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Abstract

Multimodal large language models show sig-
nificant potential in mathematical reasoning,
yet they remain constrained by a scarcity of
high-quality training data for visually grounded
problems. Existing approaches commonly suf-
fer from narrow coverage, image-text incon-
sistency, and heavy imitation of seed prob-
lems. To address these limitations, this pa-
per proposes AgSynth, a multi-agent collab-
orative reverse synthesis framework. It first
constructs solution logic programmatically and
renders the corresponding images, then gen-
erates problem statements backward from the
visual facts, thereby embedding answer correct-
ness and image-text consistency directly into
the generation pipeline. Meanwhile, AgSynth
distills the core competencies tested in seed
problems and performs divergent reconstruc-
tion, enabling synthesized problems to be sub-
stantially novel in both structure and visual
presentation. Based on this framework, we
construct the AgSynth-10K dataset, compris-
ing 10,477 multimodal mathematical reason-
ing problems that have undergone two-tier
quality control, spanning four major domains:
geometry, algebra, combinatorics, and num-
ber theory. Experiments demonstrate that
reinforcement learning training on AgSynth-
10K significantly improves model performance
on reasoning-intensive benchmarks (WeMath
+7.42, LogicVista+9.15), validating the effec-
tiveness of this traceable synthesis paradigm.
The framework is publicly available at https:
//github.com/Yaxuan7690/AgSynth.

1 Introduction

The mathematical reasoning capabilities of Multi-
modal Large Language Models have attracted in-
creasing attention; however, these models continue
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to underperform on mathematical problems that re-
quire extracting information from visual elements
such as geometric figures, function plots, and sta-
tistical charts, and performing rigorous reasoning
thereupon. A growing body of research suggests
that, beyond algorithmic design, the scarcity of
high-quality multimodal training data has become
one of the critical bottlenecks hindering further
breakthroughs(Ahn et al., 2024; Huang et al., 2025;
Liu et al., 2025; Sun et al., 2026a; Chen et al.,
2021, 2022; Camposampiero et al., 2025; Chen
et al., 2025).

The construction of existing multimodal mathe-
matical data faces three core challenges: (1) Lim-
ited coverage of mathematical branches—existing
synthesis efforts have concentrated on geometric
scenarios, leaving multimodal data for branches
such as functions, algebra, statistics, and combi-
natorial reasoning severely underrepresented(Sun
et al., 2026b; Huang et al., 2025); (2) Difficulty
in ensuring image-text consistency—directly using
AI-generated images is prone to geometric distor-
tions, while multi-stage pipelines built on multi-
agent collaboration are susceptible to semantic drift
across pipeline stages(Luo et al., 2026a; Liu et al.,
2024); (3) Synthetic data tends toward superficial
imitation—generated instances are often highly
similar to seed problems, with only surface-level
substitutions in numerical values or phrasing(Qiao
et al., 2026; Lu et al., 2024).

To address these challenges, we propose
AgSynth, a reverse synthesis framework based on
multi-agent collaboration. Its core design proceeds
as follows: the underlying examination concept
is first extracted from a seed problem and sub-
jected to divergent reconstruction; a determinis-
tic image is then programmatically rendered via
Python code; finally, the problem statement and
answer are composed in reverse, conditioned on
the already-determined image content. This image-
first, problem-second design paradigm mechanisti-
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cally improves image-text consistency and answer
correctness. Furthermore, the framework is not re-
liant on domain-specific templates, enabling broad
coverage across multiple mathematical branches in-
cluding geometry, functions, statistical charts, and
logical reasoning(Yang et al., 2025; Zhuang et al.,
2025; Meng et al., 2025; Deng et al., 2026).

The main contributions of this paper are as fol-
lows: (1) We propose AgSynth, a reverse syn-
thesis framework based on multi-agent collabo-
ration. The framework improves image-text con-
sistency through a reverse construction paradigm,
mitigates superficial imitation through divergent
reconstruction, and achieves broad coverage across
multiple mathematical branches. (2) We construct
the AgSynth-10K dataset, comprising 10K high-
quality multimodal mathematical training instances
that have undergone multi-round consistency veri-
fication and dual-model veto-based filtering. The
framework is publicly released.

