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Abstract. Recent advances in multimodal large language models (MLLMs)
have shown impressive reasoning capabilities. However, further enhanc-
ing existing MLLMs necessitates high-quality vision-language datasets
with carefully curated task complexities, which are both costly and chal-
lenging to scale. Although recent self-improving models that iteratively
refine themselves offer a feasible solution, they still suffer from two core
challenges: (i) most existing methods augment visual or textual data sep-
arately, resulting in discrepancies in data complexity (e.g., over-simplified
diagrams paired with redundant textual descriptions); and (ii) the evo-
lution of data and models is also separated, leading to scenarios where
models are exposed to tasks with mismatched difficulty levels. To ad-
dress these issues, we propose SyncLoop, an automatic, closed-loop
self-improving framework that jointly evolves both training data and
model capabilities. Specifically, given a base dataset and a base model,
SyncLoop enhances them by a cross-modal data evolution loop and a
data-model evolution loop. The former loop expands the base dataset
by generating complex multimodal problems that combine structured
textual sub-problems with iteratively specified geometric diagrams or
mathematical functions, while the latter loop adaptively selects the gen-
erated problems based on the performance of the base model, to conduct
supervised fine-tuning and reinforcement learning alternately. Conse-
quently, our method continuously refines its model and training data,
and consistently obtains considerable performance gains across multiple
mathematical reasoning benchmarks.
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Fig. 1: a: Co-evolution of visual-textual pairs with escalating task difficulty over three
iterations. b: Data usage comparison among different methods. Note that the x-axis
(gate count) is on a log-scale. ¢: Performance of 2B and 7B models across three iterations.

1 Introduction

Recent advancements in large language models (LLMs) have achieved remarkable
progress in solving problems, including mathematics [3} [I7], coding [2, [12], etc.
These capabilities are enabled by advanced strategies, including chain-of-thought
prompting [43], tool-augmented reasoning [10, 18, 22], etc. In particular, OpenAl
ol [30] and Deepseek-R1 [14] have shown that reinforcement learning plays a
critical role in aligning model outputs with desired behaviors by using structured
reward signals derived from correctness, consistency, or human preference. This
mechanism has proven especially effective in eliciting nuanced self-verification and
self-correction behavior in LLMs, thereby reinforcing the reliability and depth of
their reasoning chains, particularly in mathematical and logical domains.

Despite these advances, achieving such strong reasoning performance remains
heavily reliant on large-scale, high-quality, and complexity-aligned datasets. As
task complexity increases, collecting suitable training data becomes significantly
more costly and difficult, presenting a major bottleneck to further progress.
This challenge has sparked growing interest in self-improving paradigms, where
models iteratively enhance their capabilities by generating new synthetic data
and refining reasoning traces.

Recent studies have shown that reasoning abilities can be substantially im-
proved through carefully curated and progressively challenging data. For example,
OpenVLThinker [7] adapts the self-improvement paradigm to the vision-language
domain by iteratively alternating between supervised fine-tuning (SFT) and rein-
forcement learning (GRPO), distilling R1-style reasoning traces from text-based
models into multimodal contexts.

However, despite these promising developments, existing approaches face two
key limitations: (1) Mismatched evolution of visual complexity and textual
reasoning difficulty. Prior methods often suffer from decoupled difficulty
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Table 1: Comparison of evolutionary strategies.

Model Visual Evolve Text Evolve Capability-Aligned
MindGYM [44], VisPlay [16] v -
R-CoT [6] v -
MAVIS [50] v -
OpenVLThinker [7] - -
SyncLoop(Ours) v v v

scaling, where the evolution of visual and textual complexities is asynchronous.
Some approaches prioritize visual complexity but fail to match it with deep
reasoning tasks, while others enhance textual semantics but are constrained
by static visual sources. This disconnect restricts the model’s ability to learn
integrated cross-modal reasoning strategies. (2) The discrepancy between
model capability and task difficulty. As models improve over the course of
training, their ability to tackle more complex tasks naturally increases. However,
current approaches rely on static or manually defined difficulty schedules, which
do not adapt to the model’s evolving capability. This misalignment can lead to
ineflicient training, either under-challenging the model or overwhelming it with
excessively difficult data.

