depicting the corresponding probability distribution.

Figure 10: Visualization of Different Error Type
across Different Versions using GPT-4 on FlowVerse.
The horizontal axis represents different problem ver-
sions, while the vertical axis indicates the error types.
The radius of each bubble corresponds to the number
of visual perception errors, with smaller radii indicating
fewer visual perception errors.

uation mechanism distinguishes between different
reasoning paths taken by the model, thereby pro-
viding a nuanced understanding of its intermediate
problem-solving capabilities, as shown in Tab. 11.

Error Analysis of GPT-4 on FlowVerse. Fig. 10
illustrates GPT-4V’s Knowledge Error, Reasoning
Error, and Visual Perception Error across different
versions of problem representations. The Text Plus
version demonstrates the lowest Knowledge and
Reasoning Errors, along with a smaller Visual Per-
ception Error, as indicated by its relatively small
bubble radius. This makes it the most effective ap-
proach for minimizing overall errors. In contrast,
the Vision Centric, Vision Only, and Vision Dense
versions show significantly higher Reasoning and
Knowledge Errors, accompanied by the largest bub-
ble radii, indicating substantial Visual Perception

Error. This suggests that an over-reliance on vi-
sual information increases the complexity of both
perception and reasoning. The Text Centric and
Text Limited versions fall in between, exhibiting
moderate error rates and bubble sizes, which im-
plies a slight increase in perception difficulty as the
representation shifts away from textual informa-
tion. Overall, the analysis highlights that enriched
textual representation, such as in the Text Plus ver-
sion, is crucial for achieving optimal performance
in minimizing Knowledge, Reasoning, and Visual
Perception errors, underscoring the importance of
a balanced information representation for effective
problem-solving. In conclusion, the result further
confirms that the limited capabilities of prior meth-
ods to extract information during the perception
stage restrict the overall problem-solving perfor-
mance, which also guides us in the development of
the modular problem-solving pipeline, MathFlow.

A.5 Qualitative Examples

Figs. 11-13 illustrate the differences across six ver-
sions of problem representations: Text Centric, Text
Limited, Text Plus, Vision Centric, Vision Inten-
sive, and Vision Primary. Each version provides a
distinct balance between textual and visual infor-
mation, thereby influencing the accessibility and
interpretability of the problem.

The Text Centric version includes detailed de-
scriptive information along with key reasoning
steps in the text, while the Text Limited version
reduces some descriptive elements to focus on core
content. The Text Plus version enriches this further
with added visual context for better comprehension.
On the other hand, the Vision Centric and Vision
Dense versions emphasize visual elements by grad-
ually minimizing textual information, whereas the
Vision Primary version conveys almost all the in-
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The straight line 𝐸𝐹 ∥

𝐺𝐻, point 𝐴 is on 𝐸𝐹 , and

𝐴𝐶 intersects 𝐺𝐻 at point 𝐵 .

Given ∠𝐸𝐴𝐵 = 110°, ∠𝐶 =

60°, and point 𝐷 is on 𝐺𝐻 .

∠CBG=∠EAB，∠CBG=110°，
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∠ BDC=180°-∠C-∠CBD. F ind

the measure of ( ∠𝐵𝐷𝐶 ).
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the measure of ( ∠𝐵𝐷𝐶 ).

𝐸𝐹 ∥

𝐺𝐻, point 𝐴 is on 𝐸𝐹 , and

𝐴𝐶 intersects 𝐺𝐻 at point 𝐵 .

Given ∠𝐸𝐴𝐵 = 110°, ∠𝐶 =

60°, and point 𝐷 is on 𝐺𝐻 .

F ind

the measure of ( ∠𝐵𝐷𝐶 ).

∠CBG=∠EAB，∠CBG=110°，

∠ CBD=180°-∠CBG=70° ，

∠ BDC=180°-∠C-∠CBD. F ind

the measure of ( ∠𝐵𝐷𝐶 ).
Find the measure of ( ∠𝐵𝐷𝐶 ).

∠CBG=∠EAB，
∠CBG=110°，
∠CBD=180°-∠CBG=70°，

∠BDC=180°-
∠C-∠CBD

Figure 11: Comparison of Six Problem Versions in FlowVerse.
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班长对捐款情况进行了统计 ，

并绘制成了统计图 ．根据统计

图可知。6人捐款 10元，13人

捐款20元，20人捐款30元，8

人捐款50元，3人捐款100元。

捐款超过30元的有8+3=11(人)

捐款总数为 6×10 + 13×20 +

20×30 + 8×50 + 3×100 =

1620(元).则下列说法中，不正

确的是（）

choices: A. "'捐款30元的是20

人’”, B. "'有3人捐款100元’”, C.