2 Related Work

2.1 Multimodal Mathematical Datasets

Existing multimodal mathematical datasets encom-
pass both evaluation benchmarks and training sets
(Sun et al., 2026a; Shi et al., 2024; Qiao et al., 2025;
Liu et al., 2025; Wang et al., 2024; Yu et al., 2024;
Lu et al., 2023; Hendrycks et al., 2021; He et al.,
2026; Zou et al., 2025; Shao et al., 2024; Roberts
et al., 2025). While these efforts have effectively
expanded the scale of available data, their construc-
tion paradigms rely primarily on resource aggre-
gation, and the resulting visual diversity is funda-
mentally constrained by the original sources. More-
over, geometry problems dominate these datasets,
whereas coverage of other branches such as func-
tions, statistics, and logic remains markedly insuf-
ficient, making it difficult for models trained on
them to generalize to non-geometric mathematical
tasks.

2.2 Multimodal Mathematical Data Synthesis
Methods

To overcome the bottleneck of the collection
paradigm, researchers have explored various au-
tomated synthesis approaches. AutoGeo and
GeoTikzBridge achieve large-scale data construc-
tion through geometric clause combination and
TikZ code generation, respectively, yet both remain
confined to the single branch of geometry. Regard-
ing image-text consistency, mainstream methods

follow a forward pipeline—first determining the
problem and then generating the image—where
images and problems are produced independently
across different stages, making the risk of seman-
tic misalignment difficult to eliminate. In terms
of generation diversity, MathGenie leverages back-
translation and code verification to derive new prob-
lems from seed questions, and AgentMath validates
the potential of multi-agent collaboration; however,
both target plain-text scenarios and do not involve
multimodal synthesis.

In summary, existing methods still face three
structural contradictions: the decoupling of image
and text generation leads to semantic misalignment,
forward-oriented pipelines constrain the novelty of
generated problems, and the dominance of a sin-
gle branch suppresses cross-domain generalization.
AgSynth is proposed precisely in response to these
challenges.

3 AgSynth Framework

This section introduces the task definition, overall
architecture, and module design of AgSynth.

3.1 Task Definition and Framework Overview

Task Definition. Let the seed problem be de-
noted as S = (Qs, Is, As), where Qs is the prob-
lem text, Is is the associated image, and As is the
ground-truth answer. The objective of AgSynth is to
transform S into a new problem S′ = (Q′, I ′, A′)
that satisfies three constraints: (1) image-text con-
sistency—Q′ and I ′ are strictly aligned in seman-
tics; (2) answer correctness—A′ can be determinis-
tically derived from I ′ and Q′; and (3) novelty—S′

differs from S to a certain extent in either visual pre-
sentation or problem formulation. The framework
realizes this transformation through the following
mapping chain:

Extract the Examination Kernel

K = fkernel(S)

↓
Generate Divergent Conceptions

P = fplan(K)

↓
Programmatically Render the Image

I ′ = frender(P )

↓
Reversely Generate the Problem and Answer
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Figure 1: Overall Architecture of the AgSynth Framework

(Q′, A′) = freverse(I
′,K, P )

S′ is accepted only if fvalidate(Q
′, I ′, A′) = 1,

where 1 denotes “true” or “pass” in mathematical
logic, and 0 denotes “false” or “fail.”

Framework Overview. The core philosophy of
AgSynth can be summarized as:

Logical Decoupling → Visual Instantiation →
Reverse Alignment → Closed-loop Verification

Unlike forward synthesis, which generates ques-
tions first and then matches images to them, our
framework first extracts the kernel and engages
in divergent ideation, subsequently renders deter-
ministic images in a programmatic manner, and
finally generates questions and answers in reverse
based on the solidified visual facts. This design sig-
nificantly reduces the risk of image-text semantic
misalignment at the procedural level. The overall
pipeline consists of five agents collaborating se-
quentially, connected via a structured information
protocol, where the output of each stage may flow
downstream only after passing verification.

3.2 Agent Design
These agents are connected via a structured infor-
mation protocol, as illustrated in Figure 1.

Agent 1 (Planner, Logical Conception Agent).
Input: seed problem S.
Core functions: in the first stage, extract the ex-
amination kernel K (knowledge points, reasoning

structure, and competency dimensions); in the sec-
ond stage, perform divergent ideation while pre-
serving the kernel, with specific strategies includ-
ing transforming the problem’s background sce-
nario, swapping known and unknown quantities,
altering the type of visual carrier (e.g., replacing
geometric figures with statistical charts), and intro-
ducing distractor information.
Output: the examination kernel K and the innova-
tive conception plan P .

Agent 2 (Designer, Visual Semantic Planning
Agent). Input: conception plan P and seed prob-
lem image Is.
Core function: transform the abstract conception
into a structured visual design scheme that speci-
fies the types of graphical elements, spatial layout,
colors, and annotation methods.
Output: a structured visual design scheme.
Agent 2 focuses on “what to draw” (visual seman-
tic planning), whereas Agent 3 focuses on “how to
draw” (executable visual implementation); decou-
pling the two allows the design intent and the code
implementation to be independently optimized and
reviewed.

