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Abstract

Reinforcement Learning with Verifiable Re-
wards (RLVR) has advanced the reasoning
of vision language models (VLMs), yet re-
mains bottlenecked by training data: synthetic
corpora lack real-world scenarios, human-
annotated sets are hard to scale, and re-
combined sources offer little distinct signal.
To address these limitations, we introduce
DeepVision-103K, a verifiable multimodal
dataset for RLVR. Curated from real K12
sources through validity filtering, difficulty cal-
ibration, and correctness verification, it con-
tains 103K visually diverse QA pairs span-
ning multimodal mathematics and visual logic.
Models trained on DeepVision-103K achieve
strong performance on both mathematical and
general multimodal benchmarks across 4B—8B
backbones. The 8B model matches the accu-
racy of its official thinking variant while using
only ~63% of the response tokens. Mixing a
20K subset of DeepVision-103K with existing
datasets brings further gains, confirming its dis-
tinct value. Case-level analysis reveals three en-
hanced capabilities in DeepVision-trained mod-
els: visual perception, visual reflection, and
mathematical reasoning.

1 Introduction

Reinforcement learning with verifiable rewards
(RLVR) has been widely applied to vision language
models (VLMs), yielding great improvements in
visual reflection and reasoning (Wang et al., 2025a;
Xia et al., 2025; Yang et al., 2025a). Despite this
promise, the effectiveness of RLVR is constrained
by existing training data which fall short in several
key aspects. (1) Narrow visual scope: synthetic
datasets (Lu et al., 2021; Qiao et al., 2025) curated
with tools like GeoGebra focus on pure mathemati-
cal scenarios (e.g., geometric figures and function
plots), lacking real-world scenarios; (2) Poor scala-
bility: human-annotated K12 datasets (Meng et al.,
2025; Liu et al., 2024) from authentic educational
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Figure 1: Top: Visual element coverage across RLVR
datasets; Bottom: Examples of pure math, math with
real-world items, and visual logic.

data covers broader visual content, but expert an-
notation caps their scale, leaving them short of
RLVR’s data needs.; (3)No novel signal: recom-
bined datasets (Wang et al., 2025c; Zha et al., 2025;
Peng et al., 2025; Yang et al., 2025b; Zhang et al.,
2025) only filter or aggregate existing sources, pro-
viding no new training signal. These limitations
hinder RLVR-trained models from acquiring robust
and generalizable reasoning capabilities.

To this end, we propose DeepVision-103K, a
large-scale multimodal mathematical dataset de-
signed for RLVR, featuring:

* Real-world Visual Contexts: DeepVision-
103K covers diverse pure mathematical sce-
narios and math problems in real-life vi-
sual contexts (Figure 1), requiring reasoning
across varied visual settings.

* Scalable Curation: an automatic three-stage
pipeline (validity filtering, pass-rate stratifica-
tion, correctness verification) produces 103K
verifiable QA pairs without expert annota-
tion, delivering consistent gains across 4B—-8B
backbones (Figure 2 & Table 3).
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Figure 2: Performance on math and general benchmarks, we report averaged Pass@1 accuracy across benchmarks.

* Novel Training Signals: DeepVision-103K
combines two domains—a math subset fil-
tered from a 3.3M-sample raw K12 pool, and
a visual logic subset (mazes, chess, tetris) for
cross-domain coverage. Adding 20K DeepVi-
sion queries to existing RL datasets brings
clear gains (Sec. 5.1), confirming its non-
overlapping signal.

Models trained on DeepVision-103K show three
advantages: (1) Consistent improvements: Deep-
Vision training yields gains on both math/general
benchmarks across 4B—8B backbones (+4.73/+5.66
on Qwen3-VL-4B, +4.61/42.35 on Qwen3-VL-8B,
+5.39/46.09 on MiMo-VL-7B), matching or sur-
passing official thinking variants and closed-source
baselines. (2) Superiority over existing datasets:
Under the same RL settings, models trained on
DeepVision-103K outperform those trained on
three open-source RL datasets by +1.79 to +4.13
on math/general benchmarks. (3) Reasoning ef-
ficiency: On Qwen3-VL-8B serie, DeepVision
model attains comparable accuracy to the official
thinking variant (70.15% vs. 70.13%) while con-
suming only 63.5% tokens (Table 4). Our further
analyses reveal several key findings: (1) Distinct
data value: mixing a 20K subset of Deep Vision-
103K with existing open-source datasets yields fur-
ther improvements, confirming that DeepVision
provides non-overlapping training signal (Sec. 5.1);
(2) Math-logic synergy: multimodal math and vi-
sual logic each contribute unique value to visual
reasoning, and their benefits compound when com-
bined (Sec. 5.2); (3) Enhanced meta-behaviors:
case-level human annotation identifies enhanced
visual perception, reflection, and mathematical rea-
soning in DeepVision models (Sec. 5.4).

2 Overview of DeepVision-103K

Question: As shown in the figure, a car stops at a red
light at an intersection. The driver sees the angles at
the ends of the zebra crossing as ZDCA = 30° and
£LDCB = 60°. The width of the zebra crossing is AB =
3 meters, and the distance from the driver to the front
of the car is 0.8 meters. What is the distance x from
the front of the car to the zebra crossing?
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Figure 3: A data sample from DeepVision-103K.

Each sample in DeepVision-103K is annotated with
seven fields supporting difficulty-aware filtering,
topic-level analysis, and rule-based reward compu-
tation for RLVR.

Field Description

Question  The textual problem statement and its

& Image  image.

Final A unique, verifiable answer that en-

Answer ables rule-based reward computation
in RLVR.

Equivalent Alternative forms of the final answer,

Answers used to make rule-based matching
more robust.

Pass Rate  Fraction of correct responses during
model rollouts.

Topic Hierarchical label of the mathematical
branch the problem belongs to.

Knowledge Mathematical concepts, theorems, or

Points techniques required to solve the prob-
lem.

Visual Geometric or graphical objects in the

Elements  image.

