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Abstract

Self-evolving has emerged as a key paradigm
for improving foundational models such as
Large Language Models (LLMs) and Vision
Language Models (VLMs) with minimal hu-
man intervention. While recent approaches
have demonstrated that LLM agents can self-
evolve from scratch with little to no data,
VLMs introduce an additional visual modality
that typically requires at least some seed data,
such as images, to bootstrap the self-evolution
process. In this work, we present Multi-model
Multimodal Zero (MM-Zero), the first RL-
based framework to achieve zero-data self-
evolution for VLM reasoning. Moving be-
yond prior dual-role (Proposer and Solver) se-
tups, MM-Zero introduces a multi-role self-
evolving training framework comprising three
specialized roles: a Proposer that gener-
ates structured visual concepts and formu-
lates questions; a Coder that translates these
concepts into executable code (e.g., Python,
SVG) to render visual images; and a Solver
that performs multimodal reasoning over the
generated visual content. All three roles
are initialized from the same base model
and trained using Group Relative Policy Op-
timization (GRPO), with carefully designed
reward mechanisms that integrate execution
feedback, visual verification, and difficulty
balancing. Our experiments show that MM-
Zero improves average VLM reasoning per-
formance across a wide range of multimodal
benchmarks. MM-Zero establishes a scal-
able path toward self-evolving multi-model
systems for multimodal models, extending the
frontier of self-improvement beyond the con-
ventional two-model paradigm.

TCorresponding author

1 Introduction

Self-evolving mechanisms (Xiang et al.; Schmid-
huber, 2007; Clune, 2019; Huang et al., 2025a;
Yue et al., 2026a) represent a promising frontier
for advancing foundational models. Rather than
relying on static, human-curated supervision, self-
evolving systems learn by independently gener-
ating, refining, and learning from their own ex-
periences such as through self-play (He et al.,
2025; Wang et al., 2025¢) or synthetic data gen-
eration (Silver et al., 2016). This paradigm has
seen rapid progress in the domain of Large Lan-
guage Models (LLMs): recent works have shown
that LLMs can autonomously improve their rea-
soning by generating their own training tasks and
refining themselves through reinforcement learn-
ing (Huang et al., 2025a; Liu et al., 2025) or code
execution feedback (Zhao et al., 2025a), achiev-
ing strong downstream performance without any
human-annotated data.

A natural question is whether similar self-
evolving paradigms can be extended to Vision Lan-
guage Models (VLMs). Post-training of VLMs
has traditionally relied on large volumes of expert-
curated tasks and labels (Liu et al., 2023b; Li et al.,
2025a; Huang et al., 2025b; Li et al., 2025a; Feng
et al., 2025; Liu et al., 2023a; Fei et al., 2024),
making it costly, labor-intensive, and fundamen-
tally bottlenecked by the availability of human an-
notation (Yang et al., 2024; Silver et al., 2016).
However, extending self-evolution to VLMs is
non-trivial. Unlike LLMs, which operate over text
alone, VLMs require visual inputs, meaning any
self-evolving loop must also generate or supply im-
ages, not just questions and answers.

Existing VLM self-evolution approaches (He
et al., 2025; Thawakar et al., 2025; Wang et al.,

38332

Proceedings of the 2026 Conference on Empirical Methods in Natural Language Processing, pages 38332-38347
October 24-29, 2026 ©2026 Association for Computational Linguistics



2026) attempt to address this by adapting the
proposer—solver pipelines originally designed for
LLMs (Huang et al., 2025a; Yue et al., 2026b).
In these frameworks, a Proposer proposes visual
queries and a Solver answers them. While this
eliminates the need for human-annotated labels,
the entire iterative process remains rigidly con-
ditioned on pre-existing, collected static image
datasets. This merely shifts the bottleneck: the
models evolution remains bounded by the distribu-
tion, quality, and diversity of the collected image
dataset, as well as the human cost required to cu-
rate and filter it (He et al., 2025; Thawakar et al.,
2025; Wang et al., 2026). Self-evolving VLMs
from static images thus introduces an additional
burden of sourcing image data, a filtering and col-
lection process that is itself time-consuming and
costly (Liu et al., 2023b; Li et al., 2025a, 2026a;
Yue et al., 2024b). In contrast, synthetic visual
data offers a promising direction for self-evolving
VLMs: programmatically rendered scenes can rep-
resent structured visual concepts and simulate di-
verse, controllable scenarios beyond the cover-
age of curated datasets (Long et al., 2024; Tobin
et al., 2017). This principle is well established
in robotics, where controlled simulation environ-
ments are widely used to train autonomous driving
systems on rare or dangerous scenarios that would
be costly, unsafe, or impractical to collect in the
real world (Dosovitskiy et al., 2017).

We introduce MM-Zero, the first zero-data
self-evolving reinforcement learning framework
that trains VLMs without relying on any external
data. Instead of conditioning on existing images,
questions, or human labels, MM-Zero enables the
model to generate its own visual content, start-
ing from simple scenes and progressively creating
more complex ones. To achieve this, we expand
the traditional dual-role setup into a multi-role in-
teraction, with all roles initialized from the same
base model and optimized using Group Relative
Policy Optimization (GRPO) (Shao et al., 2024):
A Proposer (Abstract Conception) that formulates
diverse topics, high-level visual descriptions, and
associated questions; A Coder (Visual Synthesis)
that translates these concepts into executable code
(e.g., Python, SVG) to render structured visual im-
ages; A Solver (Multimodal Reasoning) that en-
gages with the synthesized visual content to solve
complex reasoning tasks.