Agent 3 (Renderer, Code Rendering Agent).
Input: the visual design scheme from Agent 2.
Core function: transform the design scheme into
executable Python code and render it to produce
the image I ′. The advantage of programmatic ren-
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dering is that the geometric relationships among
elements in the image are determined by determin-
istic program logic, which substantially reduces
the probability of geometric distortion and struc-
tural ambiguity compared with AI-based image
generation. Such deterministic rule-based render-
ing compensates for the uncontrollability of diffu-
sion models in generating mathematically precise
geometric elements.
Output: a precisely rendered mathematical image
I ′.

Agent 4 (Formulator, Reverse Problem Gener-
ation Agent). Input: image I ′, kernel K, and
conception P .
Core function: reversely generate the problem Q′,
solution steps, and answer A′ based on the estab-
lished visual facts. Because the problem is gen-
erated around the same set of known constraints,
image–text consistency and answer correctness are
structurally guaranteed.
Output: the complete problem text, solution pro-
cess, and answer.

Agent 5 (Validator, Quality Audit Agent). In-
put: intermediate outputs and final deliverables
from each stage.
Core function: conduct real-time auditing through-
out the entire workflow and perform an end-to-end
consistency check upon completion of Agent 4.
Output: audit approval or revision feedback. If
the audit fails, the system feeds the identified is-
sues back to the corresponding stage to trigger a
revision loop (with a retry limit imposed to ensure
convergence).

3.3 Quality Control Mechanism
AgSynth employs a two-tier quality control mech-
anism combining “stage-wise auditing with ter-
minal dual-model veto.” During pipeline execu-
tion, Agent 5 performs real-time quality inspection
on the output of each stage and triggers revision
loops as needed. After all agents have completed
their tasks, the system introduces two independent
verification models to cross-validate the final out-
put; the sample is discarded if either model iden-
tifies any issues. Formally, S′ is accepted only if
fvalidate(Q

′, I ′, A′) = 1. Here, fvalidate consists of
four sub-criteria: image quality inspection (e.g.,
element occlusion, overlap), image-text semantic
correspondence inspection, problem-solving log-
ical rigor inspection, and answer verifiability in-
spection. A sample is incorporated into the final

Figure 2: Distribution of Mathematical Topics in
AgSynth-10K (Num. = Number Theory 2.2%, Seq.
& Pat. = Sequence & Patterns 3.4%, Pro. & Stat. =
Probability & Statistics 3.0%, Analytic Geo. = Analytic
Geometry)

dataset only if it passes all four criteria.
This mechanism ensures that no single gen-

eration is blindly trusted; instead, the combina-
tion of deterministic rendering, reverse problem-
solving, and multi-stage filtering selects only high-
confidence, consistent results(Luo et al., 2026b).

4 AgSynth-10K Dataset

4.1 Dataset Overview

AgSynth-10K is a dataset designed for multimodal
mathematical reasoning, comprising 10,477 sam-
ples. Each sample is structured in a unified JSON
format, including problem images, text, standard
answers, and detailed solution processes. Quality
is ensured through dual-model cross-validation.

The dataset is constructed from two types of
seed resources: 793 internally annotated prob-
lems sourced from competitions such as UKMT
and AMC, and 500 externally selected problems
from We-Math2.0-Standard. These seeds generated
7,074 and 3,403 samples, respectively, all adhering
to unified generation protocols and quality control
standards.

As shown in Figure 2, AgSynth-10K covers
four mathematical domains and 14 knowledge cat-
egories. Geometry accounts for the largest propor-
tion (43.4%), focusing on triangles, circles, etc.;
Discrete Mathematics (28.7%) emphasizes logic
and strategy; Algebra (21.3%) includes basic op-
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erations; and Applied Mathematics (6.6%) mainly
involves probability and measurement. This en-
sures comprehensive topic coverage and diverse
problem generation.

4.2 Quality Assurance

As described in Section 3.3, AgSynth employs a
two-tier quality control mechanism consisting of
“stage-wise auditing + terminal dual-model veto.”
In the terminal veto stage, two independent veri-
fication models perform cross-validation on each
question across four dimensions: image clarity, im-
age accuracy, question completeness, and answer
correctness. A sample is discarded if either model
identifies any issue. Out of the 18,910 candidate
questions in total, 10,477 passed the automated
quality inspection, yielding a pass rate of approxi-
mately 55.4%.