Table 1: Annotation fields and definitions.
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2.1 Visual Diversity

To characterize the visual content of Deep Vision-
103K, we built a taxonomy based on Mo et al.
(2018); Rosin (2008) and prompted GPT-5-mini
to label the visual elements in each image with cat-
egories and fine-grained types. Prompts and details
are provided in Appendix B. Under this taxonomy,
DeepVision-103K covers six categories and con-
tains more fine-grained element types than existing
open-source datasets (Figure 1).

Table 2 summarizes the key elements in
DeepVision-103K. Two aspects stand out: cross-
category combinations, where a single image re-
quires reasoning over multiple visual categories,
and real-world items in mathematical contexts,
which are rarely covered by existing datasets. Ex-
amples are provided in Figures 10 and 11.

Category Key Visual Elements

Primitives (Angle, Triangle, Circle, Quadrilateral,Polygon),
Relations (Parallelism, Tangency, Chords),
Properties (Right Angles, Perpendicularity)

Planar Geometry

3D Primitives (Cube, Prism, Cylinder, Cone),
Spatial Representations (Orthographic Views, Nets),
Sections (Frustums, Hemispheres)

Solid Geometry

Coordinate Systems, Function Curves (Linear, General),
Conic Sections (Parabola, Hyperbola),
Scatter Points, Inequality Regions

Analytic Plot

Statistical Graphs (Bar, Histogram, Pie, Line),

D h
ata Chart Structured Data (Tables, Stem-and-Leaf)

Logical Structures (Flowcharts, Tree Diagrams),
Schematic Diagram Physics/Sets (Force Diagrams, Circuits, Venn Diagrams),
Linear Arrangements

Objects (Characters, Household Items),

Real-World It . I
ea or en Contextual Scenes (Architecture, Maps, Scientific Tools)

Cross-category Combinations of multiple visual categories

Table 2: Visual categories and element coverage in
DeepVision-103K.

2.2 Broad Coverage

Each problem in DeepVision-103K is catego-
rized under a hierarchical topic structure follow-
ing Qiao et al. (2025). As shown in Figure 4,
the dataset spans four major mathematical dis-
ciplines—Geometry (the largest share), Alge-
bra, Probability and Statistics, and Fundamen-
tal Mathematical Skills. Beyond formula- and
theorem-based mathematics, DeepVision also in-
corporates visual logic problems from Zebra-
CoT (Li et al., 2025) and GameQA (Tong et al.,
2025)—including visual games, maze, chess, tetris
where solutions emerge primarily from visual per-
ception and logical deduction.

3 Construction of Deep Vision-103K

We curated DeepVision-103K from two open-
source SFT corpora of K12-level multimodal math

Figure 4: Mathematical topics in Deep Vision-103K.

problems—MM-Mathlnstruct-3M (Wang et al.,
2025b) and MultiMath-300K (Peng et al., 2024),
forming an initial pool of 3.3M samples. To extract
verifiable data from this large yet noisy pool, we
applied a three-stage pipeline shown in Figure 5:
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Figure 5: Math data curation pipeline.

1. Validity Filtering: Remove problems unsuit-
able for RL training, including proof-based,
descriptive, or multi-answer questions.

2. Difficulty Filtering: Calibrate per-sample dif-
ficulty to the model via rollout pass rates.

3. Query Correctness Verification: Remove
samples with corrupted text, image—text mis-
matches, or incorrect reference answers.

Stage 1: Validity Filtering. Reinforcement
learning requires unique and verifiable answers to
provide reward signals. In this stage, we first ap-
plied rule-based filtering to remove proof or expla-
nation tasks containing keywords such as “prove”,
“explain”, “describe”. For the remaining part, we
used Qwen3-VL-32B-Instruct (Bai et al., 2025) to
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filter out questions with multiple answers and as-
sess whether visual information is essential, only
retained questions that satisfied both. Finally, we
performed comprehensive benchmark decontami-
nation via exact matching and N-gram (N=32)
matching against all evaluation benchmarks. This
stage yielded 880K math samples.

Stage 2: Difficulty Filtering. Data with appro-
priate difficulty is crucial for efficient RL training
(Zeng et al., 2025b). Following Qwen3-VL (Bai
et al., 2025) we derived difficulty from rollout
pass rates. For each question, we performed
8 rollouts with MiMo-VL-7B-SFT-2508 (Team
et al., 2025), computed accuracy via MathVer-
ify (Kydlicek, 2025), and kept samples whose pass
rate falls in [%, %] Zero-pass samples were dropped
as too hard or unverifiable. Full-pass samples were
also excluded for two reasons: (1) uniformly cor-
rect rollouts yield zero advantage and thus no gra-
dient signal; (2) over-representing easy queries
causes a rapid drop in policy entropy, hindering
exploration of complex reasoning (Zeng et al.,
2025a). However, some knowledge points appear
mostly in easy samples, we applied knowledge-
guided recall to preserve their coverage (Ap-
pendix C.1). This stage yielded 99K math samples.

Stage 3: Query Correctness Verification. Re-
liable RL rewards also require well-formed ques-
tions. Pass-rate filtering removes too-hard samples
but cannot catch inherently problematic queries
that models happen to answer correctly (e.g., with
garbled text or image—text mismatches). We there-
fore prompted Gemini-3-Flash (Google, 2025) to
(1) verify that each question is complete and
free of corrupted text and (2) detect image—text
mismatches; only samples passing both checks
were retained (protocol in Appendix C.2). This
stage yielded 77K verified mathematics samples,
an ablation in Sec. 5.3 confirms its necessity.

Beyond mathematics, we additionally included
visual-logic data from Zebra-CoT (Li et al., 2025)
and GameQA (Tong et al., 2025). These sources
are already structurally clean, we used them to
broaden the data distribution rather than to scale up.
We applied the same rollout filtering with a tighter
window of [%, %] and skipped Stage 3 verification,
yielding 26K verifiable examples (details in Ap-
pendix C.1). Combined with the 77K math sam-
ples, this produced the final DeepVision-103K.

