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Abstract

Multimodal large language models (MLLMs) have demon-
strated remarkable capabilities in vision-language answer-
ing tasks. Despite their strengths, these models often en-
counter challenges in achieving complex reasoning tasks such
as mathematical problem-solving. Previous works have fo-
cused on fine-tuning on specialized mathematical datasets.
However, these datasets are typically distilled directly from
teacher models, which capture only static reasoning patterns
and leaving substantial gaps compared to student models.
This reliance on fixed teacher-derived datasets not only re-
stricts the model’s ability to adapt to novel or more intricate
questions that extend beyond the confines of the training data,
but also lacks the iterative depth needed for robust generaliza-
tion. To overcome these limitations, we propose MathSE, a
Mathematical Self-Evolving framework for MLLMs. In con-
trast to traditional one-shot fine-tuning paradigms, MathSE it-
eratively refines the model through cycles of inference, reflec-
tion, and reward-based feedback. Specifically, we leverage it-
erative fine-tuning by incorporating correct reasoning paths
derived from previous-stage inference and integrating reflec-
tions from a specialized Outcome Reward Model (ORM). To
verify the effectiveness of MathSE, we evaluate it on a suite
of challenging benchmarks, demonstrating significant perfor-
mance gains over backbone models. Notably, our experimen-
tal results on MathVL-test surpass the leading open-source
multimodal mathematical reasoning model QVQ.

Code — https://github.com/zheny2751-dotcom/MathSE

Introduction
Multimodal large language models (MLLMs) (OpenAI
2024; Anthropic 2024; Bai et al. 2023; Wang et al. 2024b;
Bai et al. 2025; Wang et al. 2023b; Hong et al. 2024; Chen
et al. 2024b) have recently garnered significant attention
for their impressive ability to integrate visual and textual
information, enabling them to effectively address a vari-
ety of vision-language answering tasks (Antol et al. 2015;
Kafle and Kanan 2017; Mishra et al. 2019). However, their
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Figure 1: Illustration of the human learning process that in-
spires our approach.

performance tends to falter when confronted with com-
plex reasoning challenges, such as mathematical problem-
solving. In order to enhance the mathematical reasoning
ability of MLLMs, existing methods (Gao et al. 2023; Yang
et al. 2024b; Cai et al. 2024; Shi et al. 2024; Zhang et al.
2024b; Peng et al. 2024; Luo et al. 2025) have primarily
focused on fine-tuning these models on specialized mathe-
matical datasets. These approaches typically involve distill-
ing detailed, step-by-step reasoning from teacher models to
generate rich, annotated datasets that capture mathematical
problem-solving processes.

Although previous methods have led to improvements in
mathematical reasoning task, they still face notable limita-
tions. The reliance on static, teacher-derived datasets often
prevents models from adapting to novel or more intricate
problems beyond the scope of the training data. Moreover,
the step-by-step reasoning captured in these datasets fre-
quently lacks the iterative depth necessary for robust gen-
eralization, leaving models ill-equipped to handle the evolv-
ing complexity inherent in mathematics. Such static and dis-
tilled datasets not only limit the dynamic, adaptive reason-
ing expected from student models but also widen the gap
between the static patterns learned from teachers and the in-
herent data distribution from student models.

Inspired by human learning processes (Zimmerman 1990;
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Figure 2: Accuracy changes during self-evolving process.

Hattie and Timperley 2007), we recognize that effective
learning process is inherently dynamic and iterative. As il-
lustrated in Figure 1, human learning unfolds as a con-
tinuous cycle of instruction, practice, feedback, and im-
provement. In this paradigm, foundational knowledge is first
acquired from teachers, distilling mathematical reasoning
skills from teachers to students. This distilled knowledge
forms the basis for independent practice, where students
engage in self-guided problem solving to apply and rein-
force what they’ve learned. As students tackle problems on
their own, feedback plays a crucial role in identifying er-
rors and improving their skills. Such continuous cycle of in-
struction, practice, feedback, and improvement enables stu-
dents to progressively master mathematical problem-solving
skills.