To systematically analyze the underlying causes
of errors in the filtered questions, this study em-
ploys gemini-3.1-pro to perform automated error
attribution classification on the quality inspection
feedback. The classification system is grounded
in the free-clustering results of 50 sample ques-
tions during the pilot phase, and through manual
induction and consolidation, an error classification
framework comprising six major categories was
ultimately established. The classification results
are shown in the Figure 3. The error distribution ex-
hibits markedly non-uniform characteristics. The
results indicate that image generation and its se-
mantic alignment with text constitute the primary
bottlenecks of the current pipeline. In contrast, er-
rors pertaining to the content correctness dimension
account for a significantly smaller and more man-
ageable proportion, which reflects that AgSynth
has already attained a high level of reliability in the
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logical derivation and answer generation stages.
Beyond automated quality inspection, we further

employed manual sampling to validate the final
data quality. From the 10,477 questions that passed
quality inspection, 500 were randomly selected for
manual review, using “the question can be solved
normally without obvious errors” as the passing cri-
terion. The manual pass rate reached 96.8%, with
the few failing samples primarily attributable to
implicit omissions of problem-solving conditions
and answer leakage caused by visual cues in the
images.

4.3 Visual Diversity Analysis

This paper evaluates the image diversity of
AgSynth-10K from two perspectives: qualitative
case analysis and quantitative feature distribution.
Due to space limitations, qualitative examples il-
lustrating the visual diversity and evolution of syn-
thetic samples derived from the same seed are pro-
vided in Appendix C (Figure 7). While maintaining
mathematical traceability, these samples introduce
diverse graphical carriers, node styles, path mor-
phologies, and spatial layouts. This demonstrates
that the generation process is a visual reconstruc-
tion centered on core mathematical constraints,
rather than mere replication or local modification.

To quantify the extent of visual expansion, we ex-
tracted visual feature vectors—composed of color
histograms and grayscale structural descriptors—
from 484 seed problem images and 3,403 synthe-
sized problem images, computed their pairwise
cosine distances, and projected the results into a
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two-dimensional space via PCA. As shown in Fig-
ure 4, the convex hull of the synthesized problems
(orange) covers a significantly larger area than that
of the seed problems (green). Specifically, the av-
erage nearest-neighbor distance among seed prob-
lems is 0.0035, whereas the average distance from
each synthesized problem to its nearest seed prob-
lem is 0.0493—approximately 14 times the former.
This gap indicates that the synthesized problems
achieve substantial expansion in the visual feature
space rather than merely imitating the seeds.

In summary, while inheriting the mathematical
relationships of the seed problems, the synthesized
problems in AgSynth-10K achieve controlled ex-
pansion in graphical structure and visual layout,
thereby helping to enhance the generalization capa-
bility of multimodal mathematical reasoning mod-
els.

5 Experiments

5.1 Experimental Setup

Training Data. We use 10K multimodal mathe-
matical training samples (AgSynth-10K), synthe-
sized by the AgSynth framework, as the reinforce-
ment learning training set.

Training Configuration. Building on Qwen3-
VL-8B(Team, 2025) as the base model, we perform
reinforcement learning fine-tuning with GRPO. De-
tailed prompt designs, hyperparameter settings, and
other training details are provided in the Appendix.

Evaluation Benchmarks. We select four mul-
timodal mathematical reasoning benchmarks that
cover different capability dimensions: WeMath,
MathVision(Wang et al., 2024), MathVerse-
Vision(Zhang et al., 2025), and LogicVista(Xiao
et al., 2024). All models are evaluated using identi-
cal prompts and inference parameters to ensure the
comparability of results.

Reference Baselines. Our core controlled exper-
iments compare the performance of the Qwen3-
VL-8B-Instruct base model, Qwen3-VL-235B-
A22B-Instruct, and the model trained on AgSynth-
10K. For additional reference, we also include
results from the closed-source models Gemini-
2.5-Flash(Comanici et al., 2025) and GPT-5.2-
Instant(OpenAI, 2025). All reported results are
based on Pass@1 accuracy.