This multi-role architecture establishes a closed-
loop system where abstract language, executable

code, and visual reasoning mutually reinforce one
another. Unlike previous approaches where im-
ages are fixed, the proposer is encouraged to cre-
ate Goldilocks tasks (Johnston, 1990) that are chal-
lenging yet solvable for the coder to render im-
ages and the solver to solve. Our Coder receives
direct execution feedback and visual quality feed-
back from the solver as rewards. Our solver uses
the training data generated by the proposer and
coder to perform test-time reinforcement learning
(TTRL) (Zuo et al., 2025) to improve itself. To the
best of our knowledge, MM-Zero is the first frame-
work to explore self-evolving multimodal reason-
ing through interactions among more than two
roles, requiring zero human-annotated data.

We apply MM-Zero to train Qwen3-VL-
Instruct 4B, 8B (Bai et al., 2025) as well as
Mimo-VL-7B-SFT (Xiaomi, 2025), demonstrat-
ing that visual reasoning capabilities can emerge
purely from self-play. Without any real-world
training data, MM-Zero achieves average perfor-
mance gains across visual chart understanding, vi-
sual math, and real-world natural-image bench-
marks, although some individual benchmarks re-
main flat or fluctuate. Our main contributions are:

* We propose MM-Zero, the first zero-
data self-evolving framework for improving
VLM reasoning through multi-model self-
evolution, requiring no external data.

* We introduce a multi-role pipeline (Proposer—
Coder—Solver) that bridges abstract reason-
ing and visual grounding through executable
visual synthesis. Across multiple base mod-
els and multimodal benchmarks, MM-Zero
yields average reasoning gains and improves
its own base model under a same-backbone
control.

2 Methodology

In this section, we present the reinforcement
learning with verifiable rewards (RLVR) frame-
work (Wen et al., 2025) and the self-evolving re-
ward pipeline for MM-Zero.

2.1 Preliminaries

RLVR is a training paradigm for VLMs applicable
to domains where the correctness of model outputs
can be verified. A rule-based verifier v : X —
{0,1} assigns a binary reward to each generation
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1, if x; is correct,

ri =v(x;) = {0 €))

otherwise.

Such verifiable rewards are particularly effective
in reasoning-intensive tasks (Wei et al., 2022),
such as math and code generation (Zhao et al.,
2025b), where correctness can be objectively eval-
uated. Beyond correctness, rewards can also en-
code additional criteria such as answer diversity
or adherence to a desired output format.

We adopt Group Relative Policy Optimization
(GRPO) (Shao et al., 2024), a practical RL al-
gorithm that eliminates the need for a learned
value function by instead computing relative re-
wards across multiple samples from the same
prompt.  Specifically, given a prompt p, the
current policy mg,, generates a group of N
responses {z1,...,xy} with corresponding re-
wards {ry,...,rn}. These rewards are normal-
ized within the group to yield response-level ad-
vantages:

A - m-—meam(m,...,rN)7 )
std(r1, ..., 7N) + €norm

where €porm 18 @ small constant added for numer-
ical stability. The policy is then updated by max-
imizing a clipped surrogate objective, regularized
with a KL divergence term to constrain drift from
the previous policy:

Lorro(0) = 7%2111111(_;9:(’1))4 cli[}<ﬂzjf;[;?) e, 1+e> 4) + BKL(r || m,)
3)
By upweighting responses with positive relative
advantages while penalizing excessive policy de-
viation, GRPO provides an effective mechanism
for improving reasoning and generation quality in
VLMs under the RLVR framework.

2.2 Training Pipeline

MM-Zero contains three distinct model agents
evolved from the same base model using no addi-
tional data: a Proposer (wp), a Coder (7p), and
a Solver (mg), as illustrated in Figure 1. Each
model is optimized sequentially via GRPO, with
role-specific reward functions that form a closed
training loop. During each role’s training phase,
the other two roles remain frozen. We now de-
scribe the training pipeline for each role.

Proposer. The Proposer is trained to generate
visual captions and questionanswer pairs. Zero-
data does not mean unguided: the proposer is
constrained by a structured prompt, seven fixed
content types, required output fields, and down-
stream reward and filtering signals. At each train-
ing step, the Proposer is prompted to generate cap-
tions and questions across diverse visual domains,
e.g., chart understanding, object and shape recog-
nition, OCR, and visual mathematical reasoning.
To compute rewards for the proposer, we initialize
vLLM (Kwon et al., 2023) service ports for both
the coder and solver. The coder receives the gen-
erated captions and questions and produces SVG
code, which is rendered in parallel and converted
to PNG images. Successfully rendered images,
along with their associated easy and hard ques-
tions, are then forwarded to the solver to generate
answers. The solver computes rewards for the pro-
poser. We use a rollout size of 4 for the coder and
5 for the solver to reduce reward computation cost.

Coder. We use the most recent proposer check-
point to generate approximately 4,000 caption and
questionanswer pairs, which serve as training data
for the coder. The coder is trained to generate SVG
code that renders images from captions. Rendered
images are sent to the solver to compute reward.

Solver. Training data for the solver is con-
structed using the most recent proposer and coder
checkpoints. The proposer generates proposals,
and the coder renders them into images. We retain
only successfully rendered images and their asso-
ciated questions as the training set for the solver.

Training data filtering. We apply stage-specific
data filters to ensure training quality. For the
coder, given a caption along with easy and hard
questions and answers, we retain only examples
where the rendering success rate across 4 rollouts
falls between 0.25 and 0.75, excluding captions
that are either trivially simple or too difficult to
render. For the solver, we evaluate each success-
fully rendered image on both easy and hard ques-
tions, keeping only examples where easy-question
accuracy exceeds 0.5 and hard-question accuracy
falls between 0.27 and 0.75. This filtering ensures
both stages are trained on examples of appropri-
ate difficulty, neither trivially easy nor impossibly
hard. It also makes instability self-limiting: weak
roles yield fewer retained samples rather than low-
quality supervision that propagates downstream.