"'捐款总数为1620元’”, D."'有半

数的人捐款超过 30元'"
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班长对捐款情况进行了统计 ，

并绘制成了统计图 ．根据统计

图可知。6人捐款 10元，13人

捐款20元，20人捐款30元，8

人捐款50元，3人捐款100元。

捐款超过30元的有8+3=11(人)

捐款总数为 6×10 + 13×20 +
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6人捐款10元，13人

捐款20元，20人捐款30元，8

人捐款50元，3人捐款100元。

则下列说

法中，不正确的是（）

choices: A. "'捐款30元的是20

人’”, B. "'有3人捐款100元’”, C.

"'捐款总数为1620元’”, D."'有半

数的人捐款超过 30元'"

捐款超过 30元的有8+3=11(人)

捐款总数为 6×10 + 13×20 +

20×30 + 8×50 + 3×100 =

1620(元).则下列说法中，不正

确的是（）

choices: A. "'捐款30元的是20

人’”, B. "'有3人捐款100元’”, C.

"'捐款总数为1620元’”, D."'有半

数的人捐款超过30元'"

则下列说法中 ，

不正确的是（）

choices: A. "'捐款30元的是20

人’”, B. "'有3人捐款100元’”, C.

"'捐款总数为1620元’”, D."'有半

数的人捐款超过30元'"

捐款总数为 6×10 + 13×20 +
20×30 + 8×50 + 3×100 = 1620(元).

Figure 12: Comparison of Six Problem Versions in FlowVerse.

Table 10: Input Prompt of MLLMs for Response Generation.
Question Prompt

Free-form Question

Please first conduct reasoning, and then answer the question and
provide the final value, e.g., 1, 2.5, 300, at the end.
– Question: {question}

Multiple-choice Question

Please first conduct reasoning, and then answer the question and
provide the correct option letter, e.g., A, B, C, D, at the end.
– Question: {question}

Table 11: Configuration for the FlowVerse-CoT-E.
Input Prompt

Question & Sequence of Solutions

You will be provided with a visual mathematics problem along with
a detailed solution procedure. Your task is to solve the problem by
utilizing the provided solution steps as guidance.
Here are examples:
– Question: XXX
– Solution: 1. XXX 2. XXX 3. XXX
– Final Solution: XXX
Here is what you need to solve:
– Question: {question}
– Solution: {solution}
– Final Solution:

formation through diagrams with minimal textual
support.

These examples highlight the impact of informa-
tion representation on the model’s ability to com-

prehend and solve problems, demonstrating how
variations in text and visual content can influence
both perception and reasoning capabilities.
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A and B as centers, draw

circles with a radius of 1 unit

length. Points A and B are on

the graph of the inverse

proportional function.

Therefore,
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�igure is

Point A

and point B are symmetric

with respect to the origin.

Circles A and B are also
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origin. The sum of the areas of

the two shaded regions equals

the area of a circle. Therefore,

the sum of the areas of the

two shaded regions in the

�igure is

Point A and point B are symmetric with
respect to the origin. Circles A and B are
also symmetric with respect to the origin.
The sum of the areas of the two shaded
regions equals the area of a circle

Figure 13: Comparison of Six Problem Versions in FlowVerse.

B Additional Details of Training Dataset

B.1 Details of MathFlow-RP

As mentioned in Sec.3.2, We designed MathFlow-
RP to enhance the reasoned property of MathFlow
during the multi-task pretraining stage for the RP
caption task, which focuses on extracting higher-
level abstractions and relationships, requiring the
model to engage in abstract reasoning—such as
deducing relationships between geometric shapes
or identifying intersection points in a function.

Data Collection. As previously described, the
MathFlow-RP dataset is meticulously curated to
enhance the model’s response quality and adapt it
more effectively to the current task context. This
dataset consists of 40,000 questions, each accompa-
nied by a detailed solution, thus providing a robust
foundation for enhancing the model’s capability to
comprehend complex visual mathematical reason-
ing.

Data Annotation and Filtering. Specifically, as
illustrated in Fig. 15, Qwen2.5-72B (Team, 2024)
is employed to extract the key steps from these
solutions, given the prohibitive cost of utilizing
GPT-4 for the extraction across such a large dataset.
As a result, we were able to compile a total of
13,000 annotated instances, which serve as the core
training data for enhancing the model’s problem-
solving capabilities. Notably, since some problems
involve multiple questions, we divide them into
different instances for clarity.