To address these challenges, we propose a fully automated, adaptive multi-
modal learning framework (SyncLoop) that jointly evolves both the model and
its training data in a closed-loop fashion, with a particular focus on diagram-based
mathematical reasoning tasks. Table [I] summarizes the differences between our
framework and state-of-the-art methods: Unlike existing methods that rely on
static data, our method dynamically adjusts task complexity based on real-time
assessments of model performance, ensuring a tighter coupling between model
capability and data difficulty throughout the learning process. Specifically, to
tackle the challenge (1), we incorporate the process into a cross-modal data
evolution loop, where complex visual elements (e.g., geometric diagrams or func-
tion plots) are jointly synthesized with semantically aligned textual problems.
This is achieved by leveraging an external reasoning engine to generate and ren-
der visual augmentations, followed by the automatic construction of multi-step
reasoning questions grounded in the generated visuals. The resulting multimodal
samples are filtered and validated to ensure internal consistency and cross-modal
coherence, yielding a dataset in which visual and textual complexities are jointly
calibrated. For the challenge (2), we adopt a data-model evolution loop. This
loop utilizes data generated from the cross-modal data evolution loop and applies
it to iteratively fine-tune the model using SF'T and GRPO. SFT maintains output
structure and coherence, while GRPO improves generalization through rule-based
optimization. We introduce a simple error-based filtering method that evalu-
ates sample difficulty via prediction variance over 32 generations. By selecting
samples with an general error rate (e.g., 0.3), which are prone to error yet still
within the model’s grasp and pose a meaningful challenge, the framework ensures
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that task difficulty remains aligned with model capability, achieving continuous
improvement over iterations (c¢f., Figure 1| (¢)).

Finally, we investigate the impact of different data strategies and iterative
training regimes on model performance. Our findings offer insights into the design
of effective self-improving frameworks for improving complex diagram-based
mathematical reasoning and guiding the progressive evolution of vision-language
models.

Our contributions are summarized as follows:

e We propose a closed-loop self-improving framework, named SyncLoop,
that jointly evolves training data and model capabilities.

e The proposed framework utilizes two co-evolution loops to improve the
compatibility of cross-modal complexity and that between task difficulty and
model capability.

e Extensive experiments (e.g., Geo-Sub, MathVista, MathVerse) demonstrate
the effectiveness of different data strategies and iterative training regimes, reveal-
ing their impact on self-improving frameworks.

2 Related Work

Reinforcement Learning. Recent research has demonstrated that reinforcement
learning (RL) can significantly enhance the reasoning capabilities of large language
models (LLMs) such as OpenAl-ol [30]. Some approaches have introduced RL-
based mechanisms to facilitate test-time scaling, achieving notable success in tasks
such as mathematical reasoning and code generation. Building on this progress,
DeepSeek-R1 [I4] proposed a rule-based reward strategy and adopted the Group
Relative Policy Optimization (GRPO) [36] algorithm, demonstrating strong
performance with only a few update steps. Motivated by the success of LLMs,
recent studies [5] [19] 28], BT, B3] 37, [46] 48|, 51] have begun to explore the reasoning
capabilities of MLLMs. For example, R1-OneVision [40] integrates supervised
fine-tuning with RL to bridge the gap between visual perception and deep logical
reasoning. Vision-R1 [I9] generates cold-start initialization data and employs
GRPO with hard format reward functions to enhance the emergent reasoning
capabilities of MLLMs. VisualThinker-R1-Zero [51] applies the R1 style to a base
MLLM without supervised fine-tuning, surpassing traditional fine-tuning methods
while exhibiting “visual aha moment” behaviors. R1-VL [48] proposes the Step-
wise Group Relative Policy Optimization (StepGRPO), an online reinforcement
learning framework for improving MLLMs’ reasoning ability through dense,
effective step-wise rewards. MM-EUREKA [28] demonstrates that rule-based
reinforcement learning can be effectively extended to multimodal reasoning,
enabling emergent reasoning behaviors without supervised fine-tuning and offering
superior data efficiency. Curr-ReFT [5] adopts a multi-stage curriculum learning
strategy with progressively increasing difficulty to support the self-evolution of
reasoning capabilities, LMM-R1 [33] adopts a staged approach that begins with
textual reasoning and advances toward complex multimodal reasoning tasks.
MM-EUREKA [2§] introduces a novel data filtering strategy that simultaneously