5.2 Validation of the Effectiveness of Data
Synthesized by the AgSynth Framework

Table 1 presents the performance of each model
across four multimodal mathematical reasoning
benchmarks. The analysis reveals the following
key findings:

Synthetic data-driven leap in reasoning capa-
bility. After training on AgSynth-10K, Qwen3-
VL-8B achieves substantial improvements on
reasoning-intensive benchmarks: WeMath in-
creases from 54.29 to 61.71 (+7.42), and Log-
icVista rises from 54.91 to 64.06 (+9.15). With
only 10K synthetic samples, an open-source 8B
model performs on par with the closed-source large
model Gemini 2.5 Flash on LogicVista (64.06 vs.
65.18), and substantially surpasses GPT-5.2-Instant
on both benchmarks (WeMath 47.24, LogicVista
56.92). These results demonstrate that the con-
struction paradigm of high-quality synthetic data
can significantly narrow the reasoning capability
gap between small open-source models and large
closed-source models. Furthermore, we report the
performance of Qwen3-VL-235B-A22B-Instruct
as a reference upper bound. The results indicate
that on the LogicVista benchmark, the absolute gap
between the 8B model and this ultra-large-scale
model is narrowed to only 4.04 points, demonstrat-
ing exceptional data efficiency.

Gains are concentrated in reasoning ability
rather than visual perception. Although the vi-
sual encoder is updated synchronously with the
language model during training, the model’s per-
formance on MathVision (52.70 → 53.72) and
MathVerse-Vision (56.62 → 56.50) remains essen-
tially on par with the base model. This indicates
that the gains from AgSynth-10K primarily stem
from the construction of high-order logical chains
and the internalization of mathematical reasoning
capabilities, rather than from significant improve-
ments in vision-related abilities. This phenomenon
suggests that enhancements in reasoning ability can
exist independently of improvements in visual per-
ception, and it also points to a direction for future
research: to further synergistically enhance percep-
tual capabilities, subsequent work could explore
sample construction strategies targeted at visual
perception abilities.
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Table 1: Performance comparison on multimodal mathematical reasoning benchmarks. All scores are expressed
in percentage (%). We evaluate the effectiveness of fine-tuning the Qwen3-VL-8B-Instruct base model with
AgSynth-10K. Scores in bold indicate an improvement over the corresponding base model.

Method WeMath MathVision MathVerse LogicVista

Closed-source Models
Gemini-2.5-Flash 69.50 49.41 61.02 65.18
GPT-5.2-Instant 47.24 49.05 64.26 56.92

Open-source Models
Qwen3-VL-8B-Instruct (Base) 54.29 52.70 56.62 54.91
Qwen3-VL-235B-A22B-Instruct 69.00 70.00 70.30 68.10
+ AgSynth-10K (Ours) 61.71 53.72 56.50 64.06

Figure 5: Impact of AgSynth-10K Training Data Scale
on Multimodal Math Reasoning Performance

5.3 Analysis of the Impact of Synthetic Data
Scale on Reasoning Performance

To investigate the effect of synthetic data scale,
we conduct progressive scaling experiments on
random subsets of AgSynth-10K (3K / 6K / 10K),
with results shown in Figure 5. Overall,
AgSynth data yields consistent gains on reasoning-
intensive benchmarks, while performance on
vision-perception benchmarks remains stable. Fur-
ther analysis reveals the following observations:

Reasoning capabilities continue to improve
with data scale. Both WeMath and LogicVista
exhibit steady gains as the data scale expands
(WeMath: +7.42; LogicVista: +9.15), validating
that AgSynth-synthesized data effectively enhances
multi-step reasoning and logical planning capabili-
ties, with gains continuously accumulating as the
scale grows.

Limited Gains on Perception-Oriented Bench-
marks. Performance on MathVision and Math-
Verse remains largely stagnant across different
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Figure 6: Impact of Seed Question Sources on Perfor-
mance Across Multimodal Benchmarks

scales. This suggests that these benchmarks are
highly sensitive to fine-grained visual parsing and
extreme-resolution OCR, whereas the improve-
ments from AgSynth-10K are primarily concen-
trated on logical reasoning chains. This observa-
tion indicates that reasoning-focused data alone
may not fully overcome inherent perceptual bot-
tlenecks, highlighting the necessity of integrating
targeted perceptual enhancement strategies in the
future.

High data efficiency: a small amount of data
can significantly stimulate reasoning capabil-
ities. With only 3K samples, it surpasses the
base model by +3.61 (WeMath) and +7.81 (Log-
icVista), demonstrating that AgSynth can achieve
substantial gains in reasoning capability under ex-
tremely low data overhead.

5.4 Analysis of Seed Question Sources

As the input to the AgSynth synthesis pipeline, the
quality and domain distribution of seed questions
directly influence the capability orientation of the
generated data. To evaluate AgSynth’s adaptabil-
ity to seed questions from different sources, we
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Table 2: Ablation study results. Consistency: pass rate of image-text semantic matching; Novelty: level of innovation
of synthesized problems relative to seed problems (1 = pure surface rewriting, 3 = moderate restructuring, 5 =
conceptual-level innovation); Reliability: pass rate of problems being directly usable for teaching. "w/o DualVerify"
denotes the full set of samples prior to filtering, while the remaining results are obtained after dual-model quality
verification.