4 Experiments

We present a comprehensive evaluation of mathe-
matical and general multimodal reasoning capabili-
ties of models trained on DeepVision-103K.

4.1 Setup

Models We conducted RLVR training on Qwen3-
VL-4/8B-Instruct (Bai et al., 2025) and MiMo-VL-
7B-SFT-2508 (Team et al., 2025). All three back-
bones received visual reasoning data during pre-
training or midtraining, exhibiting native visual
thinking that allows direct RL training without a
cold-start SFT phase. We denote the resulting mod-
els as Q3-4B-DV, Q3-8B-DV, and MiMo-DV.

Algorithm We employed GSPO (Zheng et al.,
2025) for RL training, utilizing rule-based rewards
based on answer correctness (+1 for correct an-
swers, 0 otherwise). Response format is enforced
through prompts thus no format reward was ap-
plied. Detailed training configurations and prompts
are provided in Appendix D.

Baselines Three groups of baselines are con-
sidered: (1) Closed-source models: GPT-5-
Nano-High and Gemini-2.5-Flash-Lite; (2) Offi-
cial thinking variants: Qwen3-VL-4/8B-Thinking
and MiMo-VL-7B-RL-2508; (3) Open-source RL
datasets: MathBook (Qiao et al., 2025), a synthetic
mathematical dataset; MM-Eureka (Meng et al.,
2025), human-annotated K12 data; OpenMMRea-
soner (Zhang et al., 2025), filtration and recombi-
nation of prior sources. For group (3), we trained
MiMo-VL-7B-SFT-2508 on each dataset under the
same RL settings as MiMo-VL-7B-Deep Vision for
a fair comparison.

Evaluation Models are evaluated on (1)
Multimodal Math: WeMath (Qiao et al.,
2024), MathVerseyision (Zhang et al.,, 2024),
MathVision (Wang et al., 2024), and Log-
icVista (Xiao et al., 2024); (2) General
Multimodal: MMMU,, (Yue et al.,, 2024a),
MMMUp,, (Yue et al., 2024b), and M3CoT (Chen
et al., 2024). The maximum response length is set
to 32K tokens, with decoding parameters following
each model’s official recommendations. Complete
details are provided in Appendix E.

4.2 Mathematical Reasoning

Improvements over bases. Across all four math
benchmarks in Table 3, Q3-4B-DV / Q3-8B-DV
/ MiMo-DV improve over their bases by +4.73 /
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Multimodal Math

General Multimodal

Model
WeMath MathVision MathVerseygon LogicVista Avg. MMMU,,; MMMUp, M3CoT Avg.
Closed-source Models
GPT-5-Nano-High 78.62 58.75 70.30 58.03 66.43 70.78 70.64 69.15  70.19
Gemini-2.5-Flash-Lite 83.85 52.47 70.30 60.49 66.78 64.77 65.08 68.42 66.09
Owen3-VL-4B Series
Qwen3-VL-4B-Instruct 75.63 46.31 66.87 59.07 61.97 61.78 58.32 7235  64.15
Qwen3-VL-4B-Thinking 81.44 53.62 69.25 6152 6646  68.33 66.53 7243 69.10
Qwen3-VL-4B-Deep Vision 82.30 52.11 70.43 61.96 66.70 68.89 67.63 7291 69.81
QOwen3-VL-8B Series
Qwen3-VL-8B-Instruct 79.36 51.44 67.38 61.16 64.84 67.66 67.69 70.83 68.73
Qwen3-VL-8B-Thinking 84.54 57.89 72.84 6473 7000  69.33 70.29 7131 7031
Qwen3-VL-8B-DeepVision 85.11 55.49 72.46 64.73 69.45 71.33 70.29 71.61 71.08
MiMo-VL-7B Series
MiMo-VL-7B-SFT-2508 74.42 50.69 72.71 60.71 64.63 63.77 60.69 70.02 64.83
MiMo-VL-7B-RL-2508 76.95 5391 76.39 64.28 67.88 67.44 63.87 70.57 67.29
MiMo-VL-7B-MM-Eureka 79.08 50.00 73.35 61.16 65.90 67.67 65.78 70.36 67.94
MiMo-VL-7B-MathBook 77.18 51.31 73.60 62.28 66.09 66.33 63.47 70.23  66.68
MiMo-VL-7B-OpenMMReasoner ~ 83.45 52.97 74.87 61.68 6824  66.78 66.82 7821  70.60
MiMo-VL-7B-DeepVision 82.98 55.24 76.26 65.62 70.03 71.00 69.19 72.56 7092

Table 3: Performance comparison across multimodal mathematical reasoning and general multimodal benchmarks.
We report Average @8 accuracy (%). The best results within each model family are in bold; the second-best are

underlined.

+4.61 / +5.40 on average. Per-benchmark gains
span +2.89 to +8.56, with the largest jumps on
WeMath (+6.67 / +5.75 / +8.56).

Matching strong baselines. On the math av-
erage, Q3-8B-DV and MiMo-DV exceed the
stronger closed-source baseline (Gemini-2.5-Flash-
Lite, 66.78) by +2.67 and +3.25, while Q3-4B-DV
matches it (66.70 vs 66.78). Against the official
thinking counterparts on the same backbones, all
three remain competitive: MiMo-DV beats MiMo-
VL-7B-RL by +2.15 (70.03 vs 67.88), Q3-4B-DV
slightly surpasses Qwen3-VL-4B-Thinking (66.70
vs 66.46), and Q3-8B-DV stays within 0.55 points
of Qwen3-VL-8B-Thinking (69.45 vs 70.00).

Superiority over open-source datasets. Under
matched training (same base, same training steps),
MiMo-DV wins 3 of 4 math benchmarks against
MM-Eureka, MathBook, and OpenMMReasoner,
tops the math average (70.03), and +1.79 over the
strongest alternative OpenMMReasoner (68.24).