SyncLoop 5

removes both unsolvable and trivial cases, along with rejection samples, retaining
only high-confidence instances. The effectiveness of these methods in multimodal
understanding tasks can be attributed to the presence of high-quality CoT
datasets and the use of R1-style RL. Nonetheless, a significant drawback persists:
the disconnect between the complexity of the training data and the difficulty
of the tasks, particularly the inconsistency between the complexity of visual
inputs and the challenges of textual reasoning. In this paper, we introduce a
self-evolving training approach that alternates between RL and SFT. Our method
dynamically modifies the multimodal training data to align with the model’s
reasoning abilities, ensuring that the complexities of both visual and textual
elements are consistent throughout the training process. In contrast to MM-
EUREKA, our method prioritizes samples that are both meaningfully challenging
and conditionally accessible, striking a balance between task difficulty and model
learnability.

Self-Improvement. Self-improvement [1I, [T}, [16], B5] is a paradigm in which
models generate and train on synthetic data generated from the same or other
models. While self-improvement has been widely studied in the NLP domain,
several works [4l [13] 23] 27 [38] [47] have explored the approach of first generating
high-quality data and subsequently fine-tuning models on this data to achieve
continuous performance improvement. For example, STaR [47] introduces a
bootstrapping mechanism that enhances LLM reasoning capabilities by iteratively
generating and filtering "chain-of-thought" rationales, then fine-tuning the model
on correct rationales to progressively improve performance. ReST [13] integrates
self-generated data with offline RL, alternating between a "Grow" phase that
expands the dataset by generating multiple outputs per input, and an "Improve"
phase that ranks and filters these outputs using a reward model based on human
preferences. Other works [27] follow a similar approach of generating synthetic
data, filtering out low-quality samples, and fine-tuning models on the filtered
high-quality data. Recent efforts [6] 9, [15], 26], 34, [40, (0] have introduced
synthetic data generation pipelines that leverage a visual data engine to produce
visual images along with corresponding reasoning tasks. However, these methods
primarily focus on expanding the training distribution. Our approach shifts the
emphasis from passive data enrichment to self-improvement with a co-evolution
mechanism. A closely related work is OpenVLThinker [7], which introduces an
iterative training paradigm in which models are exposed to progressively more
complex tasks. However, their approach relies on manually defined task difficulty,
which does not adapt to the evolving capabilities of the model. ﬂ

3 Method

In this section, we present the details of the proposed SyncLoop framework for
self-improving reasoning. The key idea behind SyncLoop is the joint evolution
of multimodal data and models, thereby mitigating discrepancies not only be-
tween visual and textual modalities but also between task difficulty and model

5 Additional Related Work is provided in the APPENDIX A.
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Fig. 2: The proposed SyncLoop framework. Starting from a base dataset and a
base model, a co-evolving multimodal data loop iteratively synthesizes complex paired
visual and textual samples. These samples are subsequently filtered and utilized in the
co-evolving data & model loop to iteratively improve the reasoning performance of the
model.

capabilities. We begin by formulating our task in Sec. and then introduce the
two core components of SyncLoop, namely the multimodal data co-evolution
loop (Sec. , and the data and model co-evolution loop (Sec. , as shown in

Figure

3.1 Task Formulation

In this paper, we are given a pre-trained multimodal large language model
(MLLM) denoted as mp and a dataset D consisting of image-question-answer
triplets, namely, D = {D,, = (I",Q",G")|n = 1,...,|D|}, where I, Q™, and
G" denote an image, questions related to I™, and the corresponding answers
of Q™, respectively. Our goal is to improve the complex reasoning capability of
Ty by optimizing its parameters # on D within T iterations. Following recent
studies [6] [I8], [50], we assume that the necessary external tools and models are
available, such as an oracle model that can generate and execute Python code to
edit images [I8].