38334



1 ), Gt (There are 30 bananas and 20
Proposer T apples. How many apples?,
¢ b 20,
... Updateby I
Difficulty Reward 0
Update with :

i filtered question

import matplotlib.pyplot as
plt\n\nfruits = ['Apples’,

'Bananas']\n\ncounts = [20,

30]...\n\nplt.close()

If Easy Question is

Compile to figure i

correctness

Solver

- Majority Vote
for Pseudo-Label

' A'l
Solver

Answered correctly

Provide Data ———>  Provide Reward

Textual Description Il Easy Question [l  Easy Question Answer

= = |

Figure 1: Overview of the MM-Zero self-evolving framework. The Proposer generates a quadruple (textual
description, easy question, easy answer, hard question). The Coder converts the description into executable code
to render a figure. The Solver first answers the easy question to verify semantic correctness and provide reward
signals to update the Coder, then answers the hard question using majority voting to generate pseudo-labels for its
own training while providing a difficulty reward to optimize the Proposer.

If post-filtering data becomes too sparse, increas-
ing the rollout count is a simple stability knob.

2.3 Reward Formulations

In this section, we describe the reward design for
each of the three roles.

2.4 Proposer Reward Formulation

The Proposer policy mp generates a proposal
Quadruple = = (¢, Geasy, Geasy, Ghard), Where ¢ is
a fine-grained textual description of a visual scene,
(easy 18 @ simple question whose answer becomes
obvious when the caption is successfully rendered
into an image (used to verify rendering quality),
and gnarq 18 a challenging question requiring multi-
step reasoning over the rendered image (used to
train and evaluate the Solver). Through training,
the Proposer learns to generate richer captions and
harder questions, pushing the Coder to produce
more informative renderings and the Solver to per-
form deeper reasoning. To evaluate x, we use
a multi-stage and hierarchical reward mechanism
that validates formatting, solvability, and difficulty
via the Solver 7g. The final reward R(x) is defined
as:

Ry(@)
“4)
Here, 1exec(C;) indicates whether code sample
C; successfully renders an image ;. The solvabil-
ity score verifies whether the rendered image pre-

serves the Proposer’s intent by asking the Solver

— -1
{% S eree(€) - (min(Ruony (1), 0.5) + Raise(11)) + ren + 7t + Taiv

to answer the easy question:

K
1 i
Rsolv(Ii) = E E 1 (yéagl;) = aeasy) € [07 1}
k=1

)
We cap solvability at 0.5 so the Proposer must bal-
ance renderable/easy-verifiable images with gen-
uinely difficult hard questions. For hard ques-
tions without gold labels, we use test-time rein-
forcement learning (TTRL) (Zuo et al., 2025) self-
consistency: the Solver performs K rollouts and
c; measures agreement with the majority answer

i
1 ZK (i.k)
i, ~
Ci = ? — 1 (yhard = yl)

The difficulty reward applies the Goldilocks prin-
ciple (Johnston, 1990), peaking when the Solver is
uncertain:

(6)

Rdiff(_[z‘) = min(ci, 1-— Ci) S [0, 05] (7)
The additional terms ren, 7, and rgiy penalize
overly easy hard questions, over-represented con-
tent types, and repetitive captions/questions, re-
spectively. Here content type refers to one of
seven fixed categories: data_chart, diagram,
geometry, timeline, map, table, and other (see
Appendix A). The total reward range is [—1.0, 1.5].
Detailed definitions are provided in Appendix B.

2.5 Coder Reward: Execution and Validity

The Coder 7p receives a caption c and generates
code C. Its goal is to produce executable code that
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faithfully represents the Proposer’s intent. The re-
ward Rp is a weighted sum of execution status,
semantic correctness, and task feasibility:

RD(C) - Rrender + Rsolv + Rdiff - )\err (8)

where:

* Riender = ]lexec(c) S {0, 1} encourages
valid code generation.

* Rsy € [0,1] is identical to the Proposer’s
Solvability Score, ensuring the rendered im-
age is solvable.

* Rgie € {0, 1} is identical to the Proposer’s
Difficulty Score for the hard question.

* Aerr applies penalties for syntax errors and
rendering issues: —0.1 if rendering fails and
—0.05 if the code has a syntax error.

2.6 Solver Reward: Test-Time
Reinforcement Learning

The Solver policy mg is trained on hard ques-
tions (I, ghara) generated by the proposer. Since
ground truth labels are unavailable for these gen-
erated questions, we use TTRL via majority vot-
ing. To keep these silver labels informative, solver
training uses only filtered examples whose easy-
question accuracy exceeds 0.5 and whose hard-
question accuracy remains in the non-degenerate
range [0.27,0.75].

For a given input, the Solver generates K
independent reasoning paths. We identify the
silver answer ¢ via majority vote: Yy =
Mode({y1,...,yx}). The reward for the k-th re-
sponse is defined as a weighted sum of answer ac-
curacy and structural validity:

Rs(yr) = @ Race(Yr, ¥) + (1 — ) - Reme(yr) (9)

where a = 0.9. R, checks whether the ex-
tracted \boxed{} answer matches the majority-
vote silver answer, while Ry enforces the
required reasoning-plus-boxed-answer structure.
Full definitions are in Appendix B.

3 Experiment

We use Qwen3-VL-4B-Instruct, 8B (Yang et al.,
2025) and MiMo-VL-7B-SFT (Xiaomi, 2025) as
our base models. Training proceeds in an iterative

loop over three roles (proposer, coder, and solver)
saving a checkpoint for each role every 20 steps,
for a total of 60 steps. The training details and
training time details are in Appendix D.! Unless
otherwise noted, all reward coefficients and train-
ing hyperparameters are shared across backbones.