Configuration Consistency (%) Novelty (1-5) Reliability (%)
AgSynth (Full) 66.0 3.14 64.0
w/o Reverse 52.0 1.57 46.0
w/o Divergent 62.0 1.10 38.0
w/o DualVerify 37.5 1.96 39.6

compared the training effects of two sources under
the same data volume of 3K, with results shown
in Figure 6. Notably, WeMath 2.0 Standard is an
independent training question bank with no over-
lap with the WeMath evaluation set, ensuring no
data leakage. Further analysis yields the following
observations.

AgSynth produces significant positive gains
across seed questions from different sources.
After being processed by AgSynth, seed ques-
tions from both sources outperform the base model
(self-constructed: Avg. +2.96; WeMath 2.0: Avg.
+1.57), validating the framework’s general adapt-
ability to heterogeneous seed question sources.

The quality and domain coverage of seed
questions substantially affect synthesis perfor-
mance. Self-constructed seed questions achieve
superior results on MathVerse (+0.80) and Log-
icVista (+2.23), with an average gain that is 1.27
points higher. This indicates that seed questions
with greater domain diversity and higher quality
can more fully unleash the potential of the syn-
thesis framework, thereby generating training data
with stronger generalization capability.

Multi-source fusion achieves dual gains in
broad coverage and domain depth through com-
plementary strengths. While elevating the aver-
age to 57.52, the mixed data peaks in LogicVista
and MathVision, proving that integration effec-
tively balances domain coverage and performance
stability across complex tasks.

5.5 Ablation Study

To verify the independent contribution of each core
module, we designed three ablation variants (all us-
ing Claude Opus 4.7): w/o Reverse, w/o Divergent,
and w/o DualVerify. Each variant generated 50
samples, blindly evaluated by 3 graduate students
with LLM assistance across Consistency, Novelty,
and Reliability (Table 2).

w/o Reverse: Consistency drops to 52.0%
(−14.0 pp) and Novelty to 1.57, as the forward
pipeline produces conservative problems to ease
figure generation.

w/o Divergent: Novelty falls to 1.10 and Re-
liability to 38.0% (even below w/o Reverse’s
46.0%), suggesting that superficial rewriting dis-
rupts original constraints, whereas deep reconstruc-
tion rebuilds the logical chain for stronger self-
consistency.

w/o DualVerify: Both Consistency and Reliabil-
ity reach their lowest values (37.5% and 39.6%),
with gaps of +28.5 pp and +24.4 pp versus the
full framework, confirming the effectiveness of
terminal-state filtering.

6 Conclusion

This paper proposes AgSynth, a reverse synthe-
sis framework based on multi-agent collaboration,
which addresses the core deficiencies of exist-
ing multimodal mathematical data construction
paradigms from three dimensions: it overcomes
the coverage limitations of geometry-only scenar-
ios through a domain-agnostic universal pipeline;
it adopts a reverse construction process that first
renders images programmatically and then derives
problems from the images, improving image-text
consistency at the paradigm level; and it drives
synthesis innovation through examination kernel
extraction and divergent reconstruction, effectively
suppressing trivial imitation. Experiments demon-
strate that AgSynth-synthesized data at the 10K
scale delivers gains of +7.42 and +9.15 on We-
Math and LogicVista respectively, confirming the
critical role of the construction paradigm in stim-
ulating model reasoning capabilities. The frame-
work has been open-sourced.
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Limitations

This section discusses the main current limitations
of AgSynth and the corresponding directions for
improvement.

Bottleneck in the Procedural Rendering Ca-
pability of Foundation Models. The synthe-
sis quality of AgSynth is highly dependent on
the procedural rendering capability of the gener-
ative model. Error attribution analysis reveals that,
among the filtered samples, image-text information
inconsistency (38.7%) and image rendering defects
(33.0%) collectively account for 71.7%, indicating
systematic deficiencies in the model’s ability to
translate mathematical conceptions into precise ren-
dering code. Introducing models with larger param-
eter scales can substantially improve the pass rate,
but inference costs rise accordingly. Subsequent
mitigation can proceed along two paths: employ-
ing Dynamic Batching and adaptive quantization
to optimize the cost-effectiveness of computational
resources, and enhancing procedural rendering ca-
pability through targeted fine-tuning or code self-
repair mechanisms.