Specifically, let ¢t = 1,...,T denote the iteration step. At the beginning of the
t-th iteration, we first conduct the multimodal data co-evolution loop to augment
D;. This is achieved by prompting an MLLM [20] as the oracle model for solving
each question in Dy, generating step-by-step reasoning trajectories including
necessary image augmentations like drawing auxiliary lines. For an arbitrary
triplet D}* € D, the MLLM produces an action sequence Acj}, corresponding
Python code segment C}', and a natural language reasoning trace R}. The
generated code C7* is then executed using an external image editing tool [21] to
yield a more complex image I}, ; that includes auxiliary augmentations. To ensure
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Algorithm 1 SyncLoop Algorithm
Input: Seed Dataset D, Base Model 7y, Principles P, Number of Iterations T’
Output: Improved Model 7r9T£i7 Evolved Datasets Dy

1: Initialize Wé =Ty
2: fort=1to T do
3: > Co-Evolving Multimodal Data > see §3.2]

4: for n =1 to |D| do

5: Act, C]', R} <+ generate action and reasoning conditioned on D,

6: I141 < apply auxiliary augmentations by executing (Ac}, C)

7 Q+t+1, At41 < generate challenging questions and answers conditioned

on It+17 P7 Qt

8: Dt+1 + add filtered tuple (It+1, Qt+1; At+1)

9: end for
10: > Co-Evolving Data and Model > see
11: Drain « gelect data from Dyq using error rate evaluated with TH RL
12: ﬂ'é""leT + update 7} with SFT on D}rain > using Equation
13: w(’;erlL + update W;j_leT with GRPO on D{rain > using Equation
14: end for

that the questions align with I, ; with increased complexity, more challenging
questions Qf,; and answers G}, regarding I}, are generated and curated,
consequently a new multimodal triplet D, = (I}, Q}, 1, G}, ) is obtained.
We assess the difficulty of D7, ; and if it is sufficiently challenging, we incorporate
it into D;. Afterwards, we utilize the updated dataset D;11 to train the base
model 7y through a combination of SFT and GRPO, where SFT establishes the
initial reasoning structure and GRPO improves its generalization capability.

3.2 Co-Evolving Multimodal Data

The co-evolving multimodal data loop is introduced to mitigate the complexity
discrepancy between visual and textual data, which can be further divided into
an action and reasoning generation process and a challenging question generation
process.

Action and Reasoning Generation. We introduce a two-stage framework de-
signed to enable the precise construction of auxiliary lines in geometric diagrams.
We first extract the coordinates of key points using Optical Character Recognition
(OCR) and other vision-based techniques. This coordinate-level representation
ensures robustness and consistency in subsequent diagram transformations, par-
ticularly under increased geometric complexity. Leveraging this representation
and image I; (we omit the superscript n for conciseness), we prompﬂ GPT-40 to
determine whether auxiliary image augmentations are needed to facilitate prob-
lem solving. This generates a decision, denoted as Thought, indicating whether

7 All detailed prompts are provided in the APPENDIX F.3.



8 X. Chen et al.

Distribution of Reasoning Lengths cosnes

. 4.4%
025 15t Iteration 4.7% 1% 610
. 6.2% 02 11~15
2" Tteration s 47% 16-20

3 Iteration 26-30

010 36.7% 35.9%

SaESOR .
50 200 400 600 800 1000 1200 1400
Reasoning Length (Tokens)

Fig.4: Assessment of third itera-
Fig. 3: Evolution of reasoning length (tokens) tion training data difficulty using
over three iterations. second iteration model 7r§7RL.

auxiliary augmentations are necessary and specifying their types (e.g., parallel
lines, perpendicular lines, connecting lines and function graph). Subsequently,
it produces the updated image I;; with newly added auxiliary augmentations,
as illustrated in Figure [2| In addition to I;yi, the pair (It,Q:) is also fed to
GPT-40 to simultaneously generate the full reasoning trace R;, which is used in
the subsequent generation of challenging questions. For mathematical functions,
we prompt GPT-40 to decide whether plotting the graph would aid in solving
the given problem. The rest of the process follows the same procedure as before.
Challenging Question Generation. This step aims to match the level of
problem difficulty with the degree of image complexity. For geometric diagrams,
we utilize the GPT-40 to generate a formatted description F; conditioned on the
generated images I;41. To promote diversity in the generated sub-problems, we
define a set of guiding principles P:

1) Math Constraints: We extract mathematical constraints (e.g., perpendicu-
larity, equality, and sub-images) from the formal description Fj.

2) New Theorems and Concepts: We incorporate relevant mathematical theo-
rems and conceptual principles (e.g., the properties of a right triangle imply the
Pythagorean theorem, symmetry, parity) that are closely related to the formal
description Fj.

