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Abstract001

Reinforcement Learning with Verifiable Re-002
wards (RLVR) has been shown effective in003
enhancing the visual reflection and reason-004
ing capabilities of Large Multimodal Mod-005
els (LMMs). However, existing datasets are006
predominantly derived from either small-scale007
manual construction or recombination of prior008
resources, which limits data diversity and cov-009
erage, thereby constraining further gains in010
model performance. To this end, we in-011
troduce DeepVision-103K, a comprehensive012
dataset for RLVR training that covers diverse013
K12 mathematical topics, extensive knowl-014
edge points, and rich visual elements. Mod-015
els trained on DeepVision achieve strong per-016
formance on multimodal mathematical bench-017
marks, and generalize effectively to general018
multimodal reasoning tasks. Further analysis019
reveals enhanced visual perception, reflection020
and reasoning capabilities in trained models,021
validating DeepVision’s effectiveness for ad-022
vancing multimodal reasoning.023

1 Introduction024

Large language models (LLMs) trained with025

reinforcement learning from verifiable rewards026

(RLVR), such as DeepSeek-R1 (DeepSeek-AI027

et al., 2025) and OpenAI o-series (OpenAI et al.,028

2024), demonstrate remarkable reasoning capabil-029

ities. A key insight is that RLVR incentivizes think-030

ing behaviors—the ability to decompose problems,031

self-correct in step-by-step reasoning. Recent032

works (Wang et al., 2025a; Xia et al., 2025; Yang033

et al., 2025a) extend this paradigm to large multi-034

modal models (LMMs), achieving enhanced visual035

reflection and reasoning abilities. Central to this036

progress is high-quality training data, but existing037

training sets for multimodal RLVR exhibit several038

key limitations.039

• Synthetically constructed datasets: Fully040

synthesized with professional tools like Ge-041

oGebra (Lu et al., 2021; Qiao et al., 2025).042

They provide abundant data for constructible 043

categories (e.g., geometric diagrams, func- 044

tion curves) but lack real-world mathemati- 045

cal scenarios, limiting robust generalization 046

to general tasks. 047

• Human-annotated K12 datasets: Gathered 048

from authentic K12 education scenarios and 049

human-annotated to obtain verifiable answers 050

(Meng et al., 2025; Liu et al., 2024). While of- 051

fering broader categories, dependence on ex- 052

pert annotation limits its scalability. 053

• Recombination of existing datasets: Filtra- 054

tion (Wang et al., 2025d; Zha et al., 2025) or 055

recombination (Peng et al., 2025; Yang et al., 056

2025b; Zhang et al., 2025) of prior sources. 057

These approaches create no novel problems, 058

resulting in overlap across datasets and lack- 059

ing broader data distribution. 060

To address these limitations, we propose 061

DeepVision-103K, a large-scale multimodal math- 062

ematical dataset designed for RLVR, featuring: 063

• Visual Diversity: DeepVision-103K covers 064

major visual categories including geometry, 065

analytic plots, charts, and real-world items in 066

mathematical contexts. Within each category, 067

DeepVision offers richer element types than 068

existing open-source datasets (Figure 4). 069

• Broad Coverage: DeepVision-103K incor- 070

porates wide-ranging multimodal mathemati- 071

cal problems (Figure 5) and visual logic prob- 072

lems (mazes, chess, tangrams), jointly en- 073

hancingmathematical and visual logic reason- 074

ing. 075

• Automatic Data Curation Pipeline: We 076

present an automatic curation pipeline (Fig- 077

ure 6) comprising validity filtering, pass- 078

rate stratification and correctness verification, 079

1



Figure 1: The number of different visual element types of training datasets.