3.1 Solver Evaluation Data

We evaluate the Solver on a diverse set of VLM
benchmarks covering structured visual reasoning,
including chart understanding and visual mathe-
matics, as well as benchmarks containing natural-
image understanding tasks.

Natural Visual Reasoning. We evaluate
whether training on synthetically generated
visuals preserves, and potentially improves, the
Solver’s ability to understand natural images.
We use MMMU (Yue et al., 2024a), MMMU-
Pro (Yue et al.,, 2024b), MM-Vet (Yu et al.,
2023), and HallusionBench (Guan et al., 2024),
which include real-world images and test object
recognition, visual grounding, hallucination, and
multimodal reasoning.

Structured Visual Reasoning. We also eval-
vate on structured visual understanding tasks,
including chart understanding, visual geometry,
mathematical reasoning, and numerical reason-
ing. Specifically, we use MathVerse (Zhang et al.,
2024), MathVision (Bleeker et al., 2024), Math-
Vista (Lu et al., 2024), VisNumBench (Weng et al.,
2025), and ChartQA (Masry et al., 2022). These
benchmarks test rigorous quantitative and geomet-
ric reasoning over structured visual inputs, similar
to the capabilities targeted by our SVG-based gen-
erated images.

3.2 Main Results

We use VLMEvalKit (Duan et al., 2024), a stan-
dard toolkit for VLM evaluation.> We present the
results of the solver in Table 1.

The solver achieves average gains across bench-
marks over training iterations compared to the
base models. Results in Table 1 show that across
different model sizes, average accuracy on VLM

'All training is conducted on 8 RTX 6000/Pro 96GB
GPUs.

2Due to cost constraints, we use Qwen-3-32B (Yang et al.,
2025) as the judge in place of the GPT-40 judge used in the
Qwen3-VL official reports. This may lead to minor variations
from the reported Qwen results.
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Table 1: The average accuracy of MM-Zero improves over training iterations, although some individual bench-
marks remain flat or fluctuate. Avg. is computed over the 8 benchmarks with available reported scores. The first
block lists published prior self-evolution baselines; the second block is our same-backbone control on Qwen2.5-

VL-7B-Instruct.

Natural Visual Reasoning

Structured Visual Reasoning

MMMU MM Hallusion

Math Math VisNum

Methods MMMU Pro Vet Bench ChartQA Verse -Vision MathVista Bench Avg.
Prior VLM Self-Evolution Methods (Qwen2.5-VL-7B-Instruct Backbone)
VisPlay (He et al., 2025) 38.3 - 46.3 92.3 - 39.1 31.2 - 32.6 -
Vision-Zero (Wang et al., 2025¢) - - - - 86.3 52.2 28.0 72.4 - -
V-Zero (Wang et al., 2026) 58.6 - - - - 42.6 27.0 69.2 - -
Same-Backbone Control (Qwen2.5-VL-7B-Instruct)
Base Model (published) 58.6 - 67.1 52.9 87.3 43.1 25.1 68.2 43.8 55.8
MM-Zero (Solver v3) 60.8 - 69.6 55.2 88.6 45.7 27.6 71.2 46.2 58.1
QOwen3-VL-4B-Instruct
Base Model 534 36.5 71.1 514 79.1 52.1 31.6 61.3 45.3 53.5
MM-Zero (Step 20, Iter 1) 55.9 44.6 71.5 67.8 79.8 49.8 36.9 66.0 49.6 58.0
MM-Zero (Step 40, Iter 2) 56.8 45.1 71.8 69.1 79.6 49.4 371 64.7 49.1 58.1
MM-Zero (Step 60, Iter 3) 57.7 453 72.1 69.1 80.3 50.0 36.7 65.4 49.9 58.5
Qwen3-VL-8B-Instruct
Base Model 69.6 55.9 76.1 61.1 89.6 62.1 53.9 77.2 47.7 65.9
MM-Zero (Step 20, Iter 1) 70.4 59.3 76.0 71.9 90.0 62.8 54.6 81.7 53.2 68.9
MM-Zero (Step 40, Iter 2) 71.8 61.3 75.4 71.3 90.4 64.2 55.1 83.1 54.5 69.7
MM-Zero (Step 60, Iter 3) 72.0 63.0 77.2 71.7 90.4 65.1 55.2 84.0 55.0 70.4
MiMo-VL-7B-SFT
VisPlay* 28.2 - 56.9 74.6 - 46.0 29.4 - 52.7 -
Base Model 64.6 45.2 75.6 70.8 92.9 67.1 57.9 71.8 44.7 65.6
MM-Zero (Step 20, Iter 1) 68.4 48.4 75.3 73.0 95.5 55.6 62.5 78.7 48.0 67.3
MM-Zero (Step 40, Iter 2) 68.9 48.7 75.8 73.2 95.0 56.0 61.9 77.5 48.3 67.3
MM-Zero (Step 60, Iter 3) 68.9 48.7 76.9 75.0 95.0 56.0 62.7 78.9 48.5 67.8

benchmarks improves with additional training it-
erations, although some individual benchmarks re-
main flat or fluctuate. Specifically, for Qwen3-VL-
8B-Instruct, our solver at iteration 3 achieves an
average score of 70.4%, compared to 65.9% for
the base model, an improvement of 4.5 points with-
out any external data. Qwen3-VL-4B-Instruct and
MiMo-VL-7B-SFT also improve on average, even
though MathVerse remains below the base model
for those two backbones. Matched-decoding con-
trols in Appendix 5 rerun the Qwen3-VL-8B base
and iteration-3 solver under each other’s temper-
atures and change the average by at most 0.3
points, leaving the main training gap essentially
unchanged. These results demonstrate the effec-
tiveness of MM-Zero at improving VLM reason-
ing without any external data, pointing toward a
promising direction for self-evolving multimodal
models.