4.3 Generalization Beyond Mathematics

The same pattern holds on the general multimodal
average. Q3-4B-DV / Q3-8B-DV / MiMo-DV lift
their bases by +5.66 / +2.35 / +6.09 and beat their
official thinking counterparts by +0.71 / +0.77 /
+3.63; Q3-8B-DV and MiMo-DV further surpass
the strongest closed-source baseline (GPT-5-Nano-
High, 70.19). MiMo-DV also tops the general
average against open-source RL datasets (70.92
vs OpenMMReasoner’s 70.60, despite the latter’s
M3CoT contamination). This suggests that diverse

visual elements and broad domain coverage are
crucial for enhancing general multimodal reason-
ing capabilities, which is further supported by our
analysis in Sec. 5.2.

4.4 Reasoning Efficiency

Table 4 compares accuracy v.s. average token cost
across Qwen3-VL-8B variants.

Two observations stand out. First, DeepVision
raises the average accuracy from 66.50% to 70.15%
(+3.65) over Instruct while extending response
length by 36% (2,333—3,173 tokens), indicating
that RLVR on DeepVision activates longer rea-
soning chains. Second, DeepVision matches the
official Thinking variant in accuracy (70.15% vs.
70.13%) while consuming only 63.5% of the tokens
(3,173 vs. 4,995). This suggests that well-curated,
difficulty-calibrated training data can yield equally
effective but more concise reasoning chains.

Benchmark Instruct DeepVision Thinking
Acc / Tok. Acc / Tok. Acc / Tok.
WeMath 79.36 /1,428 85.11/2,010 84.54/3,754
MathVision 51.44/4,288 55.49/5,738 57.89/8,970
MathVerse  67.38/1,572 72.46/2,714 72.84 /4,665
LogicVista  61.16/1,769 64.73/2,716 64.73 /6,115
MMMU 67.66/2,099 71.33/2,758 69.33/5,082
MMMUp,, 67.69/2,170 70.29/2,895 70.29/5,037
M3CoT 70.83/1,029 71.61/1,294 71.31/2,761
Average 66.50/2,333  70.15/3,173 70.13 /4,995

Table 4: Reasoning efficiency comparison on the
Qwen3-VL-8B family. We report Average@8 accu-
racy (%) and the average number of response tokens.
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Multimodal Math

General Multimodal

Training Data -
WeMath MathVision MathVerseyijon LogicVista Avg. MMMU,,, MMMUp, M3CoT Avg.

MiMo-VL-7B-SFT-2508 74.42 50.69 72.71 60.71 64.63 63.77 60.69 70.02  64.83
DeepVision-103K g9 82.98 55.24 76.26 65.62 70.03 71.00 69.19 72.56  70.92
synergy with open-source RL datasets

MathBook 77.18 51.31 73.60 62.28 66.09 66.33 63.47 7023 66.68

MathBook + DeepVision-20K 81.20 53.68 74.11 63.53 68.13 68.33 67.28 72.60  69.40

MM-Eureka 79.08 50.00 73.35 61.16 65.90 67.67 65.78 70.36  67.94

MM-Eureka + DeepVision-20K  80.46 54.27 73.85 66.21 68.70 68.00 67.15 71.61  68.92
w/o visual logic data

Math-77K 50 81.67 54.83 74.23 63.98 68.63 70.00 68.55 72.09  70.21

Math-77Kz00 82.07 55.72 74.74 63.53 69.02 68.50 69.67 72.65 70.27
subsets of mathematical data

Geometry-58K; 19 79.59 53.55 74.11 63.98 67.81 68.77 67.51 7122 69.17

Non-Geometry-19K,o 80.29 53.98 74.74 62.86 67.97 66.89 66.88 70.79  68.19
w/o multimodal math data

Visual-logic-26K 50 79.54 51.61 73.35 63.98 67.12 68.33 67.34 71.61  69.09
w/o correctness verification

Unverified-125K200 82.36 53.02 73.47 62.86 67.93 69.33 67.80 71.70  69.61

Table 5: Synergy and ablation results on MiMo-VL-7B-SFT-2508 (Average @8). Bold marks the best per column

across all rows.

5 Analyses

Our analyses investigate the following questions:
Q1: Synergy with Existing Datasets. Deep Vision-
103K is curated from open-source corpora, does it
provide signal that is complementary to other RL
datasets, or largely overlap with them?

02: Data Composition. How do the data do-
mains (multimodal math, visual logic) and math
sub-categories (geometry, non-geometry) each con-
tribute to the final performance?

03: Necessity of Query Correctness Verification.
Recent studies (Wu et al., 2025; Shao et al., 2025)
suggest that RLVR can work even under random
rewards. Is the correctness verification step truly
necessary in our data curation pipeline?

Q4: Enhanced Capabilities. What capabilities are
enhanced after RL on DeepVision-103K?

05: SFT effectiveness. Is DeepVision-103K useful
beyond RLVR—does it also work as SFT data?

5.1 Synergy with Existing Datasets

To test whether DeepVision contributes distinct
training signal, we randomly sampled 20K ex-
amples from it and mixed them with two open-
source datasets, MathBook and MM-Eureka, train-
ing MiMo-VL-7B-SFT-2508 under the same RL
configuration as Section 4.

Adding 20K DeepVision samples lifts Math-
Book (+2.04 / +2.72) and MM-Eureka (+2.80 /
+0.98) on math / general average, with consistent
per-benchmark gains. This indicates that DeepVi-
sion contributes signal the existing datasets do
not already cover.

5.2 Data Composition

Math vs. Visual Logic. DeepVision spans two
data domains with different reasoning paradigms:
multimodal math requires extracting visual evi-
dence and applying mathematical knowledge (for-
mulas, theorems, computations), whereas visual
logic relies mainly on visual cues such as object po-
sitions, spatial relations, and patterns. As Zha et al.
(2025) notes that mixing heterogeneous domains
may introduce conflicting gradients, we examine
whether the visual-logic data is indeed beneficial
and how each domain contributes.

To isolate each domain’s contribution, we com-
pared the full mixed setting (DeepVision-103Kzq0)
against three single-domain ablations:

* Math-77K;50: math only for 150 steps (same
math exposure as DeepVisionagg).