Drawing on these insights, we propose a novel frame-
work that mirrors the dynamic, iterative nature of human
learning. In this work, we propose a Mathematical Self-
Evolving method, termed as MathSE. MathSE is built on the
key idea of iterative fine-tuning and feedback-driven learn-
ing, designed to continuously enhance the mathematical rea-
soning capabilities of MLLMs. Specifically, our approach
beings by fine-tuning a base model using a subset of GPT-4o
distilled Chain-of-Thought (CoT) data, enabling it to grasp
foundational mathematical reasoning skills. Once this initial
training phase is complete, the model is employed to gener-
ate reasoning paths on the remaining dataset. Correct reason-
ing paths are then identified and leveraged for further fine-
tuning. This creates a self-evolving learning cycle, where the
model continuously refines its reasoning abilities by learn-
ing from its previous inferences. To distinguish between cor-
rect and flawed reasoning, we introduce a specialized Out-
come Reward Model (ORM), which evaluates the entire rea-
soning process rather than the final answers. It identifies er-
roneous steps and delivers detailed error analyses. By lever-
aging the language understanding and reasoning capabilities
of large language models (LLMs), the ORM not only signals
correctness but also guides the model to reflect on and learn
from its mistakes.

In our iterative framework, these incorrect reasoning
paths, along with ORM-provided error steps and analyses,
are fed back to the GPT-4o for reflection and refinement.
The resulting corrected reasoning paths form a reflection

dataset that is leveraged to train the final model. Such feed-
back from our ORM not only enables the model to recognize
and correct its mistakes but also deepens its understanding
of underlying reasoning flaws. As shown in Figure 2, as the
self-evolving process progresses, more examples are consis-
tently classified correctly, reflecting an improvement in over-
all accuracy. Such self-evolving training strategy enables the
model to progressively enhance its problem-solving skills,
effectively bridging the gap between static, teacher-derived
datasets and the dynamic learning process characteristic of
human students.

In order to verify the effectiveness and generalization of
MathSE, we conduct experiments on three backbone mod-
els, including CogVLM2, Qwen2-VL-7B, and InternVL2.5-
8B. Subsequently, we obtain a series of fine-tuned models
namely MathSE-CogVLM2, MathSE-Qwen, and MathSE-
InternVL. Experimental results demonstrate that MathSE
achieves substantial improvements on multimodal math
reasoning benchmarks, including MathVista, MathVL-test,
MathVerse, and Math-Vision. With a parameter scale of ap-
proximately 10B, our models not only outperforms peer
models of similar size but also attains performance lev-
els comparable to state-of-the-art closed-source systems like
Claude 3.5 Sonnet. Notably, the performance of our models
on MathVL-test outperforms the leading open-source multi-
modal reasoning model QVQ (Team 2024).

Our contributions can be summarized as follows:

• Method Perspective: We propose a mathematical self-
evolving framework (termed as MathSE) that iteratively
improves multimodal math reasoning through reflection
and reward-guided feedback.

• Data Perspective: We design a novel Outcome Reward
Model (ORM) that provides step-wise error detection
and analysis, guiding model refinement beyond mere an-
swer evaluation.

• Model Perspective: Extensive experiments show signifi-
cant performance gains on standard benchmarks, demon-
strating the effectiveness of our approach. Code and
model weights will be released soon.

Related Work
Multimodal Math Reasoning
Multimodal math reasoning requires models to process and
integrate information from both textual and visual modal-
ities to solve complex mathematical problems. Early ap-
proaches in this field primarily focused on text-only models
with visual captions as input, such as GPT-4 (Achiam et al.
2023) and CoT-style LLMs (Wei et al. 2023), which demon-
strated strong capabilities in language-based reasoning but
struggled with visual content.

Recent developments in multimodal large language mod-
els (MLLMs) (Liu et al. 2024b,a; Wang et al. 2023b; Li
et al. 2022; Dai et al. 2024; Bai et al. 2023; Chen et al.
2024b) have incorporated visual understanding to address
these challenges. These models integrate vision encoders
with language models to process images alongside text,
achieving better performance in visual reasoning tasks.
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However, despite their advancements, current multimodal
large language models (MLLMs) are primarily limited to
answering visual question answering (VQA) tasks and per-
forming simple reasoning (Liu et al. 2024b). They often
struggle with more complex mathematical problems that re-
quire deeper logical reasoning, precise interpretation of vi-
sual elements, or multi-step problem-solving. This limita-
tion highlights the gap between their current capabilities and
the demands of advanced multimodal math reasoning.