Visual Perception
Error

Question:

Answer: 1

To �ind the area of the shaded region in the square ABCD, We �irst note that

the square has a side length of 2. The area of the entire square is therefore

(22= 4) square units. The line through O (the center of the square) that

intersects AD and BC at points E and F respectively, divides the square into

four triangles of equal area. Since O is the midpoint of the diagonals AC and

BD, and the diagonals bisect each other, each triangle has an area of 1/4 of

the total area of the square. The shaded region consists of two of these

triangles, speci�ically triangles AOE and COF. Therefore, the area of the

shaded region is 2*(1/4 * 4) = 2. Thus, the correct answer is: 2

As shown in the �igure, the
diagonals of square ABCD with
side length 2 intersect at point
O. The line passing through
point O intersects sides AD
and BC at points E and F
respectively. The area of the
shaded region is ()

To �ind the area of the shaded region in the square ABCD, we �irst note that

the square has a side length of 2. The area of the square is therefore (22= 4).

The diagonals of the square intersect at point O and divide the square into

four equal triangles. The line through O that intersects AD at E and BC at F

divides two of these triangles (AOD and BOC) further. Given that triangles

DEO and BFO are congruent (ASA), the line EF effectively divides the square

into symmetrical parts. The shaded area consists of two of these congruent

triangles, DEO and CFO, The shaded region corresponds to the area of

triangle BOC. Since the total area of the square is 4, and it is symmetrically

divided into four triangles by the diagonals, each triangle has an area of 4/4

= 1. Therefore, the area of the shaded region is 1

+

Figure 14: Problem-solving Comparison of
MathFlow⋆

GPT-4V and GPT-4V. The results indicate
that MathFlow-P-7B demonstrates significantly better
capability in understanding and addressing complex
mathematical problems, showcasing more effective
perception and inference abilities compared to GPT-4V.

Training Strategy. Building on this approach, the
extracted solution steps are sequentially appended
to the original question, enabling the model to pre-
dict the subsequent solution step based on the cu-
mulative information. This iterative process facili-
tates a chain-of-thought reasoning mechanism by
progressively integrating previous steps into the
prompt, allowing the model to incrementally build
upon earlier conclusions. Specifically, each step
in the solution is derived using pertinent proper-
ties, such as congruent triangles or properties of
parallel lines, ensuring that every next prediction
is grounded in logical progression. By extracting,
labeling, and integrating key steps, the model is
trained to emulate human-like deductive reasoning,
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ultimately enhancing its problem-solving accuracy
for complex visual mathematical tasks.

B.2 Details of MathFlow-SFT
As mentioned in Sec. 4, the MathFlow-SFT (Super-
vised Fine-Tuning) dataset is meticulously curated
to enhance the model’s response quality and adapt
it more effectively to the current task context during
the supervised fine-tuning stage of MathFlow. The
dataset focuses on extracting and refining the key
visual and textual elements necessary for accurate
mathematical reasoning, with specific emphasis on
retaining only the essential information to clearly
define solution steps.

Data Collection. The MathFlow-SFT dataset sam-
ples visual mathematical problems with detailed so-
lutions, which are sourced from diverse educational
resources, including textbooks, standardized exam
questions, and synthetic problems specifically de-
signed for visual challenges. Also, MathFlow-SFT
is collected to ensure coverage across different
types of mathematical reasoning, such as plane
geometry, algebra, and trigonometry, to provide a
comprehensive training base.

Annotation of Key Elements. To ensure that
the model effectively perceives and interprets dia-
grams, as Fig. 16 shows, we manually annotated
the critical components of each problem based on
both the descriptive information provided in the
problem statement and the corresponding solution.
The annotations include:

• Geometric Elements: Labels for points, lines,
angles, and other geometric properties.

• Relationships: Specific relationships, such as
congruency or parallelism, are highlighted
to help the model understand the underlying
structure.

• Reasoned Property Extraction: Abstract prop-
erties inferred from the given diagrams and
textual context are labeled, emphasizing the
reasoning process needed to progress through
each solution.

C Additional Experimental Results

C.1 More Analysis on MathVision
Tab. 3 compares the performance of various closed
and open-source Multimodal Large Language Mod-
els (MLLMs) on the MathVision dataset across dif-
ferent mathematical subjects. The highest scores

Table 12: Generate Config of MathFlow.
Hyper Parameter Value

Temperature 0.3
TopP 0.7
TopK 1.0
Repetition Penalty 1.0
Num of Beams 1.0

are highlighted in bold for closed-source and uline
for open-source models.

MathFlow⋆
GPT-V leads among closed-source

models in arithmetic (Ari), logical reasoning (Log),
and geometry (Angle), showing its strength in di-
verse mathematical domains. Among open-source
models, MathFlow⋆

Qwen2-VL-72B performs well in
algebra (Alg), arithmetic (Ari), and topology
(Topo), demonstrating robust capabilities in visual
mathematical tasks.