3) Backward Reasoning: We also include the concept (e.g., the Tangent-Secant
theorem) of sub-steps in the inference trace (i.e., Ry).

Using these principles, we prompt GPT-4o with the tuples (F}, R;, P) (e.g.,
F, is applied exclusively to geometric diagrams) to generate a diverse set of
sub-problems (g1, ¢2, . - . , ¢m, where m typically ranges from 4 to 10, depending
on the complexity of the image). To mitigate the inherent limitations of formal
language in capturing visual content, we incorporate the role-playing strategy from
R1-Onevision [45]. By analyzing the differences and commonalities among sub-
problems (g1, g2, - .., ¢m), we align them with corresponding sub-image elements
to compose challenging geometric reasoning questions. Specifically, by combining
the sub-problems (q1, g2, . .., ¢m) with their associated sub-image descriptions
F;, we prompt GPT-40 to compose challenging questions. For example, given
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two sub-problems ¢; and ¢s that address different parts of an image, we combine
them into a more challenging question @41 by leveraging their thematic and
contextual connections.

To obtain corresponding answers, we feed each generated question ;11
together with its formal description F; into GPT-40 three times. For each input,
the model produces a step-by-step reasoning trace R;y; and the final answer A; ;.
We then retain only those samples with three answers Ay 1.1, Ai1,2, Aet1,3 are
equal. We further prompt model to filter out any questions that are inconsistent
with the original image constraints, ensuring alignment between the question
and the visual content. As illustrated in Figure [3| the increasing length of the
reasoning trajectories serves as a reliable indicator of problem difficulty, aligning
with our data evolution design.

3.3 Co-Evolving Data and Model

SFT to Follow Reasoning Structure This stage aims to unify the model’s
reasoning format with the structure needed during the later reinforcement learning
(GRPO) phase, ensuring compatibility through a standardized template (i.e.,
<think>< /think><answer>< /answer>). The model is trained on the previously
constructed triplets (I;11, @y, Ry), learning to generate the reasoning trace and
final answer in a structured format. The corresponding training objective is
formulated as follows:

Lsrr = —E (1,0, r)~p[log(mo (R|I,Q)]. (1)

Group Relative Policy Optimization Based on the above obtained 7y gpr
model, we employ two reward rules in conjunction with the GRPO algorithm to
further refine the policy model. These rewards are designed as follows:

1) Accuracy Reward: This reward evaluates the correctness of the final answer
A by processing the final answer via regular expressions and verifying it against
the ground truth G.

2) Format Reward: To ensure consistent and well-structured reasoning tra-
jectories, we define a reward based on the model’s adherence to the predefined
format <think>--- </think>.

Additionally, we enforce sequential consistency within the reasoning trace by
requiring that each step be explicitly arranged in the correct order. Responses
that violate this ordering are penalized during training. The training objective
with GRPO is defined as,

Lrr, = E| min (r4(0)A¢, clip(r:(0),1 —e,1 4+ &) A;) — BDkw[mol|Told] (2)

Iterative Refinements and Filtering

In the ¢-th iteration, we perform SFT followed by GRPO training using all
post-filtered data, resulting in an updated model wnglL and a new dataset Dy
for the next round. To align the difficulty of D with the current capability of my,
we forward each sample through the model 32 times and compute the error rate
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as the proportion of times the model generated a wrong answer. As illustrated
in Figure [l we evaluate the difficulty of the data for each model obtained from
GRPO training. We then retain only the samples with an error rate greater
than 0.3 to form the training set for the next iteration, ensuring that the data
complexity remains aligned with model capability. More assessments are provided
in APPENDIX F.2.

Table 2: Main experimental results. For MathVista benchmark, we have specifically
compared all models on three sub-tasks that are highly related to mathematical rea-
soning: geometry reasoning (GEO), algebraic reasoning (ARI) and geometry problem
solving (GPS). The result (7) is collected from original papers, R1-VL[48] and R1-
Onevison [45]. The remaining results are reproduced under the same experimental
setting.