Supervised Fine-Tuning and Knowledge
Distillation
Supervised Fine-Tuning (SFT) has been widely used to
adapt pre-trained models to specific tasks. By leveraging
labeled datasets, SFT enables models to refine their under-
standing of task-specific patterns and improve performance
on downstream applications. In the context of multimodal
math reasoning, SFT has been employed to fine-tune mod-
els on datasets that combine textual and visual mathemat-
ical problems, such as ChartQA (Masry et al. 2022) and
GeoQA (Chen et al. 2022b). Despite its effectiveness, SFT
often requires large amounts of high-quality labeled data,
which can be expensive and time-consuming to obtain.

Knowledge Distillation (KD) offers an alternative ap-
proach to enhance model performance by building high-
quality math QA-pairs synthesized with frontier models like
GPT-4o and Claude 3.5-Sonnet. However, most distillation-
based methods (Taori et al. 2023; Zhang et al. 2023; Zhuang
et al. 2024; Cai et al. 2024; Shi et al. 2024) focus on scal-
ing the dataset size or leveraging outputs from larger teacher
models, often ignoring the importance of in-distribution
data. This oversight limits the student model’s ability to gen-
eralize beyond the teacher’s capabilities. Our approach em-
phasizes the role of in-distribution data and iterative refine-
ment, moving beyond static fine-tuning to enable continuous
self-evolution.

Reward Models for Reasoning Tasks
Reward Models (RMs) have been extensively explored
in reinforcement learning from human feedback (RLHF),
where they are used to align model outputs with hu-
man preferences. Traditional Outcome Reward Models
(ORMs) (Cobbe et al. 2021; Stiennon et al. 2022; Yu, Gao,
and Wang 2023) typically assign scalar rewards based on
outcome quality without considering the reasoning process.
In mathematical reasoning, such models fail to provide ac-
tionable feedback for improving intermediate steps.

Recent work attempts to address this through process-
based supervision (Lightman et al. 2023; Wang et al. 2023a;
Luo et al. 2024; Wu et al. 2024), where models are re-
warded for correctness at each reasoning step. However, this
paradigm requires exhaustive step-level correctness labels
while potentially over-penalizing inconsequential mistakes.

In contrast, our Outcome Reward Model (ORM) in-
troduces a paradigm shift by focusing on diagnostic error
analysis rather than binary step-level evaluations. Unlike
process-supervised RMs that require perfect intermediate
verification, our ORM identifies critical error step in rea-

soning chains and provides targeted error analysis, enabling
more effective revisions based on previous reasoning paths.

Self-Improvement and Reflection Mechanism
Large Language Models (LLMs) have increasingly demon-
strated capabilities for self-improvement, where models
leverage their own outputs to enhance performance without
direct human supervision (Huang et al. 2022; Madaan et al.
2023). Qwen2.5-Math (Yang et al. 2024a) incorporates self-
improvement mechanisms into its entire pipeline, enabling
it to steadily improve problem-solving accuracy, minimize
errors, and enhance generalization across diverse mathemat-
ical tasks.

To further augment this self-improvement process, recent
work introduces reflection mechanisms that enable models
to critically analyze their own reasoning traces (Lee et al.
2024; Renze and Guven 2024). ReAct (Yao et al. 2023)
and Reflexion (Shinn et al. 2023) integrate reasoning and
reflection to allow models to reconsider incorrect outputs.
These methods demonstrate the potential of iterative self-
improvement but are primarily applied to text-based tasks.

In the domain of multimodal reasoning, such reflective
mechanisms remain underexplored. Our framework inte-
grates reflection with ORM-guided feedback, enabling iter-
ative self-improvement in multimodal math reasoning tasks.
By combining reflection with error-specific feedback, our
model can progressively enhance its reasoning capabilities.

Methodology
In this section, we present our mathematical self-evolving
framework, designed to iteratively improve reasoning capa-
bilities through a cycle of supervised fine-tuning, reward-
guided feedback, and reflection. Our method consists of
three key components: (1) initial supervised fine-tuning
with GPT-4o distilled data, (2) specialized Outcome Reward
Model (ORM) for error detection and analysis, and (3) iter-
ative reflection and self-improvement.

Framework Overview
Figure 3 illustrates the overall workflow of MathSE frame-
work. The process begins with fine-tuning a base model us-
ing a subset of GPT-4o distilled data. This fine-tuned model
generates reasoning paths on the remaining dataset, which
are then evaluated by a specialized Outcome Reward Model
(ORM). The ORM identifies incorrect reasoning steps and
provides a detailed error analysis. This process is repeated
for multiple rounds to progressively enhance the model’s
reasoning ability. GPT-4o then reflects on the incorrect an-
swer, corrects its reasoning. The improved reasoning paths
are incorporated into the fine-tuning dataset to train the final
model.