Overall, MathFlow models perform competi-
tively with both closed and open-source baselines,
showcasing their adaptability to complex mathe-
matical problem-solving by effectively integrating
visual perception information and logical reason-
ing.

C.2 More Analysis of MathFlow Training

Generate Config of MathFlow. We first present
the generation configuration of MathFlow in
Tab. 12. These hyperparameters were carefully
tuned to optimize the model’s generation perfor-
mance while maintaining output stability and relia-
bility.

Comprehensive and complete performance com-
parison across all models. We present compre-
hensive experimental results through three detailed
analyses. First, we evaluate our model’s perfor-
mance across different problem versions in Flow-
Verse through Tab. 13. This analysis spans six dis-
tinct versions incorporating various combinations
of textual and visual components: Descriptive Infor-
mation (DI), Essential Information (EI), Reasoned
Property (RP), and Only Question (OQ). The Text
Plus Version specifically examines performance
without image input. We report both standard ac-
curacy (Acc) and performance with the FlowVerse-
CoT-E strategy (CoT-E), highlighting the highest
accuracies achieved by closed-source and open-
source MLLMs in red and blue respectively.

Full Ablation Analysis of MathFlow on
FlowVerse†. Tab. 14 presents a thorough ablation
analysis of our perception model on FlowVerse†.
This analysis systematically examines the contribu-
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According to the properties of congruent triangles, we

obtain ∠ACB = ∠DFE, and then, by the criterion for

parallel lines, we can reach the conclusion.：∵ △ABC ≌

△DEF, ∴ ∠ACB = ∠DFE, ∴ AC ∥ DF.

Solving-problem Solution

Step Extraction

Question:

As shown in the �igure,
△ABC ≌ △DEF, what is
the relationship between
AC and DF?

Visual math problems

Answer: AC ∥ DF

Step 1: According to the given information, △ABC ≌ △DEF.

Step 2: Based on the properties of congruent triangles, we

have ∠ACB = ∠DFE.

Step 3: Using the property that corresponding equal

angles determine parallel lines, we conclude that AC ∥ DF.

Extract

You will be provided with a visual mathematics problem

along with a detailed solution procedure. Your task is to

predict next step of the solution.

Prompt

--Question: {question}

--Solution:

1. According to the given information, △ABC ≌ △DEF

2. Based on the properties of congruent triangles, we

have ∠ACB = ∠DFE.

--Next Solution:

--Label: Using the property that corresponding equal

angles determine parallel lines, we conclude that AC ∥ DF.

Figure 15: Data Annotation of the MathFlow-RP We first employ Qwen2.5-72B to extract the corresponding steps
from the solving-problem solution, then select step N as the target for prediction. Subsequently, the preceding N-1
steps are provided as input within the prompt, enabling the MLLM to predict the next step based on this sequential
context.

∠ADB=∠ADE=90°, triangle ABD is congruent to triangle

AED (SAS), AB=AE, ∠B=∠AEB, AB+DE=CD, AB=EC,

AE=EC, ∠AEB=∠EAC+∠C=2x, ∠B=2x, ∠BAE=180°-2x-

2x=180°-4x, ∠BAE+∠EAC=120°, that is, 180°-

4x+x=120°, solving for x gives: x=20°, therefore ∠C=20°.

Solving-problem Solution

EI&RP Extraction

Visual math problems

∠BAC=120°, ∠ADB=∠ADE=90°,

AB=AE, ∠B=∠AEB, AB+DE=CD, AB=EC, AE=EC

<image> Analyze the provided image

and textual information from the problem,

identify key geometric relationships from

the image:

Prompt

--Label: ∠BAC=120°, ∠ADB=∠ADE=90°,

AB=AE, ∠B=∠AEB, AB+DE=CD, AB=EC,

AE=EC

Question:

In triangle ABC, DE=DB
AB+BD=DC, �ind ∠C.

Answer: ∠C=20°

120°

A

B CE

--Question: {question}

--Extraction:

D

Figure 16: Data Annotation of the MathFlow-SFT.We manually extract the corresponding EI and RP from the
solving-problem solution and associated diagram. In this representation, the red-highlighted portions indicate EI,
while the blue-highlighted sections represent RP.

Table 13: Mathematical Evaluation on Six Problem Versions in FlowVerse. DI, EI, RP, OQ refer to the textual or
visual Descriptive Information, Reasoned Property, Essential Information, Only Question, respectively. The Text
Plus Version does not involve image input. “CoT-E” or “Acc” denotes whether to employ the FlowVerse-CoT-E
strategy or not. The highest accuracy for each group of MLLMs is marked in bold.