MM-Zero generalizes across different models
and model sizes. As shown in Table 1, the aver-
age score for the 4B model increases from 53.5 to
58.5, while MiMo-VL-7B-SFT, a different model
family from Qwen-VL, improves from 65.6 to

67.8. In addition, the same-backbone Qwen2.5-
VL-7B-Instruct control in Table 1 improves from
55.8 to 58.1 average, showing that the gain is
attributable to the method rather than only to a
stronger backbone.

Coder render success rate improves throughout
training. As shown in Figure 2, both render suc-
cess rate and image solvability steadily improve
during training. This indicates that the Coder
learns to generate more executable SVGs, while
the rendered images become increasingly faithful
to the Proposer’s intent and sufficient for answer-
ing the easy verification questions.

3.3 Qualitative Analysis

We present case studies for Qwen3-VL-8B in Fig-
ure 3, showing proposer outputs and rendered im-
ages across training iterations. For each iteration,
we sample 10 successfully rendered images and
manually inspect them alongside their correspond-
ing questions. For the base model, generated fig-
ures suffer from cluttered layouts with overlap-
ping elements, making them nearly unreadable
and leading to low solvability rewards. By Iter-
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Figure 2: Throughout training, the coder’s image rendering success rate steadily improves, indicating stronger
code generation ability. Additionally, image solvability also increases, meaning the rendered images become more
faithful to the original and contain sufficient information to answer the question.

ation 1, visual organization improves and ques-
tions begin to demand greater reasoning, though
answers are often embedded directly in the im-
age as annotations, making them trivially easy,
which is a pattern our difficulty score penalizes.
By Iteration 2, visuals become cleaner and hard
questions require multi-step reasoning rather than
simple value extraction. By Iteration 3, layouts
are more polished and questions demand genuine
compositional reasoning: for instance, reading an
absolute value from the y-axis, then applying a per-
centage annotation to compute a derived quantity.

4 Ablation Study

In this section, we conduct a reward ablation
study to examine how individual reward compo-
nents affect overall model performance. Prior
self-evolving frameworks, such as R-Zero (Huang
et al., 2025a) for LLMs and Visplay (He et al.,
2025) for VLMs, employ only two roles and rely
on difficulty and question diversity rewards. In
contrast, MM-Zero introduces a three-role frame-
work that includes a coder responsible for ren-
dering images, necessitating additional reward de-
signs to ensure the quality of generated code and
rendered images. We identify two key reward com-
ponents unique to our framework and study their
contributions by removing each one individually
and retraining Qwen3-VL-8B-Instruct.

Solvability and Difficulty Balance. Referring
to Equation (4), the proposer reward includes the
term (min(Rsorv, 0.5) + Raigr), where solvability
is capped at 0.5. This cap prevents the proposer
from being overly rewarded for generating easy,
trivially solvable instances, thereby encouraging a
balance between solvability and difficulty. In our
ablation, we remove this cap and replace the term
with (Rsory(I;) + Raisr(1;)). We train the ablated

model using identical hyperparameters for three it-
erations.

Content Diversity. Also in Equation (4), the fac-
tor 7 measures the diversity of visual content
types in the generated captions. We include this
term to incentivize the proposer to produce cap-
tions spanning a wider range of fixed visual con-
tent categories (data_chart, diagram, geometry,
timeline, map, table, and other), rather than re-
peatedly generating instances of a single type.

Removing solvability balance leads to reward
hacking by the coder. Without the solvability
cap, the ablated model improves from 65.9% to
only 68.0%, smaller than full MM-Zero in Table 1.
Because uncapped solvability can dominate the
difficulty term, the model learns a shortcut: gen-
erating easy-to-solve renderings and sometimes
embedding answers directly in the image. The
capped reward mitigates this reward-hacking pat-
tern by forcing solvability and difficulty to con-
tribute more evenly.

Lack of diversity leads to overfitting to a nar-
row set of visual problem types. Without the
content diversity reward, performance initially
rises from 65.9% to 67.4% but then declines to
65.5% by iteration 3. Manual inspection shows
that generated samples increasingly collapse to-
ward easy-to-render visual types such as his-
tograms. Thus, diversity regularization prevents
mode collapse and supports generalization across
the broader benchmark suite.

Coder evolution is important for sustained
gains. To isolate the three-role contribution, we
freeze the coder and train only the proposer and
solver on Qwen3-VL-4B-Instruct. As shown in Ta-
ble 3, this two-role variant improves the average
by only +0.7, +0.4, and +0.6 points across the
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Proposer Evolution

Figure 3: Evolution of the proposer and coder. This figure presents examples of questions generated by the self-
evolving Vision-Language model. As the training steps progress, the visual context becomes more intricate, and
the model generates increasingly challenging questions. While the upper bound of complexity grows, foundational
and simple questions are still preserved. The questions are formulated by Qwen3-VL-8B-Instruct.

Table 2: Ablation study on the solvability—difficulty balance and content diversity rewards. We group benchmarks
into natural and structured visual reasoning. Removing solvability capping slows improvement, while removing
content diversity causes overfitting and declining accuracy.