Methods Data Amount Geo-Sub Geo-Sub-Aux MathVista
GEO ARI GPS ALL

Closed-Source Model

GPT-40 [20] - - - - - 638t
Reasoning Model -

LLamaV-01-11B[39)] >100k - - - - - 544t
Insight-V-8B[§] 200K - - - - - 498t
MGT-PerceReason [32] 65k - - - - - 632f
R1-Onevision-7B [45] 10k - - - - - 64t
R1-VL-7B [48] 10k (SFT 120k) - - - - - 636"
Qwen2-VL-2B [42] - 28.0 29.1 - - - 4307
SyncLoop-1% 0.6k 32.0 34.2 38.0 40.0 38.0 49.1
SyncLoop-2"¢ 0.6k 35.6 36.4 38.0 38.0 38.0 49.3
SyncLoop-3"¢ 0.4k 38.2 42.2 40.0 40.0 38.0 50.2
Qwen2-VL-7B [42] - 40.4 40.4 50.0 50.0 49.0 60.0
SyncLoop-1° 0.6k 45.5 46.9 55.0 57.0 54.0 62.1
SyncLoop-2"? 0.6k 46.9 48.0 56.0 58.0 56.0 62.4
SyncLoop-3"¢ 0.4k 50.9 52.4 59.0 59.0 60.0 63.2

4 Experiment

4.1 Benchmark

Dataset. We use the Geometry3k [25] dataset as the base dataset for multimodal
data evolution. Geometry3k is a mathematical benchmark dataset that comprises
3,002 geometry problems, divided into 2,101 training examples, 300 for validation,
and 601 for testing. Each problem is accompanied by a corresponding geometric
diagram, a natural language description, and formal language annotations.

Implementation Details. In our experiments, we adopt two state-of-the-art
open-source MLLMs, i.e., Qwen2-VL-2B [42] and Qwen2-VL-7B [42]. For the
policy warm-up phase, we employ the LLaMA-Factory. framework with a batch
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Fig. 5: Qualitative comparison of geometric reasoning.

size of 128 and a learning rate of le—5. For the GRPO phase, we use the VLM-R1.
framework. In the first iteration, we perform 32 rollouts per question, reducing
to 8 in subsequent iterations. The temperature is set to the default value of 0.9,
and the KL divergence coefficient 3 in Equation [2]is set to 0. All experiments
are conducted on 32 NVIDIA V100-32GB GPUs.

Evaluation Settings. We evaluate SyncLoop on several multimodal reasoning
benchmarks, including Geo-Sub from Geometry3k-test [25], MathVista [24],
and MathVerse [49]. To provide a more comprehensive evaluation of model
performance, we construct a specialized test subset by sampling images from
Geometry3K-test that require the use of auxiliary lines to solve. This results in
a focused benchmark containing 274 images. When evaluated on the original
images, we denote the setting as Geo-Sub. Using the corresponding images with
added auxiliary lines, we refer to the setting as Geo-Sub-Aux. Further details
can be found in the APPENDIX B.

4.2 Main Results

In the main paper, we only present a portion of the experimental results; additional
experiments are provided in the appendix (e.g., APPENDIX C, D, F).

As shown in Table 2] SyncLoop demonstrates a significant improvement
over Qwen2-VL-2B and Qwen2-VL-7B across three benchmarks through three
iterations, with geometric reasoning accuracy increasing notably from 29.1 to 42.2
and 40.4 to 52.4, respectively. The progressive improvement observed across three
iterations highlights the effectiveness of our self-improving strategy in enhancing
reasoning capabilities. Furthermore, compared to prior reasoning models, our
approach achieves superior performance while leveraging less than 1% of the
training data, with performance approaching that of GPT-4o.

Figure [5]illustrates the model’s behavior on a geometry problem involving a
parallelogram. The response generated by Qwen2-VL-7B is relatively short but
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Table 3: Comparison of alternating vs. Table 4: Comparison of alternating vs.
consecutive GRPO training schedules with consecutive GRPO training schedules from
progressive model updates. the initial model.

Iteration Model SFT GRPO Geo-Sub-Aux  Iteration Model SFT GRPO Geo-Sub-Aux

1 0
e 2 4 40.7 2 4 48.4
Second Wé ) v 48.0 Second ﬂg ) v 44.0
2 0
e 2 4 42.9 T N N 46.7
Third WZ v 59.4 Third 3 ) v 44.4

Table 5: Comparison of error-rates based on the second iteration.