Model
All Text Centric Text Limited Text Plus Vision Dense Vision Centric Vision Primary

DI+RP+EI+OQ RP+EI+OQ DI+RP+EI+OQ EI+OQ RP+EI+OQ RP+EI+OQ

CoT-E Acc CoT-E Acc CoT-E Acc CoT-E Acc CoT-E Acc CoT-E Acc CoT-E Acc

Open-source MLLMs

InfiMM-Math-7B 36.5 28.8 43.8 38.1 40.6 36.7 46.1 40.1 28.8 15.4 39.6 30.3 26.1 23.2
InternVL2.5-8B 44.7 41.0 49.2 41.3 40.5 38.4 49.6 42.7 38.4 20.2 41.0 35.9 35.8 33.9
Qwen2.5-VL-7B 53.8 42.2 60.1 52.8 58.9 51.3 62.0 55.0 45.0 31.0 50.8 46.3 48.1 45.3
VLM-R1-7B† 50.7 41.2 59.0 54.2 57.9 49.8 65.5 58.9 36.2 24.5 46.1 37.8 30.6 26.1
Qwen2-VL-72B 52.3 48.6 59.4 47.3 54.3 45.7 63.7 50.0 40.8 25.3 50.9 42.1 47.6 37.0
InternVL2.5-78B 54.7 50.1 66.1 62.7 64.1 60.3 67.8 64.7 48.7 34.3 63.0 58.8 59.6 57.7
MathFlow⋆

Qwen2.5-VL-7B 57.0 46.0 62.0 53.8 60.8 52.2 64.2 56.0 49.0 39.1 54.5 51.6 52.0 51.5

Math-specialized MLLMs

Math-LLaVA-13B 38.0 29.9 45.1 39.3 44.4 37.4 – – 36.2 18.6 41.7 35.9 37.0 34.2
MultiMath-7B 44.0 34.2 50.6 44.8 49.9 42.9 – – 41.7 22.1 47.2 40.4 39.7 38.8
SVE-Math-Qwen2.5-7B 46.0 39.4 53.1 47.3 53.4 45.8 – – 44.2 28.6 48.9 44.2 45.8 42.0

Closed-source MLLMs

Qwen-VL-Plus 34.4 27.1 38.1 24.6 35.7 28.6 41.7 35.6 28.5 20.9 32.6 26.0 30.0 22.2
Gemini-Pro 39.0 23.5 44.3 36.5 40.2 33.8 47.2 39.8 32.5 23.3 36.1 27.3 33.8 24.9
Qwen-VL-Max 43.0 36.3 49.8 42.1 46.7 38.3 53.9 51.0 38.6 15.2 42.7 33.2 29.6 27.8
GPT-4o-mini 51.3 44.5 58.7 54.8 58.2 53.2 59.6 55.2 41.1 26.0 57.4 50.1 49.7 47.6
Claude-3.5-Sonnet 56.9 49.6 60.8 52.6 58.7 50.3 64.0 58.3 45.0 25.4 56.5 48.0 48.1 45.2
GPT-4o 55.1 47.8 61.0 56.8 58.7 54.4 62.2 58.2 45.2 30.0 58.6 52.6 54.1 51.0
GPT-4V 56.2 53.4 69.1 57.1 65.0 55.0 72.0 61.4 48.1 30.3 61.8 46.3 42.0 36.7
Gemini-2.5-pro 62.0 55.3 68.3 61.9 66.1 60.8 68.9 64.1 52.1 37.1 65.7 57.9 57.0 54.6
GPT-5 65.8 60.1 74.3 68.1 73.5 66.7 77.0 69.2 53.8 44.7 67.1 61.7 60.3 57.5
MathFlow⋆

GPT-5 66.5 61.8 74.6 68.5 73.8 67.2 77.0 69.3 58.2 54.1 70.2 66.7 69.4 66.2

tion of different components within our perception
framework, with bold numbers indicating the best

performance across different configurations.

Full Performance Comparison of MLLMs on
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Table 14: Full Ablation Analysis of MathFlow on
FlowVerse†. Bold numbers indicate the best perfor-
mance.