Natural Visual Reasoning Structured Visual Reasoning
MMMU MM Hallusion Math Math . VisNum
Methods MMMU Pro Vet Bench ChartQA Verse -Vision MathVista Bench Avg.
Owen3-VL-8B-Instruct
Base Model 69.6 55.9 76.1 61.1 89.6 62.1 53.9 772 47.7 65.9
w/o Solvability & Difficulty Balance
Step 20, Iter 1 71.7 54.5 80.7 59.5 90.4 62.5 54.5 77.1 50.1 66.8
Step 40, Iter 2 72.3 54.7 79.3 60.7 89.8 64.5 58.7 779 54.4 68.0
Step 60, Iter 3 70.4 56.1 78.8 58.9 91.1 64.9 594 77.6 54.8 68.0
w/o Content Diversity
Step 20, Iter 1 73.3 56.7 71.5 614 89.9 64.0 555 76.9 51.0 67.4
Step 40, Iter 2 71.9 55.9 779 60.9 86.1 64.5 57.2 7.3 51.8 67.1)
Step 60, Iter 3 69.1 543 76.1 60.5 81.8 63.6 57.5 754 51.5 65.5)

Table 3: Frozen-coder two-role ablation on Qwen3-VL-4B-Instruct. The two-role variant improves only slightly
over the base model and remains well below the full three-role run on the same backbone.

Checkpoint MMMU MMMU-Pro MM-Vet HallusionBench ChartQA MathVerse MathVision MathVista VisNumBench Avg.

Base (paper) 534 36.5 71.1 514 79.1 52.1 31.6 61.3 453 535
solver_v1 55.6 372 742 51.8 784 51.7 321 60.1 471 542
solver_v2 543 36.8 727 514 785 52.1 31.6 61.0 46.5 539
solver_v3 542 374 72.6 52.7 78.8 512 315 61.1 47.1 54.1
three iterations, far below the +4.5, +4.6, and This suggests that coder evolution is not merely
+5.0 gains of full MM-Zero on the same back-  auxiliary; it is needed to keep the loop generating
bone. richer and harder visual tasks.
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Table 4: Ablation without ., on Qwen3-VL-8B-Instruct. Removing the easy-hard penalty improves over the base
model early on but weakens later-stage stability compared with full MM-Zero.

Method

MMMU MMMU-Pro MM-Vet HallusionBench ChartQA MathVerse

MathVision MathVista VisNumBench Avg.

Base Model 69.6 55.9 76.1 61.1
w/0 7en — Step 20 (Iter 1) 70.0 58.9 76.4 70.8
w/0 ren — Step 40 (Iter 2) 71.6 60.8 77.2 71.0
w/0 ren — Step 60 (Iter 3) 71.0 60.2 76.5 70.4

89.6 62.1 53.9 77.2 47.7 65.9
89.8 62.4 54.9 80.9 53.0 68.6
90.2 64.2 55.0 83.0 54.3 69.7
89.9 63.5 54.6 82.0 53.8 69.1

The easy-hard penalty stabilizes later itera-
tions. We additionally remove the easy-hard
penalty re, while keeping the other reward terms
fixed. As shown in Table 4, the model improves
over the base model early on but peaks at itera-
tion 2 and declines at iteration 3, whereas full MM-
Zero continues improving through the final check-
point.

Thus, rey, is a targeted regularizer that discour-
ages the proposer from drifting toward overly easy
hard questions and stabilizes later training stages.

5 Related Work

5.1 Reinforcement Learning with Verifiable
Rewards

This paradigm has demonstrated broad success in
domains where objective correctness can be pro-
grammatically evaluated, ranging from traditional
mathematical and code generation tasks (Guo
et al., 2025; Wang et al., 2025a) to complex multi-
modal challenges (Huang et al., 2025b; Wang
et al., 2025b; Li et al., 2025b) and structured data
environments (Shi et al., 2025; Li et al., 2026b;
Merrill et al., 2026). To effectively leverage
these deterministic feedback signals and enable
complex behaviors like MM-Zero, concurrent re-
search is actively refining algorithmic techniques.
Emphasis has shifted towards optimizing policy
learning under verifiable constraints, utilizing ro-
bust frameworks like DAPO (Yu et al., 2025) and
VAPO (Yue et al., 2025), alongside high-entropy
guided optimization (Dai et al., 2025; Wang et al.,
2025d) to encourage diverse exploration and pre-
vent premature convergence within sparse, rule-
based reward landscapes.

5.2 Self-Evolution in Vision-Language
Models

The recent success of self-evolution in LLMs (Xi-
ang et al., 2026; Yang et al., 2026), with minimal
or no data, has begun to extend into the VLM do-
main (He et al., 2025; Wang et al., 2025c; Tong

et al., 2025; Wei et al., 2025). However, unlike
the single-modality setting, self-evolution in mul-
timodal models requires generating or sourcing ad-
ditional visual data for training, making the prob-
lem fundamentally more challenging (Chen et al.,
2023; Li et al., 2026¢; Zheng et al., 2025). Exist-
ing VLM self-evolution approaches, such as Vis-
Play (He et al., 2025), adapt the LLM challenger-
solver pipeline to multimodal tasks but strictly re-
quire a collection of seed images to bootstrap train-
ing, which can be costly to curate and filter. Other
concurrent works, including Evolmm (Thawakar
et al., 2025) and V-Zero (Wang et al., 2026), ex-
plore multimodal self-improvement with minimal
annotation but remain conditioned on pre-existing
static image datasets. While these methods reduce
the need for human-annotated labels, they remain
constrained by a fixed image corpus, preventing
the synthesis of progressively harder or more di-
verse visual scenes that could continuously chal-
lenge the model’s perception and reasoning (He
et al., 2025; Thawakar et al., 2025; Wang et al.,
2026). Our MM-Zero framework addresses this
limitation by introducing a generative Coder role
that programmatically renders visual content, en-
abling true zero-data self-evolution.