* Math-77K5qo: math only for 200 steps (same
total exposure as DeepVisionggg).

* Visual-logic-26K5,: visual logic only for
50 steps (same visual-logic exposure as
Deep Visionggg).

Table 5 shows that scaling math training is
consistently beneficial: both math-only variants
outperform the base, and extending from 150 to
200 steps improves every benchmark. However,
math alone is not sufficient: Math-77Ks(o under-
performs the mixed setting on the math average
(69.02 vs 70.03), with a clear gap on LogicVista
(63.53 vs 65.62). Visual-logic alone also improves
over the base on every benchmark, demonstrating
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positive transfer from visual logic to both mathe-
matical and general evaluations. Crucially, two do-
mains exhibit positive synergy: the mixed setting
strictly outperforms both single-domain ablations
on math (70.03 vs 69.02 / 67.12) and general (70.92
vs 70.27 / 69.09) averages. We attribute these gains
to two factors: (1) spatial reasoning and pattern
recognition are broadly useful primitives shared
across mathematical and general multimodal tasks;
(2) visual-logic training directly strengthens these
primitives, while multimodal math alone does not
sufficiently cultivate them.

Geometry vs. Non-Geometry. Geometry con-
stitutes the majority of our mathematical subset,
while the remaining non-geometry categories (alge-
bra, statistics, fundamental skills) account for only
19K samples, raising the question of whether they
are dispensable. We split Math-77K into Geometry-
58K and Non-Geometry-19K and trained each in-
dependently with steps proportional to its data vol-
ume. Results shows that both subsets help indi-
vidually: each improves over the base on math
and general averages. The much smaller non-
geometry subset is effective: Non-Geometry-19K
alone delivers +3.34 / +3.36 on math / general av-
erages, on par with the ~3x larger Geometry-58K.
Their combination outperforms either subset
alone: the union (Math-77K5¢) reaches 68.68 /
70.21 on math / general averages, exceeding both
Geometry-58K (67.81 / 69.17) and Non-Geometry-
19K (67.97 / 68.19). This suggests the two subsets
are complementary rather than redundant.

5.3 Necessity of Correctness Verification

After difficulty filtering, we obtained 99K samples
calibrated to model capability. Stage 3 verifica-
tion further removed an additional 22K samples
with garbled text or image—text mismatches. The
ablation in Table 5 (Unverified-125K 2pg) shows
that skipping this stage hurts performance:
math drops 70.03—67.93 (—2.10) and general
70.92—69.61 (—1.31), confirming that query veri-
fication is essential for clean training data.

5.4 Enhanced Capabilities

Training on DeepVision-103K presents increasing
response length, upward rewards, and stable en-
tropy (Appendix F). To investigate how DeepVision
improves over its base, we collected cases where
Qwen3-VL-8B-DeepVision succeeds but Qwen3-
VL-8B-Instruct fails, and asked human annotators
to label the improvement mechanism following a

structured protocol (Appendix H). Our analysis re-
veals three enhancement types (Figure 6).
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Figure 6: Enhanced Capabilities

Type I: Enhanced Visual Perception. DeepVi-
sion model exhibits stronger ‘‘one-shot percep-
tion”—it correctly identifies geometric features on
the initial observation (Figure 7).

As shown in the diagram, the area of the circular ring is 628
cm? The area of the shaded partis ( ) cm? (m as 3.14)
A. 628;B. 314;C. 200;D. 50; E. No correct answer

The shaded region is the part of the square that is outside the
small circle. That is, the area of the square minus the area of
the quarter circle of radius r. X

Qwen3-VL-8B-DeepVision

The shaded region is the area of the square of side R minus
he area of the small square of side r... and it touches both

peet circles

Figure 7: DeepVision correctly identifies the shaded
region on the first attempt.

Type II: Enhanced Visual Reflection. When ini-
tial perception falters, DeepVision model conducts
genuine visual re-examination, whereas the In-
struct model rephrases its conclusions (Figure 8).

7 N
Question

Find arc CB ().
Choices: A:24 B:33 C:67 D:134

Segment BD is 24 inches... Chords CB and BD intersect at X
Wait — let’s look again... chords CB and BD intersect at X,
and there's a right angle symbol at X %

4 Chord CD is drawn... segment BX is labeled 24 inches — but
i this is likely a mislabeling. Actually, looking more carefully...
the '24 inches' is the length of chord CD....

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

Figure 8: Deep Vision actively re-examines visual con-
tent to correct errors, while the Instruct model merely
rephrases without genuine verification.
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Type III: Enhanced Mathematical Reasoning.
Beyond visual capabilities, RL training enhances
mathematical reasoning. In cases where both mod-
els correctly extract identical visual information,
DeepVision demonstrates more rigorous deduc-
tion (Figure 9).

¢ .
Question

Part of a triangle is covered by an envelope as shown in the
diagram. Originally, this triangle was ( ).

A. Acute triangle; B. Right triangle; C. Obtuse triangle; D.
-ttt Cannot be determined; E. No correct answer

Qwen3-VL-8B-Instruct

In many math problems, especially those involving diagrams,
symmetry is implied unless stated otherwise...Therefore, it is
highly likely that the problem assumes the triangle is

T isosceles...

Qwen3-VL-8B-DeepVision

Possible combinations: Two acute angles... One right angle...
One obtuse angle... Since we have no information about the
other two angles, it is impossible to determine the type of
triangle.

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

Figure 9: DeepVision systematically enumerates all
possible angle combinations and concludes the type
cannot be determined.

We note that DeepVision also introduces a small
set of drawbacks over the Instruct baseline. Two
patterns recur: (i) Overthinking: on easy questions
the Instruct model solves in a few lines, Deep Vision
sometimes reaches for coordinates, case splits, or
formal arguments, and talks itself out of the right
answer. (ii) Visual drift in extended reasoning: as
the chain of thought grows longer, the model’s grip
on the image can slip—it misreads a coordinate it
had earlier read correctly, miscounts after a long
detour. We view both as the flip side of the same
exploratory behaviors that drive the gains above.