Perception
Model for EI

Perception
Model for RP

Inference
Model

COT-E
(%)

Qwen2-VL-2B GPT-4V GPT-4V 49.0
InternLM-XC2 GPT-4V GPT-4V 47.1
InfiMM-Math GPT-4V GPT-4V 52.6
Qwen2-VL-7B GPT-4V GPT-4V 53.3
InternVL2.5-8B GPT-4V GPT-4V 53.8
Qwen2.5-VL-7B GPT-4V GPT-4V 53.9
MathFlow-P-7B GPT-4V GPT-4V 58.9

GPT-4V Qwen2-VL-2B GPT-4V 49.8
GPT-4V InternLM-XC2 GPT-4V 50.7
GPT-4V InfiMM-Math GPT-4V 54.1
GPT-4V Qwen2-VL-7B GPT-4V 52.9
GPT-4V MathFlow-P-7B GPT-4V 57.3

GPT-4V GPT-4V GPT-4V 56.2
MathFlow-P-7B MathFlow-P-7B GPT-4V 59.3

MathFlow-P-7B MathFlow-P-7B GPT-4o-mini 63.8
MathFlow-P-7B MathFlow-P-7B Llama3-80B 67.9
MathFlow-P-7B MathFlow-P-7B Qwen2.5-72B 69.6
MathFlow-P-7B MathFlow-P-7B GPT-4o 69.6
MathFlow-P-7B MathFlow-P-7B Gemini 2.5-pro 70.4
MathFlow-P-7B MathFlow-P-7B DeepSeek-v3 73.4
MathFlow-P-7B MathFlow-P-7B DeepSeek-r1 75.6

MathVerse and FlowVerse† Datasets. Tab. 15
provides a comprehensive performance compari-
son of various MLLMs across both MathVerse and
FlowVerse† datasets. Here, FlowVerse† represents
the raw version of the dataset, allowing us to eval-
uate the models’ fundamental capabilities without
additional enhancements. This comparison offers
insights into the relative strengths of different ar-
chitectures and approaches across diverse mathe-
matical reasoning tasks.

Furthermore, as shown in Tab. 16, we also con-
ducted a sensitivity analysis over different α val-
ues to guide the selection of α. As shown in the
table below, the overall model ranking and the rela-
tive performance gaps remain qualitatively stable
across these settings, indicating that our main em-
pirical conclusions do not depend on the particular
choice of α. At the same time, yields clear sep-
aration between models with different reasoning
abilities without over-amplifying noise in either
early or late steps, which motivates its use as our
default setting.

C.3 More Details of Image-Only Scenario
We introduce an Image-Only variant (denoted by †)
in FlowVerse by superimposing each textual ques-
tion onto its corresponding diagram, as illustrated
in Tab. 17. We then evaluate our MathFlow pipeline
on this variant. In the table below, green downward
arrows (↓) indicate the performance drop relative

Table 15: Full Performance Comparison of MLLMs
on MathVerse and FlowVerse† Datasets. FlowVerse†

indicates the raw version of the dataset.
Perception

Model
Inference

Model MathVerse FlowVerse†

InternLM-XC2 25.9 39.6
InfiMM-Math 34.5 47.1

Qwen-VL-MaX 36.2 48.2
Qwen2-VL-72B 38.9 52.3

InternVL-2.5-78B 43.2 54.7
GPT-4V 54.4 56.2

GPT-4o-mini 52.7 59.6
GPT-4o 57.9 62.2

Claude-sonnet-3.5 57.4 64.0
Gemini 2.5-pro 59.9 68.9

MathFlow-P-7B InternLM-XC2 30.2 43.5
MathFlow-P-7B InfiMM-Math 38.1 48.9
MathFlow-P-7B Qwen-VL-MaX 43.3 54.3
MathFlow-P-7B Qwen2-VL-72B 48.1 58.3
MathFlow-P-7B InternVL-2.5-78B 56.8 60.1
MathFlow-P-7B GPT-4V 56.7 59.3
MathFlow-P-7B GPT-4o-mini 58.9 63.8
MathFlow-P-7B GPT-4o 59.5 69.6
MathFlow-P-7B Claude-sonnet-3.5 60.8 68.1
MathFlow-P-7B Gemini 2.5-pro 62.4 70.4

Table 16: Performance comparison under different
thresholds.

Model 0.2 0.4 0.6 0.8

Qwen2-VL-72B 0.63 0.48 0.49 0.41
InfiMM-Math-7B 0.61 0.53 0.51 0.44
GPT-4V 0.44 0.36 0.40 0.32
Qwen2.5-VL-7B 0.37 0.31 0.29 0.25

to the original multi-input setting. “MathFlow∗
4o”

and “MathFlow∗
r1” denote MathFlow-P-7B paired

with GPT-4o and DeepSeek-R1 inference models,
respectively, and T and V abbreviate “Text” and
“Vision.” These results confirm that MathFlow ex-
tends seamlessly to the Image-Only scenario with
only minor accuracy degradations.