6 Conclusion

We present MM-Zero, a self-evolving framework
that trains VLMs starting from zero data. Unlike
prior self-evolving approaches, MM-Zero instan-
tiates more than two agents from the same base
model, each fulfilling a distinct role: Proposer,
Coder, and Solver. Our results demonstrate the
scalability and effectiveness of multi-model multi-
modal evolution without any external training data:
with carefully designed reward functions tailored
to each role, sequential training across roles im-
proves average benchmark performance across it-
erations. Future work can extend tool usage be-
yond code generation to produce more diverse di-
agrams, plots, and 3D renderings, creating richer
training data for capabilities such as 3D spatial rea-
soning.
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Limitations

MM-Zero demonstrates that VLMs can self-
evolve by generating their own visual data and
questions. Our results across multiple model sizes
show that stronger base models benefit more from
self-evolution, as they produce higher-quality vi-
sual code. A key limitation is that SVG-rendered
images are inherently structured and may not fully
capture the fine-grained appearance, texture, and
complexity of natural images. This scope is de-
liberate: structured SVGs provide exact, verifiable
supervision, which is what makes zero-data self-
evolution feasible in the first place. Even under
this restricted setting, the resulting gains transfer
to several natural-image benchmarks. Future work
can extend this framework to multi-backbone sys-
tems, for example by incorporating diffusion mod-
els or stronger visual generators to synthesize
more diverse and naturalistic images while retain-
ing the closed-loop self-evolving paradigm.

Ethical Considerations

This paper presents work whose goal is to advance
the field of machine learning. There are many po-
tential societal consequences of our work, none
of which we feel must be specifically highlighted
here. In additoon, we use Al solely for coding,
grammar check and corrections.
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Appendix

A Prompt Templates

We provide the prompt templates and training hy-
perparameters for reproducibility.

A.1 Proposer

The Proposer prompt instructs the model to act
as a Visual Content Designer and output six
XML blocks: content_type, caption, easy_
question, easy_answer, hard_question, and
hard_answer. Allowed content_type values are
data_chart, diagram, geometry, timeline, map,
table, and other. The full prompt is shown be-
low.

Role: You are an expert Visual Content Designer who
creates rich, complex data visualizations and diagram
specifications using SVG. Your goal is to design vi-
sualizations that are visually interesting, data-dense,
and require genuine reasoning to interpret.

Input: {{ content | trim }}

Output — exactly six XML blocks and nothing
else:

<content_type>exactly one of: data_chart,
diagram, geometry, timeline, map, table,
other</content_type>

<caption>a rich, detailed specification
</caption>

<easy_question>a simple question directly
readable from the image</easy_question>

<easy_answer>the answer</easy_answer>

<hard_question>a challenging reasoning
question</hard_question>

<hard_answer>the answer</hard_answer>

Complexity requirements for captions — include
at least three of: multiple data series, annotations,
secondary panel, colors/markers, derived values, non-
trivial patterns, geometric constructions.

Hard question constraints: Must require multi-step
reasoning; must force the reader to extract at least one
value from the visualization (do not state all values in
the question).

Answer format: single number, word, or short phrase
(c.g. "42", "Q1", "blue™).

A.2 CodeGen

The CodeGen prompt instructs the model to gen-
erate raw SVG markup given a caption and ques-
tions. The rendered image must contain the data
needed to answer the Easy Question. Full prompt:

Input: {{ content | trim }}

You are an SVG code generator for data visualizations.
You will be given a chart description (caption) and
questions with short answers.

Critical: The rendered image must contain the data
needed to answer the Easy Question with the exact
Easy Answer provided.

Write raw SVG markup (starting with <svg ...>).
Do not write Python code.

SVG guidelines: use viewBox; use <text> for labels;
font-size > 12px; distinct colors; self-contained.
Wrap your SVGin " “svg ... "' code fences.

A.3 Solver

The Solver prompt instructs the model to think
step-by-step in <think> tags and give the final an-
swer in \boxed{ }. Full prompt:

Input:

{% if '<image>' not in content %}
<image>{% endif %}{{ content | trim }}

Look at the image carefully and answer the ques-
tion. First, think step by step inside <think> ...
</think> tags. Then, give your final answer in-
side \boxed{} as a single number, single word, or
short phrase only (e.g. \boxed{42}, \boxed{blue},
\boxed{Q1})—no units, no full sentences.

A.4 Evaluation with VLMEvalKit

We evaluate all models using VLMEvalKit (Duan
et al., 2024) on 9 benchmarks: ChartQA-test, Hal-
lusionBench, MM-Vet, MMMU (val), MMMU-
Pro (10-option and Vision), MathVerse-MINI
(Vision-Only), MathVision, and MathVista-mini.
Evaluation follows a two-phase pipeline: (1) in-
ference via a vVLLM (Kwon et al., 2023) OpenAl-
compatible server with 32-way concurrent re-
quests, and (2) scoring via -mode eval -reuse
against a judge LLM served on a separate vVLLM
endpoint. We use Qwen3-VL-32B as the judge.
Unless otherwise noted, the main-paper numbers
use the original evaluation settings: baselines
use near-greedy decoding (temperature=0.01),
while solver checkpoints use diverse sampling
(temperature=0.7 for Qwen3-VL and 0.6 for
MiMo-VL-7B). Scoring is benchmark-dependent:
rule-based exact-match for ChartQA and MMMU
variants, and LLM-judge-based answer extraction
for math and free-form benchmarks.
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Table 5: Matched-decoding control for Qwen3-VL-8B-Instruct at Iteration 3. Rows marked “paper” use the set-
tings reported in the main paper; rows marked “matched” rerun the same checkpoint under the other temperature.
The average changes by at most 0.3 points, indicating that the main gap is not driven by decoding alone.

Decoding MMMU MMMU-Pro MM-Vet HallusionBench ChartQA MathVerse MathVision

MathVista VisNumBench Avg.