Figure 2: Performance on multimodal math and general multimodal benchmarks, we report averaged Pass@1 ac-
curacy across benchmarks.

which transforms diverse but noisy real-world080

K12 problems into structured and verifiable081

QA pairs.082

Consequently, models trained on DeepVision-083

103K achieve top performance (Figure 2) on math-084

ematical and general multimodal reasoning. Deep-085

Vison models outperform: (1) models trained on086

other open-source datasets, (2) the official thinking087

variant built on the same basemodel, and (3) strong088

closed-source baselines. These results underscore089

the value of DeepVision-103K as a resource for ad-090

vancing multimodal reasoning. The remainder of091

this paper is organized as follows:092

• Sec. 2 presents an overview of DeepVision-093

103K, including its format, visual elements094

distribution, and topics covered.095

• Sec. 3 details the data curation pipeline to con- 096

struct DeepVision-103K, encompassing va- 097

lidity filtering, model-centric difficulty filter- 098

ing and query correctness verification. 099

• Sec. 4 describes the training setup and evalua- 100

tion results of models trained on DeepVision- 101

103K. 102

• Sec. 5 analyzes the impact of DeepVision- 103

103K on model performance and provides ab- 104

lation studies on the data curation pipeline. 105

2 Overview of DeepVision 106

DeepVision adopts a rich annotation schema to fa- 107

cilitate various downstream tasks in multimodal 108

reasoning. As illustrated in Figure 3, each sample 109

contains the following components: 110

• Question & Image: A multimodal mathe- 111
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Question: In the figure, in rhombus $ABCD$, $AB = 

BD$. Points E and F are on $AB$ and $AD$ 

respectively,  and $AE$ = $DF$. Connecting BF and 

DE intersects at point G, and connecting CG and BD 

intersects at point $H$. The following conclusions 

are made:

?  Triangle AED is congruent to triangle DFB;

?  The area of quadrilateral BCDG is 

$\\frac{\\sqrt{3}}{4}CG^2$;

?  If AF = 2DF, then BG = 6GF.

Which of the following conclusions is correct?

Final Answer: ? ? ?

Topic: Geometry -> PlaneGeometry -> Relationships 
Between Figures -> Congruence and Similarity

Image?

Knowledge Points?

"Definition of Rhombus",

"Properties of Rhombus", 

"Criteria for Congruent Triangles",

"Properties of Congruent Triangles",

"Area of Triangle",

"SAS Congruence Criterion",

"Ratio and Proportion",

"Calculation of Ratio Value"

Pass Rate: 3/8

Visual Elements: 
Quadrilateral","Triangle",
"Angles","Parallel Lines"

Figure 3: A data sample from DeepVision.

matical problem consisting of a textual prob-112

lem statement and the corresponding image.113

• Final Answer: A unique, verifiable answer114

that enables rule-based reward computation115

in RLVR.116

• Pass Rate: The proportion of correct re-117

sponses obtained during model rollouts.118

• Topic: A hierarchical classification indicat-119

ing which branch of mathematics the problem120

belongs to.121

• Knowledge Points: A list of specific mathe-122

matical concepts, theorems, or techniques re-123

quired to solve the problem.124

• Visual Elements: A list of geometric or125

graphical objects depicted in the image, de-126

scribing what visual content should be per-127

ceived and interpreted.128

2.1 Visual Diversity129

To assess the richness of visual content in Deep-130

Vision, we annotated each image with both cate-131

gory and fine-grained type following (Mo et al.,132

2018; Rosin, 2008). As shown in Figure 4, Deep-133

Vision includes diverse visual elements across 6134

categories, each presenting unique perceptual chal-135

lenges.136

We summarized the coverage of each cate-137

gory in Table 1. Notably, DeepVision-Math cap-138

tures cross-category visual combinations and139

real-world items in mathematical contexts, requir-140

ing models to reason across multiple visual repre-141

sentations simultaneously. Examples are provides142

in Appendix A.143

2.2 Broad Coverage144

DeepVision demonstrates exceptional breadth145

across mathematical topics and knowledge points.146

Visual Elements

Planar Geometry Analytic Plot

Solid Geometry Schematic Diagram

Real-World Item Data Chart

Triangle
17,846

Circle
10,213

Square
7873

Rectangle
7123

Angle
6458

Right Triangle
6321

Chord
6062

Parallel Lines
4957

Right Angle
3742

Perpendicular Lines
2368

Trapezoid
2349

Semicircle
2277

Tangent
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Parallelogram
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Quadrilateral
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Arc
1620
Rhombus
906

Sector
826

Equilateral Triangle
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Pentagon
110

Star
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Polygon
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Octagon
32

Cross
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Line
16

Line Segment
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Hexagon
11

Coordinate System
6152

Equation
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General Function Curve
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Linear Graph
1518

Scatter Points
1484

Parabola
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Number Line
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Inequality Region
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Hyperbola
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Analytic Circle
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Sinusoidal Curve
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Exponential Curve
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Orthographic View
3852