5.5 Effectiveness as SFT Data

We distilled CoTs from Qwen3-VL-235B-A22B-
Instruct on DeepVision-103K queries and con-
ducted SFT on Qwen2.5-VL-7B-Instruct. For each
query we selected up to three correct rollouts under
three strategies: longest (3 longest), shortest (3
shortest), and diverse (3 spanning the widest length
range); queries with fewer than three correct roll-
outs retain all of them. Each strategy yields 227K
SFT pairs (pass-rate distribution in Appendix G,
also provide passrate refe for RL training on larger
size backbones). As a controlled baseline, we
include OpenMMReasoner-ColdStart (+OMR-
CS) (Zhang et al., 2025), which uses the same
teacher—student pair but distills on OpenMMRea-
soner queries and attains 874K SFT pairs, isolating

the effect of query quality.

Benchmark Instruct +OMR-CS +DV-SFT
longest diverse shortest
Multimodal Math
WeMath 60.85 71.23 78.28  78.02 73.88
MathVision 16.94 34.60 34.14 3335 32.40
MathVerseyision ~ 41.62 50.92 5327  54.98 52.66
LogicVista 43.29 48.77 51.55  50.95 48.21
Avg. 40.67 51.38 54.31 54.33 51.79
A - +10.71 +13.64 +13.65 +11.11
General Multimodal
MMMU,y 51.59 52.59 57.63 5648 5491
MMMUp,, 49.73 51.59 54.64 5540 54.81
M3CoT 64.42 67.95 67.02  66.50 66.43
Avg. 55.25 57.38 59.76  59.46 58.72
A - +2.13 +4.52 +4.21 +3.47

Table 6: SFT cold-start on Qwen2.5-VL-7B-Instruct
(Avg@8). +OMR-CS and +DV-SFT share the same
teacher (Qwen3-VL-235B-A22B-Instruct); best in bold.

We evaluated all SFT checkpoints under identi-
cal inference settings (temperature 0.5, top-p 0.95).
All three DV-SFT variants consistently outperform
OMR-CS on average despite using only 227K vs.
874K SFT pairs (Table 6), with the best variant
leading by +1.93 on math and +2.39 on general
benchmarks. This confirms DeepVision-103K’s
SFT effectiveness. Among strategies, longest leads
or ties on most benchmarks, indicating that longer
correct CoTs provide richer supervision for visual
reasoning cold-start.

6 Conclusion

We present DeepVision-103K, a visually diverse
and broad-coverage multimodal dataset for RLVR,
curated from real-world K12 sources via validity fil-
tering, pass-rate difficulty calibration, and correct-
ness verification. Models trained on DeepVision-
103K achieve up to +5.39% math and +6.09% gen-
eral gains, matching official thinking variants while
using only 63.5% of the tokens. Controlled ab-
lations confirm that multimodal math and visual
logic exhibit positive synergy, correctness verifi-
cation is indispensable, and DeepVision provides
complementary signal to existing datasets. Hu-
man annotation further identifies enhanced visual
perception, visual reflection, and mathematical rea-
soning as the key improvements. Sec 5.5 demon-
strates DeepVision-103K’s effectiveness as SFT
data. We release DeepVision-103K to facilitate
future research in multimodal reasoning.
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Limitations

DeepVision-103K focuses on K12-level problems
with unique verifiable answers, so it does not cover
open-ended tasks such as proof writing or multi-
solution problems. The visual distribution, while
substantially broader than prior datasets, remains
imbalanced—planar geometry dominates, and rare
element types (e.g., schematic diagrams) are under-
represented. The difficulty calibration is performed
with MiMo-VL-7B-SFT-2508 and validated at 4B—
8B scales; extending to 32B+ backbones is left to
future work due to compute constraints. Finally,
the correctness verification stage relies on Gemini-
3-Flash, which may introduce mild model-specific
bias despite its clear net benefit.
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A Visual Examples

In this section, we present cross-category visual
combination examples in DeepVision-103K.
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Question: Water is poured into a cup (the rate of
water pouring remains constant), the relationship
between the height of water h in the cup and the
pouring time t is shown in the figure. What could be
the shape of the cup?

A) @®@ B) ©®@ C) ©@® D) @®

Image :

b

Visual Elements:
Solid Geometry: Hemisphere, Cone, Cylinder, Frustum
Analytic Plots: Coordinate System, Function Curve

J \ L

Question: A household trash can has a horizontal
pedal \(AB)) that rotates about a fixed point \(P\)....In
the opened position (Figure 3), t find the minimum
height of the pedal \(AB\) above the ground so that
\(\angle HDH' \ge 60™\circ\). (Answer to two significant
figures; \(\sqrt2\approx1.41,\ \sqrt3\approx1.73\).)

Image :

Visual Elements:
Planar Geometry: Triangle, Angles, Parallel Lines,
Perpendicular Lines

Solid Geometry: Cylinder
Real-World Item: Household Item

=

Figure 11: Planar Geometry & Solid Geometry & Real-
World Item.

B Visual Elements Annotation

To characterize the distribution of visual elements
in DeepVision-103K and existing datasets, we
constructed a visual annotation taxonomy based
on (Mo et al., 2018; Rosin, 2008). We then in-
structed GPT-5-mini to annotate visual elements in
each dataset according to the proposed taxonomy
(Table 7). We set the decoding temperature to 0.1
and the thinking budget to 1ow.

C Data Construction

C.1 Difficulty Filtering

For the math subset, in addition to the kept window
4, %] defined in Stage 2, we selectively recalled
full-pass samples (8/8) for knowledge points that
were under-represented in the kept window, pre-
serving coverage while keeping the dataset size

manageable.

Knowledge-guided recall. For every fine-
grained knowledge point k, we computed its
frequency in the full-pass region (pass rate = 1)
and in the kept window ([%, %]), and defined a gap
ratio
~ Jrn(k) = frept(K)

frn(k) +€ 7

which measures how under-represented a knowl-
edge point is in the kept window relative to the
full-pass pool. We triggered recall for every knowl-
edge point with g(k) > 0.35. The threshold was
chosen empirically: large enough to ignore mild
long-tail fluctuations, while still capturing heav-
ily under-represented domains (e.g., conic sections
and tangency reasoning).