Supervised Fine-Tuning with GPT-4o Distilled
Data
Our training pipeline begins with Supervised Fine-Tuning
(SFT) performed on the base model using high-quality cu-
rated data distilled from GPT-4o.

The fine-tuning objective is formulated as:
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Figure 3: Overview of the MathSE Framework, which contains three stages to iteratively enhance mathematical reasoning
abilities.

LSFT = −
∑

(x,y)∈DSFT

logPθ(y|x) (1)

where DSFT denotes the distilled dataset containing GPT-
4o generated reasoning paths, x represents the input query,
y corresponds to the target step-by-step reasoning response,
and Pθ indicates the model’s probability distribution.

Specialized Outcome Reward Model (ORM)
The specialized Outcome Reward Model (ORM) is a piv-
otal component of our framework, designed to provide both
correctness evaluation and error analysis. Unlike traditional
reward models that focus solely on output correctness, our
ORM offers a comprehensive assessment by directly cate-
gorizing a reasoning path as either correct or incorrect. If
an error is detected, the ORM pinpoints the faulty step and
provides a detailed analysis of the error.

The ORM operates in the following two stages:

1. Correctness Evaluation: The ORM evaluates the entire
reasoning path ri = {s1, s2, . . . , sk}, assigning it as ei-
ther correct or incorrect.

2. Error Identification and Analysis: If the reasoning path
is identified as incorrect, the ORM directly specifies the
step sj where the error occurred and provides a detailed
explanation Ei of the reasoning flaw that led to the mis-
take.

To train our ORM, we first constructed a comprehensive
training dataset consisting of 60k reasoning samples. Specif-
ically, we collected 30k incorrect reasoning paths along with
their correct solutions, and leveraged GPT-4o to automat-
ically generate detailed annotations, including the precise
location of errors and corresponding error analysis. These
annotated error cases were then combined with 30k correct
Chain-of-Thought (CoT) reasoning examples to form a bal-
anced dataset. We performed Supervised Fine-tuning (SFT)
on CogVLM2 (Wang et al. 2023b) using this curated dataset,
enabling the model to effectively evaluate reasoning correct-
ness and provide precise error analysis when necessary.

Reflection and Self-Improvement
Incorrect reasoning paths, along with ORM-provided error
steps and analyses, are fed back into the model for reflec-
tion. We leverage the language understanding and reasoning
abilities of large models like GPT-4o to prompt the model to
analyze its mistakes and generate improved solutions.

The reflection process involves the following prompt for-
mat:

Here is your previous solution:
[Incorrect Reasoning Path]
Error Step: [Faulty Step]
Error Analysis: [Explanation]
Please reflect and correct your
solution.

The refined reasoning paths Rreflected are combined with
previously correct paths Rcorrect to form the next round of
training data:

Dnext = Rcorrect ∪Rreflected (2)

Iterative Training Process
The MathSE framework operates through an iterative train-
ing process that refines the model’s reasoning capabilities
over multiple rounds. The process begins by generating an
initial set of correct reasoning paths, DSFT, using GPT-4o on
the entire dataset D. These paths form the basis for fine-
tuning the base model Mbase, yielding the initial iteration
model M0. This first step ensures that the model starts with
a set of well-formed reasoning patterns.

In each subsequent round, the model generates reason-
ing paths on the remaining dataset Dremain, which consists
of data points not yet covered by the initial reasoning paths.
These newly generated paths are then evaluated using the
Output Reward Model (ORM). The ORM identifies correct
paths, Rcorrect, and provides feedback on incorrect paths. The
incorrect reasoning paths are reflected upon and corrected by
generating new paths, Rreflected, based on the ORM feedback.

As the model progresses, the remaining dataset is updated
to exclude the correct and reflected paths, and the training
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Algorithm 1: Framework of MathSE.

1: Generate correct reasoning paths DSFT using GPT-4o on
a subset of dataset D.