C.4 Reasoning Efficiency Analysis
Tab. 18 presents an evaluation of MathFlow built
upon Qwen2.5-VL backbones ranging from 3B to
72B parameters, aiming to explore the trade-off
between model size, reasoning accuracy, and in-
ference latency on FlowVerse. As expected, both
accuracy and inference time increase with model
size—for instance, the 3B model achieves 34.2
accuracy in 0.47 seconds, while the 72B variant
reaches 58.3 accuracy at the cost of 18.67 sec-
onds per inference. The 7B variant strikes the
most favorable balance, attaining 44.8 accuracy
in just 2.51 seconds. Notably, the trained variant
(MathFlowtrain) achieves lower latency than the
non-fine-tuned counterpart (MathFlowori), while
avoiding redundant reasoning loops that occasion-
ally occur in the latter.
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Table 17: The ablation study of the Image-Only scenario.

Model Text Centric† Text Limited† Vision Dense† Vision Centric† Vision Primary†

MathFlow⋆
Gpt-4o 68.5 (0.61 ↓) 67.4 (0.80 ↓) 52.8 (1.37 ↓) 55.4 (1.03 ↓) 54.7 (1.55 ↓)

MathFlow⋆
DeepSeek-r1 72.1 (0.52 ↓) 70.4 (0.62 ↓) 57.3 (0.97 ↓) 65.7 (1.14 ↓) 62.6 (1.39 ↓)

Table 18: Reasoning efficiency of MathFlow built on Qwen2.5-VL models of varying sizes. The trained variant
MathFlowFtrain) demonstrates faster inference than the non-fine-tuned version (MathFlowori), especially on the 7B
model, which offers the best balance between speed and performance.

Model Size=3B Size=7B Size=32B Size=72B

End2End (CoT) 34.2 (0.47s) 44.8 (2.51s) 51.1 (6.45s) 58.3 (18.67s)
MathFlowori (CoT) 37.7 (0.68s) 46.7 (3.46s) 51.1 (9.13s) 59.2 (26.58s)
MathFlowtrain (CoT) 48.0 (0.63s) 51.7 (3.19s) - -

C.5 Qualitative Examples

Figs. 17-19 provide qualitative comparisons be-
tween GPT-4V and MathFlow across several geom-
etry problems. These examples illustrate common
error types, such as Visual Perception Errors and
Reasoning Errors, which are highlighted in the re-
spective model responses.

In the first example, GPT-4V struggles with ap-
plying geometric properties correctly, leading to a
reasoning mistake while calculating the length of a
chord. In contrast, MathFlow arrives at the correct
solution by following a systematic application of
the Pythagorean theorem and congruent relation-
ships, demonstrating its advantage in maintaining
logical accuracy throughout the problem-solving
process.

The second example highlights the challenge of
dealing with circle theorems. GPT-4V incorrectly
deduces the angle at the center due to a misinterpre-
tation of the chord’s properties, while MathFlow
accurately follows through the geometric relation-
ships to determine the correct angle measure. This
example underscores MathFlow’s superior ability
to navigate complex angle relationships and avoid
error propagation in multi-step reasoning.

The third example involves congruent triangles
and corresponding parts. GPT-4V makes a visual
perception error by misidentifying the correspond-
ing parts of the congruent triangles, resulting in
an incorrect response. MathFlow, on the other
hand, correctly identifies and matches correspond-
ing sides and angles, showcasing its ability to effec-
tively manage both visual and logical components
of geometric problems.

As illustrated in Figs. 17–19, end-to-end models
often propagate perception errors (such as mislocal-
ized points, incorrect angle estimations, or missed
key annotations) into their final answers, resulting
in entirely incorrect solutions. MathFlow adopts

a decoupled pipeline with two key advantages:
1) By isolating the perception stage, MathFlow pro-
vides clear and inspectable intermediate outputs
that make it straightforward to diagnose and correct
vision-based failures without retraining the entire
reasoning model. 2) Once the raw visual content
has been translated into structured textual represen-
tations, the downstream inference model is relieved
of low-level visual decoding tasks. It can apply its
full capacity to logical and mathematical reason-
ing, thus reducing the complexity of the inference
model and improving accuracy.
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Question:

Answer:∠DBE AC

As shown in the �igure,
(△𝐴𝐵𝐶 ≅△𝐷𝐸𝐵 ) , then the
corresponding angle to ∠C is ()
and the corresponding side to BD
is ().

Visual Perception
Error

In the �igure, since△𝐴𝐵𝐶 ≅△𝐷𝐸𝐵 ,the corresponding parts of the
triangles are congruent. Let's identify the corresponding angle to ∠ C and
the corresponding side to BD:
1. Corresponding angle to ∠C:

Since△𝐴𝐵𝐶 ≅△𝐷𝐸𝐵, and the order of vertices in the congruence
statement is important, ∠C in△𝐴𝐵𝐶 corresponds to ∠E in△𝐷𝐸𝐵.
2. Corresponding side to BD:

In the congruence△𝐴𝐵𝐶 ≅△𝐷𝐸𝐵, the side BD in△𝐷𝐸𝐵 corresponds to
side AC in△𝐴𝐵𝐶 .