Cube
2031

Cuboid
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Cylinder
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Prism
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Tetrahedron
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Cone
602

Net
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Pyramid
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Sphere
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Frustum
169

Flowchart
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Linear Arrangement
2169

Venn Diagram
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Force Diagram
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Tree Diagram
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Circuit
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Real Object
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Character
1057

Household Item
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Plant
557

Scientific Tool
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Architecture
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Scene
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Map
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Vehicle
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Tower
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Apparel
67

Building
62

Food
57

House
51

Boat
37

Car
32

Bike
27

Plane
26

Table
23

Room
22

Bridge
22

Toy
13

Tree
12

Table
1418
Bar Chart
1022

Histogram
931

Pie Chart
813

Line Chart
551

Stem-and-Leaf Plot23

Donut Chart
21

Visual Elements Distribution
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Figure 4: Visual elements distribution in DeepVision.

Category Key Visual Elements

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

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

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

Data Chart Statistical Graphs (Bar, Histogram, Pie, Line),
Structured Data (Tables, Stem-and-Leaf)

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

Real-World Item Objects (Characters, Household Items),
Contextual Scenes (Architecture, Maps, Scientific Tools)

Cross-category Combinations of multiple visual categories

Table 1: Visual categories and element coverage in
DeepVision-103K.

We categorized each problem using a hierarchical 147

topic structure, following the methodology from 148

Qiao et al. (2025). 149
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Figure 5: Mathematical topics distribution in
DeepVision-103K.
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As illustrated in Figure5, our dataset spans four150

major mathematical disciplines, with Geometry151

dominating the distribution, followed by substan-152

tial coverage in Algebra, Probability and Statis-153

tics, and Fundamental Mathematical Skills.154

Within these domains, DeepVision covers an ex-155

tensive range of over 200 specific topics and nearly156

400 distinct knowledge points. This breadth en-157

sures models are exposed to diverse problem-158

solving paradigms, fostering robust and generaliz-159

able reasoning capabilities. Beyond mathematical160

problems that require applying formulas and theo-161

rems, DeepVision incorporates visual logic prob-162

lems from Zebra-CoT (Li et al., 2025)—including163

mazes, chess problems, tangrams — where solu-164

tions emerge primarily from visual perception and165

logical deduction.166

3 Construction of DeepVision167

Figure 6: Curation pipeline for mathematical data in
DeepVision-103K.