2: Initialize base model Mbase.
3: Fine-tune Mbase on DSFT to obtain model M0.
4: Set Dremain = D −DSFT as the remaining dataset.
5: Initialize Rincorrect to collect incorrect reasoning paths.
6: for each round i = 1 to K do
7: Use Mi−1 to generate reasoning paths Rgen on

Dremain.
8: Evaluate Rgen with the ORM to obtain correct paths

Rcorrect and incorrect paths with feedback.
9: Update Rincorrect with newly identified incorrect paths

and their ORM feedback.
10: Update remaining dataset: Dremain = Dremain −

Rcorrect.
11: Update training data: DSFT = DSFT ∪Rcorrect.
12: Fine-tune to obtain the new model Mi using DSFT.
13: end for
14: Use GPT-4o to reflect on Rincorrect with ORM feedback,

generating reflected reasoning paths Rreflected.
15: Evaluate Rreflected with ORM to identify correct reflected

paths Rreflect correct.
16: Update training data: DSFT = DSFT ∪Rreflect correct.
17: Fine-tune to obtain the final model Mfinal using the up-

dated DSFT.

dataset DSFT is expanded by incorporating both the correct
and reflected paths. This updated training dataset is used to
fine-tune the model for the next round, resulting in an im-
proved model Mi. This cycle is repeated for a set number of
rounds, T , leading to the model’s gradual improvement.

The process can be formalized in Algorithm 1, which
outlines the iterative training procedure. By integrating su-
pervised fine-tuning, reward-guided feedback, and reflec-
tion, our self-evolving framework effectively enhances mul-
timodal math reasoning. This iterative improvement allows
the model to adapt and generalize, leading to state-of-the-art
performance on benchmark datasets.

Experiments
In this section, we evaluate the effectiveness and generaliza-
tion of our MathSE framework on multiple standard bench-
marks.

Experimental Setup
Dataset Our study leverages the MathVL dataset (Yang
et al. 2024b), a comprehensive educational dataset con-
taining 341,346 multimodal mathematics exercises specifi-
cally designed for Chinese K12 education system and sev-
eral open-source dataset including GeoQA+ (Cao and Xiao
2022), Geometry3K (Lu et al. 2021), ChartQA (Masry
et al. 2022), and UniGEO-Calculation (Chen et al. 2022a).
Furthermore, to enhance the dataset’s diversity and cov-
erage across mathematical domains, we strategically in-
tegrated carefully selected open-source datasets including
MultiMath (Peng et al. 2024), MAVIS(Zhang et al. 2024b),

Math-PUMA (Zhuang et al. 2024), and MathV360K (Shi
et al. 2024). Our multimodal dataset spans elementary to
senior high school curricula, encompassing diverse math-
ematical disciplines including arithmetic, algebra, geom-
etry, probability, and applied word problems. While pre-
serving the original question stems and multimodal con-
texts from MathVL, we employ MathSE to regenerate an-
swer solutions. MathSE significantly extends the average an-
swer length from 325 characters to 792 characters, providing
more complete problem-solving procedures and more struc-
tured reasoning pathways.

Public Benchmarks We evaluate our model on three
widely used multimodal math reasoning benchmarks and
our specially constructed MathVL-test dataset.
• MathVista (Lu et al. 2024): A benchmark designed for

visual math reasoning tasks, combining textual and dia-
grammatic information.

• MathVerse (Zhang et al. 2024a): Covers a wide range of
math problems requiring both textual and visual compre-
hension.

• MathVision (Wang et al. 2024a): Focuses on complex
multimodal math problems, challenging both vision and
reasoning capabilities.

• MathVL-test (Yang et al. 2024b): A curated dataset de-
signed to evaluate the integration of visual understanding
and mathematical reasoning.

Baselines We compare our model with several Multi-
modal Large Language Models(MLLMs), including both
closed-source MLLMs (OpenAI 2023, 2024; Anthropic
2024; Team et al. 2023) and open-source MLLMs (Team
2024; Bai et al. 2025; GLM et al. 2024; Dong et al. 2024;
Gao et al. 2023; Chen et al. 2023; Zhang et al. 2024b; Peng
et al. 2024; Luo et al. 2025). These models represent the
current state-of-the-art in multimodal reasoning and serve
as strong baselines for evaluating our approach.

Implementation Details In this study, we carefully se-
lected three backbone models for our experiments, each cho-
sen for their unique capabilities and performance in visual-
language tasks. The models are as follows:
• CogVLM2 (Hong et al. 2024) is an open-source multi-

modal large language model based on Meta-Llama-3-8B-
Instruct. The model architecture supports context lengths
up to 8K tokens and processes images at resolutions up
to 1344 × 1344 pixels.