Models Data Size (Dy/D1~t) Geo-Sub-Aux

Qwen2-VL-7B - 38.2/40.4
Fullset 0.83K/1.48K 48.4/46.6
mp- 0.3 0.48K /0.64K 49.1/48.0
mg- 0.6 0.44K/0.54K 50.9/47.3
m3- 0.9 0.38K/0.44K 48.4/47.3
75- 1.0 0.34K/0.35K 46.2/46.5

lacks a thorough reasoning process. It contains inaccuracies in both formula appli-
cation and computational steps, leading to an incorrect final answer. In contrast,
our SyncLoop produces a well-structured and logically coherent solution. It
begins with a thorough analysis of the given conditions, followed by a step-by-step
deductive process that ensures correctness at each stage, ultimately yielding the
accurate final result. The findings demonstrate that our model exhibits robust
and accurate reasoning capabilities in handling mathematical problems, indi-
cating its proficiency in comprehensively understanding and correctly analyzing
mathematical functions.

The influence of different iteration strategies. Table [3| presents the results
of different iteration strategies. Fine-tuning 7§ with additional SFT in the second
iteration leads to performance degradation. In contrast, further refining the model
through reinforcement learning yields improved results. As shown in Table []
when the second iteration model is trained via SFT and RL starting from the
initial model 7y, the same performance degradation is not observed. However, the
resulting model underperforms compared to when the training is warm-started
from 74. Similar trends are observed in the third iteration.

The Influence of error-rate. As described in Section we conduct an
extensive parameter analysis over varying values of error-rate, which governs
the complexity of data within each iteration. Table [ shows the performance of
models trained solely on data from the current iteration D;, compared to those
that also incorporate historical data D;,  ,—;. Utilizing the complete dataset
does not necessarily optimize the model’s reasoning capabilities. Specifically, as
the complexity of the training data increases, relying exclusively on error-prone
samples results in a decline performance. Based on this analysis, error-rate> 0.3 is
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Table 6: The results on the mathematical function task.

Methods Data Amount FunctionQA Function-Plot
Qwen2-VL-7B - 58.0 58.0
SyncLoop-1° 0.6k 60.0 59.0
SyncLoop-2"¢ 0.6k 66.0 69.0
SyncLoop-1°¢ + Function 0.7k 61.0 60.0
SyncLoop-2"¢ + Function 0.7k 72.0 71.0

Table 7: Comparison of error-rates based = Table 8: Training comparison between

on the second iteration. original and complex image datasets.
Methods Data Amount MMMU MME-sum Model Original Data Complex Data
Qwen2-VL-7B - 52.0 2320.8
SyncLoop-1°t 0.6k 533 23353  SyncLoop-1** 47.27 46.9
SyncLoop-2"¢ 0.6k 54.2  2336.2 SyncLoop-2" 45.82 48.0
SyncLoop-37¢ 0.4k 55.2  2337.1 SyncLoop-3"* 51.27 52.4

adopted to as the basis for our final setting. Additional generalization experiments
for this selection are presented in APPENDIX D.2.

Generalization across tasks. We also evaluate our method on mathematical
function reasoning tasks to demonstrate its broader applicability, reporting perfor-
mance on FunctionQA and Function-Plot from MathVista after two evolutionary
rounds. As shown in the table [6] our method also achieves strong performance
on other tasks.

Effectiveness demonstrated on generalization metrics. To further demon-
strate the generalization capability of our method and examine potential overfit-
ting or degradation, we evaluated our model on more comprehensive benchmarks
(e.g., MMMU and MME) over three iterative rounds. The results, presented in
the Table[7 show that although our model is trained exclusively on geometric
problems, it progressively acquires more general capabilities throughout the
iterative process.

Compared to other methods [7]. Due to the authors have recently released
their code and partial data (e.g. for the fine-tuning and reinforcement learning
stages). We have since evaluated their model under their experimental setup
(e.g., besides changing the model from Qwen2.5-VL-7B to Qwen2-VL-7B.), and
the results are presented in Table @ (e.g., Note that their data volume is 5k,
which is significantly larger than our 0.6k. )

The Influence of training data. Table [§] presents a comparison of the 7B
model trained on complexified data (complex images with complex text) versus
the original data (original images with complex text). The results show that jointly
complexifying both images and text leads to better performance, highlighting
the importance of image complexity in training.