We curated our dataset from open-source mul-168

timodal mathematics SFT corpora, including169

MM-MathInstruct-3M (Wang et al., 2025c) and170

MultiMath-300K (Peng et al., 2024). Both datasets171

collect K12 level problems from real educational172

contexts, forming an initial pool of 3.3M samples.173

To derive verifiable data from this extensive yet174

noisy collection, we applied a three-stage curation175

pipeline in Figure 6:176

1. Validity Filtering: Remove problems inher-177

ently unsuitable for RL training, including178

proof-based, descriptive and multi-answer179

questions.180

2. Difficulty Filtering: Calibrate sample diffi-181

culty based on model capability through roll-182

out pass rates.183

3. Query Correctness Verification: Validate184

the correctness of image-question pairs and 185

answers to eliminate corrupted samples. 186

Stage 1: Validity Filtering. Reinforcement 187

learning requires unique and verifiable answers to 188

provide reliable reward signals. In this stage, we 189

first applied rule-based filtering to remove proof 190

or explanation tasks containing keywords such 191

as “prove”, “explain”, “describe”. For the re- 192

maining questions, we employed Qwen3-VL-32B- 193

Instruct (Bai et al., 2025) to analyze each sam- 194

ple, counting the number of answers and determin- 195

ing whether visual information is necessary. Only 196

questions with unique answer and genuinely re- 197

quire visual information were retained. After this 198

stage, we obtained 880K questions. 199

Stage 2: Difficulty Filtering. Data of appropri- 200

ate difficulty is crucial for efficient RL training 201

(Zeng et al., 2025b). DeepMath (He et al., 2025) 202

employs SOTAmodels to annotate difficulty based 203

on human-defined standards, which may not align 204

well with model capabilities (Qiao et al., 2025). 205

We adopt an approach similar to Qwen3-VL (Bai 206

et al., 2025). For each question, we performed 207

8 rollouts using MiMo-VL-7B-SFT (Team et al., 208

2025) and then calculated accuracy with Math- 209

Verify (Kydlíček, 2025). We only retained data 210

with [18 ,
6
8 ] pass rate. Zero pass rate samples were 211

removed as they are too difficult or unverifiable, 212

while those in [78 , 1] were dropped because overly 213

easy data can reduce exploration in RL training 214

(Zeng et al., 2025a). For visual logic data, since it’s 215

well formed from Zebra-CoT (Li et al., 2025), we 216

perform rollout under the same setting with math 217

data, obtaining 26K clean and verifiable training 218

data. Appendix B provides details of this proce- 219

dure. 220

Stage 3: Query Correctness Verification. Cor- 221

rect answers are crucial for providing effective RL 222

rewards, and so are well-formed questions. Al- 223

though we only retained questions with pass rates 224

greater than zero, models still randomly guessed 225

answers for inherently problematic queries (e.g., 226

garbled text or image-text mismatches). To this 227

end, we prompted Gemini-3-Flash (Google, 2025) 228

to (1) verify that each question is complete and free 229

of garbled text, (2) check potential image-text mis- 230

match, and (3) validate the provided answer. Only 231

samples passing all checks were retained. After 232

this final stage, we obtained 77K correct and ver- 233

ifiable QA pairs for RL training. 234
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Model Multimodal Math General Multimodal
WeMath MathVision MathVersevision LogicVista MMMUval MMMUPro M3CoT

Closed-source Models
GPT-5-Nano-High 78.62 58.75 70.3 58.03 70.78 70.64 69.15
Gemini-2.5-Flash-Lite 83.85 52.47 70.3 60.49 64.77 65.08 68.42

Qwen3-VL-8B Series
Qwen3-VL-8B-Instruct 79.36 51.44 67.38 61.16 67.66 67.69 70.83
Qwen3-VL-8B-Thinking 84.54 57.89 72.84 64.73 69.33 70.29 71.31
Qwen3-VL-8B-DeepVision 85.11 55.49 72.46 64.73 71.33 70.29 71.61
MiMo-VL-7B Series

MiMo-VL-7B-SFT-2508 74.42 50.69 72.71 60.71 63.77 60.69 70.02
MiMo-VL-7B-RL-2508 76.95 53.91 76.39 64.28 67.44 63.87 70.57
MiMo-VL-7B-MM-Eureka 79.08 50.00 73.35 61.16 67.67 65.78 70.36
MiMo-VL-7B-MathBook 77.18 51.31 73.60 62.28 66.33 63.47 70.23
MiMo-VL-7B-OpenMMReasoner 83.45 52.97 74.87 61.68 66.78 66.82 78.21 1

MiMo-VL-7B-DeepVision 82.98 55.24 76.26 65.62 71.00 69.19 72.56

Table 2: Performance comparison across multimodal mathematical reasoning and general multimodal benchmarks.
We report Pass@1 accuracy (%). The best results for each model family are shown in bold.