Residual Deficiencies in Image-Text Consistency.
The reverse construction paradigm has substantially
improved image-text consistency at the mechanis-
tic level, with the proportion of errors along the
content correctness dimension being significantly
lower than that of the image generation dimension.
Nevertheless, image-text information inconsistency
still ranks first among all error categories at 38.7%,
indicating that the limitations of procedural render-
ing precision constrain the full realization of the
consistency advantages offered by reverse construc-
tion. The current approach relies on post-hoc filter-
ing via a dual-model veto mechanism; future work
could introduce fine-grained semantic constraints
during the generation stage to further reduce the
inconsistency rate at its source.

Potential Label Leakage Risk. Approximately
7.3% of the filtered samples exhibited cases where
the image content contained answer-related in-
formation. After the two-tier quality inspection,
such defects have been substantially filtered out
(with a manual review pass rate of 96.8%). Fur-
ther mitigation can be achieved by introducing
prompt-engineering-based semantic decoupling or
masking-isolation strategies during the generation
phase.

The aforementioned limitations stem from the
capability boundaries of current large language
models in procedural rendering, rather than from
inherent flaws in the framework design itself. As
foundation model capabilities continue to evolve,
the synthesis quality and pass rate of AgSynth
are expected to improve correspondingly, with the
framework serving as a general-purpose capabil-
ity amplifier that will continuously benefit from
advancements in the underlying models.

Ethical considerations

All mathematical problems, image materials, and
textual annotations used in constructing AgSynth-
10K are derived from publicly available sources or
generated through our proposed synthesis frame-
work. During dataset construction, we conduct
multi-round image-text consistency verification
and dual-model veto-based filtering to reduce hallu-
cinated, misleading, or low-quality instances. This
work is intended solely for advancing research on
multimodal mathematical reasoning and does not
involve personal, sensitive, or private information.
Furthermore, we transparently acknowledge the
use of AI assistants only for language polishing,
code formatting, and auxiliary manuscript prepara-
tion, while all core research design, data construc-
tion protocols, experimental analysis, and conclu-
sions remain under the authors’ responsibility.
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A Multi-Agent System Prompts &
Audit-Feedback Loop

A.1 Architecture Design Philosophy
The V7 pipeline follows a 4+1 Architecture with
embedded Generate → Audit → Feedback → Retry
loops. Agent 5 serves as a universal middleware au-
ditor. If any output fails its dedicated audit, Agent
5 generates corrective instructions, triggering a re-
generation (max 3 attempts).

A.2 Detailed Agent Specifications

Agent 1: Concept Designer
Mission: Logic Kernel Extraction & Framework
Design
• Role: Analyzes seed data to extract mathemati-

cal kernels and designs new scenarios with con-
crete values (e.g., 3 apples, 8kg).

• Core Output: JSON including
core_logic_kernel, concept_design,
and expected_answer.

• Audit Loop (Agent 5): Senior Mathematical
Logic Expert. Validates logic closure and con-
sistency via Python math tools.

• Rejection Triggers: Contradictory data or non-
unique solutions.
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Agent 2: Visual Specifier
Mission: Natural Language Visual Blueprinting
• Role: Receives logic and designs a complete

visual specification (shapes, hex colors, exact
coordinates) without using code.

• Core Output: Descriptive natural language
(max 1500 chars).

• Audit Loop (Agent 5): Spatial Geometry Ex-
pert. Checks for data drift and ensures the visual
form matches the mathematical logic.

• Rejection Triggers: Missing spatial details or
data mismatches with Agent 1.

Agent 3: Painter
Mission: Executable Visualization Rendering
• Role: Translates blueprints into Matplotlib

code.
• Core Output: Executable Python code.
• Audit Loop (Agent 5): Image QC Officer. Au-

dits the rendered image for readability and tech-
nical compliance.

• Critical Rule: Zero Tolerance for overlapping
elements or occlusion.

• Feedback: Specific line-by-line code correc-
tions.

Agent 4: QA Generator
Mission: Multimodal Question Synthesis
• Role: Generates the final question text (min 50

chars) and step-by-step solutions based on the
final image.

• Core Output: JSON with question_text and
solution_steps.

• Audit Loop (Agent 5): Chief Editor. Final gate
for text-image consistency.

• Rejection Triggers: Numerical mismatches be-
tween text and image.

Agent 5: Quality Rater / Auditor
Mission: Full-Process Quality Gate
• Auditor Function: Real-time feedback loop

after each stage.
• Scoring Function: Hybrid (40% rule + 60%

LLM) rating (1–10).
• Strict Penalty: Any overlap or logic error re-

sults in Score < 5.