To isolate the contribution of knowledge-guided
recall, we trained MiMo-VL-7B-SFT-2508 on the
Stage 2 math subset (math-only, no Stage 3 verifi-
cation) with and without the 9.8K recalled samples,
under matched training steps. Table 8 shows that
removing the recalled samples drops the math av-
erage by 0.90 (68.48—67.58) with consistent per-
benchmark degradation, confirming that recall pro-
vides a reliable gain by covering otherwise under-
represented knowledge points. The top 10 recalled
knowledge points are shown in Figure 12 and Ta-
ble 9.

g(k)

wfo Knowledge Retrieval ® w/ Knowledge Retrieval

2000

-
w
=]
=

1000

Mumber of Cases

wn
=1
=

Knawledge Domain 1D

Figure 12: Top 10 Knowledge-based retrieval. The x-
axis IDs correspond to knowledge domains listed in
Table 9.
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Category Fine-grained types

planar_geometry

Right Triangle; Equilateral Triangle; Triangle; Square; Rectangle; Rhombus; Parallelogram; Trape-

zoid; Quadrilateral; Circle; Semicircle; Sector; Arc; Parallel Lines; Perpendicular Lines; Tangent;

Chord; Angle; Right Angle
solid_geometry
Orthographic View
analytic._plot

Cube; Cuboid; Prism; Pyramid; Tetrahedron; Sphere; Cylinder; Cone; Frustum; Hemisphere; Net;

Linear Graph; Parabola; Hyperbola; Sinusoidal Curve; Exponential Curve; Analytic Circle; General

Function Curve; Coordinate System; Number Line; Scatter Points; Inequality Region; Equation

data_chart

Table; Bar Chart; Line Chart; Pie Chart; Donut Chart; Histogram; Box Plot; Stem-and-Leaf Plot

schematic_diagramFlowchart; Circuit; Force Diagram; Tree Diagram; Venn Diagram; Linear Arrangement

real-world

Character; Plant; Scientific Tool; Vehicle; Architecture; Household Item; Apparel; Food; Real

Table 7: Visual-element annotation taxonomy used in this work.

item Object; Scene; Map
Benchmark MiMo Stage 2 math
w/o recall (89K)  w/ recall (99K)

WeMath 74.42 80.23 81.15
MathVision 50.69 52.88 53.42
MathVerseyision  72.71 73.61 74.38
LogicVista 60.71 63.61 64.96
Avg. 64.63 67.58 68.48
A - +2.95 +3.85

Table 8: Knowledge-guided recall ablation on the
Stage 2 math subset (Average @8 %). Adding the 9.8K
recalled samples lifts the math average by 0.90.

For visual logic data, we used tetris, maze, and
chess data from Zebra-CoT (Li et al., 2025) and
game data from GameQA (Tong et al., 2025) with
pass rate in [2, 2], broadening the training data
distribution while keeping the dataset size manage-
able.

Deployment to other model scales. For back-
bones with capabilities significantly different from
the calibration model (e.g., 32B+), we recommend
two complementary strategies that do not require re-
curating the entire dataset. (i) Static recalibration:
re-run rollouts on the raw mathematical queries
with the target model and re-apply Stage 2 to obtain
a backbone-specific pass-rate distribution. (ii) Dy-
namic group filtering: enable group-level filtering
during the RL rollout phase (used in our setting,
see Appendix D), which discards groups whose
rollouts are entirely correct or entirely incorrect,
ensuring that gradient updates are computed only
on samples with informative reward variance.

C.2 Correctness Verification

To ensure data reliability, we used GEMINI 3
FLASH as an automated verifier. For each in-
stance, it jointly inspected the input image and

question text and outputs a label with a judge
trace (Table 10). The verifier rejects the in-
stance if any of the following labels is triggered:
ERR_IMG.MISSING, ERR_.TEXT_MISSING, or
ERR.MISMATCH. An instance is retained only
when no error is detected.

C.3 Data Licenses

We list the data collection protocol of our data
sources in Table 11.

D Training Details

We used verl as the training framework. Config-
urations for training DeepVision series models are
listed in Table 12.

We used 32 H20 GPU for a single training, a
training step cost 0.5h. We used the following
prompt template during training and evaluation.

Training / Evaluation Prompt Template

You are a multimodal reasoning assistant. You receive
images and texts, perform step-by-step reasoning (in-
cluding re-checking the image) before producing the fi-
nal answer. Please provide a clear, concise answer inside
\boxed{} tag. For multiple choice questions, put only
the letter like \boxed{A} without any additional text.
For fill-in-the-blank and problem-solving questions, put
only the final answer.

E Evaluation Details

We provide detailed information about the bench-
marks used for evaluation and the inference hyper-
parameters for each model.

E.1 Benchmarks

We evaluated our models across three categories of
benchmarks, as summarized in Table 13.

E.2 Inference Hyperparameters

We used different inference hyperparameters for
different model families to ensure optimal perfor-
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ID Knowledge Domain w/o Retrieval w/ Retrieval Increase
1  Circle — Inscribed and Circumscribed 771 2,079 +1,308
2  Triangle — Angle of Elevation and Depression 765 1,654 +889
3 Circle — Tangency 624 1,384 +760
4 Circle — Perpendicular Chord Theorem 284 697 +413
5  Conic Sections — Hyperbola 159 410 +251
6  Figure Relationships — Inscribed and Circumscribed 215 447 +232
7  Spatial Relationships — Parallelism & Perpendicularity 165 369 +204
8  Conic Sections — Parabola 133 281 +148
9  Triangle — Criteria for Similar Triangles 124 267 +143
10  Spatial Relationships — Angle between Line & Plane 56 187 +131

Table 9: Top 10 Knowledge Domains by Retrieval Gap

Label Category Trigger

ERR_IMG-MISSING Image quality issue

ERR_TEXT MISSING Missing text

ERR_.MISMATCH
1 Pass

Image—text mismatch

Image is missing, unreadable, or lacks essential visual

information.