• Qwen2-VL-7B (Wang et al. 2024b) is built upon the
Qwen2-7B language model backbone with a 675M ViT-
based vision encoder. It features Naive Dynamic Resolu-
tion for handling arbitrary image sizes and Multimodal
Rotary Position Embedding (M-ROPE) for processing
textual, visual, and video positional information.

• InternVL2.5-8B (Chen et al. 2024a) is a multimodal
large language model that combines InternViT-300M-
448px-V2.5 as the vision encoder with internlm2.5-7b-
chat as the language model. It employs dynamic high-
resolution strategies with random JPEG compression for
enhanced robustness.
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Model Training Data Accuracy(%)

GPT-4o - 51.05
Claude 3.5 Sonnet - 46.84
Gemini-1.5-pro - 52.03
QVQ-72B - 52.25
Qwen2.5-VL-7B - 50.50

CogVLM2 - 30.85
+ Distilled Data 100K 55.35
+ Self-Evolving 240K 62.35
+ Reflection 280K 64.70

Qwen2-VL-7B - 40.60
+ Distilled Data 100K 48.80
+ Self-Evolving 240K 55.15
+ Reflection 280K 57.00

InternVL2.5-8B - 33.20
+ Distilled Data 100K 58.45
+ Self-Evolving 240K 64.45
+ Reflection 280K 65.13

Table 1: Accuracy on MathVL-test across various back-
bones.

Main Results
Results on MathVL-test. The experimental results on
MathVL-test depicted in Table 1 demonstrate the effec-
tiveness of our iterative training framework across multi-
ple stages. All three models show substantial improvements,
with MathSE-InternVL exhibiting particularly promising re-
sults by achieving the highest accuracy of 65%.
Results on Several Benchmarks. Table 2 compares our
model with baselines on three multimodal math reason-
ing benchmarks: MathVista, MathVerse, and MathVision.
MathSE consistently boosts the underlying models, with av-
erage gains of 15.91% for CogVLM2, 12.28% for Qwen2-
VL-7B, and 8.04% for InternVL2.5-8B. The improvements
are most pronounced on MathVista (GPS), where perfor-
mance increases by 31.06%, 25.96%, and 15.39%, respec-
tively, highlighting MathSE’s strong geometry-focused rea-
soning ability.

Ablation Studies
To assess the contribution of each component in our frame-
work, we conduct ablation studies by selectively removing
or modifying key modules. All experiments in this section
are based on CogVLM2 as the backbone model, ensuring a
consistent evaluation of the proposed methods.
Reflection Mechanism. We evaluate the impact of the re-
flection mechanism by comparing three configurations: (1)
the proposed ORM feedback, where the Output Reward
Model generates feedback for incorrect reasoning paths; (2)
GPT-4o feedback, where GPT-4o replaces the ORM to pro-
vide feedback; and (3) No reflection, where the reflection
mechanism is entirely removed. The results summarized in

Table 3 show that the proposed ORM feedback achieves
the highest accuracy (64.70%), outperforming both GPT-4o
feedback (64.25%) and the no-reflection baseline (62.35%).
This demonstrates the effectiveness of the ORM in provid-
ing precise feedback for improving reasoning paths, as well
as the importance of the reflection mechanism in the self-
evolving process.
Distilled data vs. self-evolving training data. This study
examines how different data generation approaches and their
resulting training distributions impact final model capabili-
ties, comparing two paradigms:

• Ours (Proposed): A combination of 90k GPT-4o-
generated reasoning paths and 150k reasoning paths gen-
erated iteratively by our self-evolving model after fil-
tering and refinement (90k + 150k = 240k total). This
setup balances in-distribution and out-of-distribution
data across different iterations.

• Full GPT-4o: A dataset of 240k reasoning paths fully
generated by GPT-4o, all filtered by the Output Reward
Model (ORM) to ensure correctness. This configura-
tion lacks the iterative self-evolving mechanism, relying
solely on GPT-4o-generated paths.

The results in Table 4 show that our proposed method
achieves the highest accuracy (62.35%), significantly out-
performing the full GPT-4o baseline (58.00%). While GPT-
4o provides high-quality initial data, it lacks the iterative
adaptability necessary to address distributional shifts effec-
tively. In contrast, our method leverages both pre-generated
and model-refined data, leading to better generalization
across diverse reasoning tasks.
Different ORM data curation. To evaluate the effective-
ness of our ORM design, we conducted experiments com-
paring two reward models: our proposed ORM that incorpo-
rates both error step identification and detailed error analy-
sis, and a baseline that only provides binary (correct/incor-
rect) feedback using the same training data. We constructed
ORM-2K, a balanced test set containing 1,000 correct and
1,000 incorrect reasoning paths, to assess the models’ per-
formance. As shown in Table 5, our proposed ORM sig-
nificantly outperforms the binary-only baseline, achieving
higher accuracy across both positive (correct) and negative
(incorrect) cases. This demonstrates that incorporating fine-
grained error analysis helps the model develop a more robust
understanding of reasoning correctness, even when measur-
ing only the binary judgment capability.