4 Experiments235

In this section, we presented a comprehensive eval-236

uation of the mathematical and general multimodal237

reasoning capabilities of models trained on Deep-238

Vision.239

4.1 Setup240

Models We conducted training on LMMs that241

already possess thinking capabilities, including242

MiMo-VL-7B-SFT-2508 (Team et al., 2025) and243

Qwen3-VL-8B-Instruct (Bai et al., 2025). Both244

models have been exposed to visual reasoning data245

during the pretrain or midtrain stages, exhibiting246

native visual thinking abilities.247

Algorithm We employed GSPO (Zheng et al.,248

2025) for RL training, utilizing rule-based rewards249

based on answer correctness (+1 for correct an-250

swers, 0 otherwise). We specified the required251

response format through prompts, and no addi-252

tional format reward was applied. Detailed train-253

ing configurations and prompts are provided in Ap-254

pendix C.255

Baselines We compared against (1) Closed-256

source models: GPT-5-Nano-High, Gemini-257

2.5-Flash-Lite; (2) Official thinking variants:258

Qwen3-VL-8B-Thinking, MiMo-VL-7B-RL-259

2508; and (3) Open-source datasets: MM-260

Eureka (Meng et al., 2025), human-annotated real261

K12 data; MathBook (Qiao et al., 2025), human262

curated data; OpenMMReasoner (Zhang et al.,263

2025), filtration and combination of prior sources.264

We trained MiMo-VL-7B-SFT-2508 on these265

datasets under the same setting for fair comparison 266

with MiMo-VL-7B-DeepVision. 267

Evaluation We evaluated our models on the fol- 268

lowing benchmarks: (1) Multimodal Math: We- 269

Math (Qiao et al., 2024), MathVersevision (Zhang 270

et al., 2024), MathVision (Wang et al., 2024), 271

and LogicVista (Xiao et al., 2024). (2) Gen- 272

eral Multimodal: M3CoT (Chen et al., 273

2024), MMMUVAL (Yue et al., 2024a) and 274

MMMUPro_full (Yue et al., 2024b). For inference 275

parameters, we set the maximum token length 276

at 32K for all evaluation. Decoding parameters 277

follow the official recommendations. Complete 278

details are provided in Appendix D. 279

4.2 Multimodal Mathematics Reasoning 280

Results 281

As shown in Table 2, training onDeepVision yields 282

strong results in mathematical reasoning. 283

Consistent gains across benchmarks. Com- 284

pared to respective Instruct/SFT baselines, 285

Qwen3-VL-8B-DeepVision and MiMo-VL-7B- 286

DeepVision achieve uniform improvements across 287

all evaluated benchmarks, with gains ranging from 288

2.91% to 8.56%. 289

Substantial improvements. On WeMath and 290

LogicVista, DeepVision models surpass their of- 291

ficial thinking variants and closed-source models. 292

Qwen3-VL-8B-DeepVision reaches sota results 293

on WeMath (85.11%), MiMo-VL-7B-DeepVision 294

reaches sota results on LogicVista (65.62%). On 295

5



MathVision and MathVerse, they exceed or sub-296

stantially narrow the gap with thinking variants.297

Superiority over existing open-source datasets.298

Compared to models trained on other open-source299

datasets, MiMo-VL-7B-DeepVision demonstrates300

clear advantages, highlighting the value of Deep-301

Vision as a high-quality RL training resource.302

4.3 Generalization Beyond Mathematics303

Table 2 shows that DeepVision models generalize304

effectively to general-purpose multimodal tasks,305

achieving consistent improvements over founda-306

tion models and surpassing official thinking vari-307

ants across all three benchmarks. In contrast, mod-308

els trained on other open-source datasets show lim-309

ited improvements in general domains. This dis-310

parity suggests that the diverse visual elements and311

broad domain coverage in DeepVision are crucial312

for enhancing general multimodal reasoning capa-313

bilities, which is further supported by our analysis314

in Sec. 5.2.315

5 Analyses316

Our analyses investigate the following key ques-317

tions:318

Q1: Enhanced Capabilities. What capabilities are319

enhanced after RL on DeepVision-103K?320

Q2: The Value of Visual Logic Data. What role do321

the introduced visual logic tasks (e.g., mazes, tan-322

grams, and games) play in the DeepVision-103K323

dataset?324

Q3: Necessity of query correctness verification.325

Recent studies (Wu et al., 2025; Shao et al., 2025)326

suggest that RLVR can work even under random327

rewards. Is correctness verification step truly nec-328

essary in our data curation pipeline?329

5.1 Enhanced Capabilities330

To investigate how RL on DeepVision improves331

model capabilities, we systematically compared332

Qwen3-VL-8B-Instruct and Qwen3-VL-8B-333

DeepVision across multiple benchmarks. We334

collected cases where DeepVision succeeds but335

Instruct fails and asked human annotators to336

analyze the underlying mechanism following337

Algorithm 1.338

For each sample, annotators cited verbatim evi-339

dence from model response (Figure 8). If no evi-340

dence supports, the sample was labeled as GUESS.341

Our analysis reveals three enhancement types, as342

shown in Figure 7.343

Algorithm 1: Human Annotation Protocol
Input: Query (Image,Text),Ground Truth

y, Incorrect Instruct Response RI ,
Correct DeepVision Response RD

Output: Improvement Mechanism C
1 Analyze visual descriptions in RI

2 if Descriptions contradict Image then
3 Root Cause← Visual Misperception
4 else
5 Root Cause← Incorrect Reasoning
6 end
7 if Root Cause is Visual Misperception then
8 if RD correct at first observation then
9 C ← VISUAL PERCEPTION