According to the given information,△ABC is congruent to△DEB. This
means their corresponding angles and sides are equal.
Corresponding Angles:
∠C in△ABC corresponds to ∠DBE in△DEB.
Thus, the corresponding angle to ∠C is ∠DBE.
Corresponding Sides:
BD in△DEB corresponds to AC in△ABC because AC=BD is given.
Thus, the corresponding side to BD is AC.

+
AC = BD, BC=BE, AB=DE, ∠C = ∠DBE, ∠A= ∠ BDE

Figure 17: Response Comparison of GPT-4V and MathFlow⋆
GPT-4V

Visual Perception
Error

Question:

Answer: 8

From the given information, we can determine the length of chord AC in the

circle. 1. We know that△𝑂𝐴𝐵 is a right triangle with ∠OAB = 90° , OB = 13

(radius of the circle), and AB = 12 . Using the Pythagorean theorem,

𝐴𝑂 = 𝑂𝐵2 − 𝐴𝐵2 = 132 − 122 = 169 − 144 = 25 = 5 . 2. It is

given that AC = 2AH, 𝐴𝐻 = 𝐴𝑂2 − 𝐻𝑂2 = 52 − 32 = 25− 9 = 16 =

4 . Therefore, 𝐴𝐶 = 2 × 4 = 8. Thus, the length of chord AC is 8. The

answer to the question is 8

AB is a tangent to circle O, A is

the point of tangency, AC is a

chord of circle O, a perpendicular

from O to AC intersects at H. If

OH = 3, AB = 12, BO = 13, then

the length of chord AC is ( )

+
∠OAB=90°, AO = 𝑂𝐵2 − 𝐴𝐵2 = 5, AC = 2AH

To �ind the length of chord AC, we apply the Pythagorean theorem in the
right triangle OAB, where O is the center of the circle, A and B are points on
the circle, and H is the foot of the perpendicular from O to AB. Given that
OH = 3 (radius), AB = 12, and BO = 13, we check if the triangle is right-
angled using the Pythagorean theorem: ( 𝑂𝐻2 + 𝐴𝐻2 = 𝐵𝑂2). This yields

( 32 + 𝐴𝐻2 = 132), resulting in ( 𝐴𝐻 = 4 10). Since H bisects AB, the
length of AC is half of AB, so AC = 6 . The problem's choices (A, B, C, D) do
not match this result, indicating a potential error in the question setup.
Therefore, the length of chord AC is 6.

Reasoning
Error

Figure 18: Response Comparison of GPT-4V and MathFlow⋆
GPT-4V
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Question:

Answer: 18

Given that ∠BOC = 144° and ∠CBO = ∠BCO, and knowing that the sum of
angles in a triangle is 180°, we can set up the equation: ∠BOC + ∠CBO +
∠BCO = 180° Substituting the given values: 144°+ ∠CBO + ∠BCO = 180°
Since ∠CBO = ∠BCO, let x be the measure of each of these angles. Then: 144°
+ x + x = 180° 144°+ 2x = 180° 2x = 180° - 144° 2x = 36° x = 18° Thus,
∠BCO = 18°. Answer: 18°

As shown in the �igure, ⊙O is the

circumcircle of △ABC, then the

degree measure of ∠BCO is +
∠BOC=2∠A=144°，∠CBO=∠BCO，∠BOC+∠CBO+∠BCO=180°

Given that ∠A = 72° and ⊙O is the circumcircle of triangle ABC, we need to
�ind the measure of ∠BCO. In a triangle, the angle at the center of the
circumcircle (O) that subtends a chord (BC in this case) is twice the angle at
the circumference subtended by the same chord. Therefore, if ∠A subtends
chord BC at the circumference, then ∠BOC at the center subtending the same
chord BC will be twice ∠A. ∠BOC = 2 × ∠A = 2 × 72°= 144° Since ∠BOC is
the full angle between line segments BO and CO, and ∠BCO is half of this
angle (as ∠BCO and ∠B‘CO are equal, where B’ is the point where line BO
intersects the circle at the other side), we have: ∠BCO = 1/2 × ∠BOC = 1/2 ×
144°= 72° Therefore, the measure of ∠BCO is 72°.

Reasoning
Error

Figure 19: Response Comparison of GPT-4V and MathFlow⋆
GPT-4V
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