Error Correction Analysis

As shown in Figure 2, the number of consistently cor-
rect samples (correct→correct) increases from 402 to
1018 across stages, indicating strong knowledge re-
tention. Meanwhile, both persistently incorrect cases
(incorrect→incorrect) and those flipping from correct to in-
correct (correct→incorrect) steadily decline, showing that
MathSE progressively corrects past errors and stabilizes its
predictions.
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Model Method MathVista (GPS) MathVista MathVerse MathVision Average

Closed Source Models

GPT-4V - 50.50 49.90 50.80 22.76 43.49
GPT-4o - 64.71 63.80 56.65 30.39 53.89
Claude 3 Opus - 52.91 50.50 31.77 27.13 40.58
Claude 3.5 Sonnet - 64.42 67.70 48.98 37.99 54.77
Gemini-1.5 Pro - 53.85 63.90 51.08 19.24 47.02
Gemini-2.0 Flash - - 73.10 47.80 41.30 -

Open Source Models

GLM-4V-9B - 46.12 46.70 35.66 15.31 35.95
InternLM-XC2 - 63.00 57.60 24.40 14.54 39.89
ShareGPT4V-G-7B - 32.69 45.07 16.24 12.86 26.72
ShareGPT4V-G-13B - 43.27 49.14 16.37 14.45 30.81
G-LLaVA-7B - 53.40 28.46 12.70 12.07 26.66
G-LLaVA-13B - 56.70 35.84 14.59 13.27 30.10
Qwen2.5-VL-7B - - 68.20 31.50 25.10 -
MAVIS-7B - 64.10 - 28.40 - -
URSA-8B - 79.30 59.80 45.70 32.60 54.35
Math-LLaVA-13B - 57.70 46.60 20.10 15.69 34.51
MultiMath-7B - 66.80 50.00 26.90 - -

CogVLM2 Base 39.61 40.85 25.76 13.20 29.86
MathSE-CogVLM2 70.67 53.90 38.83 19.67 45.77

Qwen2-VL-7B Base 43.75 59.40 35.53 16.92 37.94
MathSE-Qwen 69.71 60.60 45.36 25.22 50.22

InternVL2.5-8B Base 59.13 58.40 35.66 17.11 42.58
MathSE-InternVL 74.52 61.60 43.65 22.70 50.62

Table 2: Performance on MathVista(GPS), MathVista, MathVerse, MathVision for different models.

Reflection Mechanism Accuracy (%)
w/o Reflection 62.35
w/ GPT-4o Feedback 64.25
w/ ORM Feedback (Ours) 64.70

Table 3: Comparison of different reflection mechanisms on
MathVL-test.

Method Data Size Accuracy (%)
Base - 30.85
Full GPT-4o ≈ 240K 58.00
Self-Evolving (Ours) ≈ 240K 62.35

Table 4: Comparison of data generation methods on
MathVL-test, with improvement ratio compared to base
method.

Method Data Positive Negative Overall
Size Acc (%) Acc (%) Acc (%)

Binary 60K 85.40 99.90 92.65
Ours 60K 94.20 100.00 97.10

Table 5: Performance comparison of different reward mod-
eling approaches on ORM-2K test set. ”Binary” represents
the baseline method with binary feedback, while ”Ours” in-
dicates our proposed ORM with error step identification and
analysis.

Conclusion
In this paper, we introduced a novel Mathematical Self-
Evolving framework which significantly enhances the rea-
soning capabilities of MLLMs through iterative fine-tuning,
reward-guided feedback, and reflection. Our approach ad-
dresses the limitations of traditional one-shot fine-tuning
and traditional reward models by introducing a specialized
outcome reward model and a reflection mechanism that en-
ables the model to progressively improve its reasoning abil-
ity. Experimental results demonstrate MathSE’s substantial
performance improvements across challenging multimodal
mathematical reasoning benchmarks.
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