Question text misses key conditions/values, making the

task unsolvable.
Image content conflicts with the question statement.
Image and text are complete and consistent.

Table 10: Verification labels used by GEMINI 3 FLASH. Exactly one label is returned per instance.

Data Source License URL

MM-Mathlnstruct-3M (Wang et al., 2025b) Apache 2.0 https://huggingface.co/datasets/
MathLLMs/MM-MathInstruct

MultiMath-300K (Peng et al., 2024) Unset https://huggingface.co/datasets/
pengshuai-rin/multimath-300k

Zebra-CoT (Li et al., 2025) CCBY-NC4.0 https://huggingface.co/datasets/
multimodal-reasoning-lab/Zebra-CoT

GameQA-140K(Tong et al., 2025) MIT https://huggingface.co/datasets/
Code2Logic/GameQA-140K

PuzzleVQA(Chia et al., 2024) Unset https://huggingface.co/datasets/

declare—-lab/PuzzleVQA

Table 11: Licenses and usage permissions for the data sources used in this work.

mance. The detailed configurations are listed in
Table 14.

For Qwen3-VL-DeepVision models, we adopted
the same hyperparameters as Qwen3-VL-Instruct.
For MiMo-VL-Deep Vision, we adopted the same
hyperparameters as MiMo-VL.

E.3 Evaluation Method

For each benchmark, we first calculated accuracy
with MathVerify (Kydlicek, 2025), then prompted
GPT-5-mini to re-judge cases marked as incorrect
by Math Verify to reduce false negatives caused by
parsing errors, equivalent expressions, or format-
ting variations. We used the revised judgment as
the final label.

We deliberately chose GPT-5-mini rather than

Gemini-3-Flash for evaluation re-judging. Since
Gemini-3-Flash had already been used in Stage 3 of
our data curation pipeline (Section 3), reusing it as
the evaluation judge would risk self-confirmation
bias, where the judge favors patterns it had pre-
viously selected. Using a different model family
(GPT-5) provides a more independent assessment,
while GPT-5-mini also offers sufficient verification
capability with lower latency and cost than full-size
verifiers.

F Training Curves

This section presents the training dynamics on
DeepVision-103K, including response length (Fig-
ure 13), trainset rewards (Figure 14) and entropy
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Config Value
Ir le-6
kl_coef le-3

max_prompt_length 2K

max_response_length 16K
gen_batch_size 512
train_batch_size 256
mini_batch_size 64
micro_batch_size 32
group_filtering acc
clip_ratio_low le-4
clip_ratio_high le-3
temperature 1.0
rollout.n 16

total _training_steps 200

Table 12: Configurations for training DeepVision series
models.

Category Benchmark #Samples Reference
WeMath 1,740 (Qiao et al., 2024)
. MathVision 3,040 (Wang et al., 2024)
Multimodal Math MathVerseyision 788 (Zhang et al., 2024)
LogicVista 448 (Xiao et al., 2024)
M3CoT 2318  (Chenetal., 2024)
General Multimodal MMMU,,, 900 (Yue et al., 2024a)
MMMUpo_fun 1,730 (Yue et al., 2024b)

Table 13: Overview of evaluation benchmarks.

(Figure 15).
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Figure 13: Increasing response length.

G Distillation Teacher Pass Rate

Figure 16 shows the pass-rate distribution of
Qwen3-VL-235B-A22B-Instruct on DeepVision-
103K queries, used in Sec. 5.5 for SFT distillation.

Parameter Qwen3-VL-Thinking Qwen3-VL-Instruct MiMo-VL-(SFT/RL)
top_p 0.95 0.8 0.95

top_k 20 20 -
temperature 1.0 0.7 0.3
repetition_penalty 1.0 1.0 -
presence_penalty 0.0 15 -
max_tokens 32,768 32,768 32,768

Table 14: Inference hyperparameters for each model
family.

critic/score/mean

= MiMo-VL-7B~-SFT-2508 —

0.625

a 40 &0 120 160 200

Figure 14: Upward rewards.

actor/entropy

= MiMo-VL-7B-SFT-2508

=1
i

4] 40 80 120 160 200

Figure 15: Stable entropy.

Figure 16: Pass-rate distribution of Qwen3-VL-235B-
Instruct on DeepVision-103K queries (8 rollouts per

query).
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H Human Annotation Protocol

Algorithm 1 details the structured rubric used in
Sec. 5.4 for diagnosing why DeepVision succeeds
when the Instruct base fails. For each pair of
responses, annotators first determine whether In-
struct’s failure stems from visual misperception or
incorrect reasoning, then identify the mechanism
by which DeepVision succeeds.

Algorithm 1: Human Annotation Protocol

Input: Query (Image, Text), Ground Truth
1, Incorrect Instruct Response 17,
Correct DeepVision Response R

Output: Improvement Mechanism C

Analyze visual descriptions in 1;

if Descriptions contradict Image then

‘ Root Cause <+ Visual Misperception
else

‘ Root Cause < Incorrect Reasoning
end

if Root Cause is Visual Misperception then

if Rp correct at first observation then

‘ C' < VISUAL PERCEPTION
else
if Rp corrected via reflection then
| C < VISUAL REFLECTION
else
| C < GUESS
end

end

else if Root Cause is Incorrect Reasoning

then

e 0 N 1 R W N =

- = — —
I & & B2 oD = =

18 if Rp shows valid reasoning chain then
19 | C < REASONING

20 else

21 ‘ C < GUESS

2 end

23 end

24 return C

I Potential Risks

We do not anticipate significant potential risks from
this work. DeepVision-103K is derived from pub-
licly available K12-level educational content and
is designed for verifiable-answer multimodal rea-
soning rather than sensitive decision-making. The
dataset contains no personal identifiers, and our cu-
ration process filters out corrupted or unsafe sam-
ples.
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