Setting

Base (paper) T=0.01 69.6 559 76.1
Base (matched to solver) T=0.7 69.4 559 754
MM-Zero, Iter 3 (paper) T=0.7 72.0 63.0 712
MM-Zero, Iter 3 (matched to base) T7'=0.01 72.3 63.0 71.0

61.1 89.6 62.1 53.9 77.2 47.7 65.9
61.4 89.6 61.3 54.2 71.5 45.7 65.6
71.7 90.4 65.1 55.2 84.0 55.0 70.4
72.1 90.4 65.5 54.9 83.6 55.7 70.5

Table 6: Main script parameters.

Param. Val. Description
GPU_MEM 80 GPU mem. (GB)
TRAIN_STEPS 10 Steps/model/iter.
NUM_ITER 3 Self-Evolve iter.
PROP_PER_GPU 413 Prop./GPU (P/CG)
PROP_PER_S 625 Prop./GPU (Solv.)
PROP_ROLL_BS 18 Prop. roll. BS
GLOBAL_BS_P 18 Prop. global BS
ROLLOUT_N 4 Rolls/prop. (P/CG)
SOLVER_N_R 5 Solver rollouts
ROLLOUT_BS 320 CGroll. BS
ROLL_BS_S 512 Solver roll. BS
GLOBAL_BS_S 64 Solver global BS

Table 7: Per-role training configuration.

Parameter Proposer Coder Solver
GPUs 3 4 8
Max prompt len. 4096 4096 8192
Max resp. len. 2048 4096 4096
Roll. batch size 18 256 512
Global batch size 18 64 64
Learning rate 1x10~°

Weight decay 1x1072

Roll. temp. 1.0 0.7 1.0
Roll. top_p 0.99 0.95 0.99
Rollout n 4 4 8
Tensor parallel 1 1 2

All reward coefficients and training hyper-
parameters are shared across Qwen3-VL-4B-
Instruct, Qwen3-VL-8B-Instruct, and MiMo-VL-
7B-SFT; we do not tune them per backbone.

B Reward Details

Proposer penalties and diversity terms. For
the easy-hard penalty, let Z be the set of suc-
cessfully rendered images. We penalize propos-
als whose average hard-question difficulty is be-
low Oep:

_)\eh if ﬁ ZIZEI Rdiff(Ii) < 5ehy

Teh = .
0 otherwise,
(10)
where dop = 0.15 and Aep, = 0.3. For content-type

diversity, let f; be the fraction of proposals in the

batch with the same content type as proposal x:

=2 ith>o

0 otherwise,

_)\ct .

(11)

Tet =

where ¢ = 0.5 and A\ = 0.15. For caption/ques-
tion diversity, we cluster captions, easy questions,

and hard questions using agglomerative clustering

on pairwise BLEU distances. Let s§fa‘°), 555‘”

Sgchq)

, and
be the cluster shares for proposal x, and let
u = 1/M be the uniform share for a batch of M
valid proposals:

Tdiv = *Clip((wc(ﬁ(pr) —u) + we (s — u) + wn(sP = w)) - M - Aaivs —Adivs )\div)

(12)
where w. = 0.45, w, = 0.20, w;, = 0.35, and
Adiv = 0.5. Proposals in small clusters receive a
bonus, while those in large clusters are penalized.

Solver reward components. We extract the fi-
nal answer {j; from the \boxed{...} content in
response ¥, and compare it against the majority-
vote silver answer ¥:

Racc(ykvg) =1 (Qk = Zj) . (13)

The format reward enforces the required reasoning
trace and boxed final answer:

Rime(yx) = 1 (yg matches format <reasoning> \boxed{...}).

(14)
C Rendering Pipeline

The SVG-only variant converts generated SVG
markup to PNG images for the Solver. Process:
(1) raw SVG string — cairosvg — PNG; (2)
per-snippet timeout 30s; (3) parallel workers via
ProcessPoolExecutor. Validation: max aspect
ratio 100, max dimension 16384; invalid images
are discarded. Output: base64-encoded PNG for
vLLM/Solver input.

D Training Time

We report the wall-clock training time for MM-
Zero on Qwen3-VL-8B-Instruct with the SVG
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Table 8: Wall-clock training time for MM-Zero on
Qwen3-VL-8B-Instruct (SVG + Filtered) using 8x
NVIDIA Pro 6000 (96 GB) GPUs.

Data Gen GRPO Total

Iter Roles Trained (h) (h) (h)
0—1 Proposer + CodeGen + Solver 15.1 10.0 25.1
1 —2 Proposer + CodeGen + Solver 11.9 8.0 19.9
2 —3  Proposer + CodeGen + Solver 4.5 3.0 7.5
3 —4 Proposer + CodeGen + Solver 4.6 3.0 7.6
4 —5 Proposer + CodeGen + Solver 4.7 32 7.9
Total (5 iterations) 40.8 27.2 68.0

rendering pipeline and proposal filtering, trained
on 8x NVIDIA Pro 6000 (96 GB) GPUs. Each
self-evolving iteration comprises three sequential
stages: (1) data generation (Proposer — CodeGen
— SVG rendering — filtering), (2) Solver rollout
and reward computation, and (3) GRPO training
(20 gradient steps per role). Table 8 reports the
per-iteration wall-clock time extracted from server
logs.

The first two iterations are substantially longer
because all three roles (Proposer, CodeGen,
Solver) must be trained from the base model for
the first time, and the initial data generation pro-
duces a larger volume of proposals before filter-
ing stabilizes. From Iteration 2 onward, each cy-
cle takes ~7.5-8 h, of which data generation (par-
allel vLLM inference across 8 GPUs) accounts
for roughly 60% and GRPO training accounts for
the remaining 40%. The total cost of 5 solver it-
erations is approximately 68 GPU-hours on Pro
A6000s.
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