Ablation on Single Principle. In Table we provide the second-round
experimental results using a single criterion. Both the tabulated results and
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Table 9: Results of other self-improvement methods.

Methods Data Amount Geo-Sub-Aux MathVista
OpenVLThinker-Medium 5k (SFT 5k) 37.8 60.7
OpenVLThinker-Hard 5k (SFT 5k) 37.5 60.3
SyncLoop-15t 0.6k 46.9 62.1
SyncLoop-2"¢ 0.6k 48.0 62.4
SyncLoop-3"¢ 0.4k 52.4 63.2
Table 10: Ablation study on different
principles. Table 11: Results of training without reason-
ing data.
Principle Geo-Sub-Aux
Methods Data Amount Geo-Sub-Aux
Constraints(0.2k) 47.2 Qwen2-VL-7B - 10.4
New Theorems(0.1k) 46.9 SyncLoop-1°* 0.6k 44.7
Backward(0.2k) 47.3 SyncLoop-2"¢ 0.6k 46.6
SyncLoop-2"¢ 48.0

our preliminary experimental findings indicate that data diversity is critical for
performance improvement.

Abalation without reasoning process. Additionally, we have included results
of training without reasoning data, as shown in the Table

Mathematical function output visualization. Figure [f] presents the results
of SyncLoop evaluation on mathematical function reasoning tasks. The findings
demonstrate that our model exhibits robust and accurate reasoning capabilities
in handling mathematical problems, indicating its proficiency in comprehensively
understanding and correctly analyzing mathematical functions.

4.3 Deeper Analysis

Why would adding auxiliary lines to the Fig make the problem more
difficult? In the proposer phase, auxiliary lines are utilized to construct struc-
turally more complex scenes (e.g., new) rather than to facilitate the solution of
existing ones (e.g., old). We sample 50 images from the Geo-Sub test set and add
one to three lines or points per image that are unrelated to solving the problems.
The accuracy of SyncLoop-1¢-7B drops from 45.9 to 42.1, since the additional
visual elements create extra distraction.

Regarding the source of data annotations. To provide a solid mathematical
foundation, we use GPT-40 as the model for data generation. This approach is
consistent with frameworks such as AlphaEvolve [29] and Voyager [41], which
use large models to establish a reliable logical baseline.

Why not pair the generated hard questions with the original images?
Pairing these harder question with the original images can lead to errors, such as
referencing nonexistent points or lines.

Assessment of task difficulty per iteration. Figure 3| qualitatively illustrates
the reasoning length after three iterations. Appendix Fig 3 provides a quantitative
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SyncLoop (ours):

REASONING STEPS:

Stepl: The function f(x) needs to be checked
for symmetry. For a function to be considered
odd, the function should satify f(-x)=-f(x).
Step2: By visually examining the plot, observe
the symmetry of the function with respect to

Ques‘hon the origin. If the graph of the function is
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What’s the parity of the function could potentially be odd.
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Fig. 6: Visualization of the Mathematical Function.

view of the results for the same model tested on data from the three iterations
(e.g., horizontal trends show rising failed cases and declining perfect scores).

5 Conclusion

In this paper, we propose a closed-loop self-improving framework (SyncLoop),
a multi-dimensional evolution framework that operates through two interleaved
loops: a cross-modal data evolution loop and a data-model co-evolution
loop. Recent studies often suffer from the decoupling of textual and visual evo-
lution, as well as a mismatch between model capability and task difficulty. To
address these limitations, we introduce a synchronized co-evolution mechanism in
which auxiliary guidance is employed to progressively increase the complexity of
image data, while the resulting complex visuals are used to generate increasingly
challenging diagram-based mathematical reasoning tasks. This ensures the joint
evolution of both modalities. Furthermore, by leveraging the error-based filtering
method, the model selects samples that align with the current model’s blind
spots or underdeveloped reasoning capabilities, thereby maintaining consistency
between data complexity and model capability through iterative training. Exten-
sive experiments demonstrate the effectiveness of our multi-iteration evolution
training strategy. The different data curation strategies and iterative mechanisms
not only improve performance but also offer promising directions for future
research in self-improving methods.
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