A.3 Pipeline Control & Quality Gates
Stage 4.5: Text Masking Ensures figure depen-
dency by stripping numerical values from the ques-
tion.
• Rewrite: gemini-3.1-pro-preview.
• Validate: claude-opus-4-6-20260205 (Max 5

retries).

Stage 6: Dual-Model Final Gate A unanimous
pass from gemini-3.1-pro and claude-sonnet is re-
quired for final sample acceptance.

A.4 Execution Workflow Summary

Table 3: Closed-Loop Pipeline Execution Flow

Step Process: Generate → Audit Retries

1 Concept → Logic Closure 3
2 Visual Spec → Spatial Mapping 3
3 Code → Readability/Occlusion 3
4 QA Text → Text-Image Match 3

4.5 Masking → Figure Dependency 5

6 Dual-Model Quality Gate Pass/Fail

B Training Hyperparameters and
Configurations

This appendix provides the detailed configuration
and hyperparameter settings used for the RL fine-
tuning process. The experiment is conducted using
the veRL (EasyR1) framework with the Group
Relative Policy Optimization (GRPO) algorithm.

B.1 Model and Infrastructure

The training is performed on a single node with
8×NVIDIA GPUs, utilizing FSDP (Fully Sharded
Data Parallel) for distributed strategy and vLLM as
the rollout engine.

Table 4: Model and Framework Configurations

Parameter Value

Base Model Qwen3-VL-8B-Instruct
Framework veRL (EasyR1)
Algorithm GRPO
Vision Tower Status Unfrozen (Trainable)
Gradient Checkpointing Enabled
Mixed Precision bf16 (Param), fp32

(Buffer/Reduce)
Distributed Strategy FSDP
Rollout Engine vLLM

B.2 Data and Pre-processing

The dataset comprises 10,477 samples specifically
curated for multi-source mathematical reasoning.
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Table 5: Data and Tokenization Settings

Parameter Value

Training Samples 10,477
Dataset easyr1_math_reasoning_m

ultisource_qita_10477
Max Prompt Length 4,096 tokens
Max Response Length 4,096 tokens
Image Resolution (Pixels) Min: 262,144 | Max:

4,194,304
Filter Overlong Prompts True
Dynamic Batching Enabled

B.3 Training and Optimizer Settings
The training process spans 2 epochs with a constant
learning rate schedule.

Table 6: Optimization Hyperparameters

Parameter Value

Total Epochs 2
Training Steps 84
Global Batch Size 64
Micro Batch Size (Update) 2 per device
Micro Batch Size (Rollout) 4 per device
Optimizer AdamW
Actor Learning Rate 3e-6
Learning Rate Scheduler Constant
Warmup Ratio 0
Weight Decay 0.01
Max Grad Norm 1.0

B.4 RL Algorithm (GRPO) and Rollout
Details

Hyperparameters specific to the GRPO algorithm
and the rollout generation process are detailed be-
low.

Table 7: GRPO and Rollout Configurations

Parameter Value

Advantage Estimator GRPO
Group Size (G) 4 samples per prompt
KL Coefficient (β) 0.01
KL Penalty Type low_var_kl
Clip Ratio (ϵ) [0.2, 0.3]
Dual Clip Ratio 3.0
Reward Function math_accuracy_only

(Binary Score)
Rollout Temperature 1.0
Rollout Top-p 1.0
Tensor Parallel Size (vLLM) 2
GPU Memory Utilization 0.6

C Visual Diversity and Evolution from
Seeds

This appendix demonstrates the visual diversity
achieved by our multi-agent pipeline. Figure 7 il-
lustrates the evolutionary process where the system

extracts the core mathematical logic from simple
seed questions and manifests them into various
complex visual forms.

C.1 Observations on Visual Mapping
As shown in Figure 7, the diversity is manifested
in two primary directions:

• Contextual Variation: The left column il-
lustrates a transition from a simple line-and-
point seed to path-finding problems involving
stylized icons (houses, schools) and varied
geometric containers (hexagons).

• Geometric Complexity: The right column
shows how a simple triangular or angle-based
seed is expanded into multi-ray systems, cir-
cular constraints, and abstract node-link di-
agrams, significantly increasing the visual
complexity while maintaining the underlying
mathematical logic.
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SEED

Figure 7: Comparison between seed questions and generated visual variations. The top panel (labeled “SEED”)
shows the original geometric sketches. The lower panels showcase the diverse visual outputs generated by our
pipeline. This evolution demonstrates Agent 1’s ability to reinterpret logical kernels (e.g., path selection, geometric
relations) and Agent 2’s ability to map them into diverse contexts, ranging from stylized real-world scenarios to
complex abstract geometric configurations.
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