10 else
11 if RD corrected via reflection then
12 C ← VISUAL REFLECTION
13 else
14 C ← GUESS
15 end
16 end
17 else if Root Cause is Incorrect Reasoning

then
18 if RD shows valid reasoning chain then
19 C ← REASONING
20 else
21 C ← GUESS
22 end
23 end
24 return C

Figure 7: Enhanced Capabilities

Type I: Enhanced Visual Perception. We 344

observed enhanced “one-shot perception”— 345

DeepVision model correctly identifies geometric 346

shapes, numerical values, and spatial relation- 347

ships in the initial observation, without requiring 348

iterative re-examination (Figure 8). 349

Type II: Enhanced Visual Reflection. When 350

initial perceptual errors occur, DeepVision demon- 351

strates a stronger capacity for genuine visual 352
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As shown in the diagram, the area of the circular ring is 628 
cm². The area of the shaded par t is (    ) cm². (?  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 quar ter circle of radius r.

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

Qwen3-VL-8B-Instruct

Qwen3-VL-8B-DeepVision

 

 

Question

Figure 8: DeepVision model correctly identifies the
shaded region on the first attempt.

re-examination—actively recounting elements,353

remeasuring angles, and re-inspecting spatial354

relationships—whereas the base model tends to355

rephrase conclusions without revisiting the visual356

content (Figure 9).357

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 r ight angle symbol at X

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

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

Qwen3-VL-8B-Instruct

Qwen3-VL-8B-DeepVision

Question

 

 

Figure 9: DeepVision actively re-examines visual con-
tent to correct errors, while the base model merely
rephrases without genuine verification.

Type III: Enhanced Mathematical Reasoning.358

Beyond visual capabilities, RL fine-tuning also359

enhances pure mathematical reasoning. In cases360

where both models correctly extract identical vi-361

sual information, DeepVision demonstrates more362

rigorous mathematical reasoning (Figure 10).363

5.2 The Value of Visual Logic Data364

DeepVision spans two data domains—multimodal365

math and visual logic, which differ in reasoning366

paradigms. Multimodal math requires extracting367

visual evidence and applying mathematical knowl-368

edge (e.g., formulas, theorems, computations) to369

reach an answer. In contrast, visual logic is driven370

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

Part of a triangle is covered by an envelope as shown in the 
diagram. Originally, this tr iangle was (    ).
A. Acute triangle; B. Right triangle; C. Obtuse triangle; D. 
Cannot be determined; E. No correct answer

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

Qwen3-VL-8B-Instruct

Qwen3-VL-8B-DeepVision

 

 

Question

Figure 10: DeepVision systematically enumerates all
possible angle combinations and concludes the type
cannot be determined, while the Instruct model incor-
rectly assumes symmetry without justification.

mainly by visual cues (e.g.,object positions, spa- 371

tial relations, and patterns), with little reliance 372

on explicit mathematical knowledge. Zha et al. 373

(2025) points out that mixing heterogeneous do- 374

mains may introduce interference and conflicting 375

gradients, potentially harming learning. This mo- 376

tivated us to examine whether introducing visual- 377

logic data is indeed beneficial, and how each do- 378

main contributes to the final performance. 379

We performed controlled ablations by varying 380

the training data composition while keeping the 381

data exposure comparable. In our full setting 382

(DeepVision-103K200), our final model, MiMo- 383

VL-7B-DeepVision, was trained for 200 steps on a 384

3:1 mixture of multimodal math (77K) and visual 385

logic (26K). We evaluated three single-domain 386

counterparts: 387

• Math-77K150: math only for 150 steps (same 388

math exposure as DeepVision200). 389

• Math-77K200: math only for 200 steps (same 390

total exposure as DeepVision200). 391

• Visual-logic-26K50: visual logic only for 392

50 steps (same visual logic exposure as 393

DeepVision200). 394

Results in Table 3 show that scaling math train- 395

ing is consistently beneficial: both math-only vari- 396

ants outperform the base model, and extending 397

training from 150 to 200 steps improves every 398

benchmark. Howerver, math alone is not sufficient 399

to reach the best performance. Under the same total 400

exposure, Math-77K200 underperforms the mixed 401
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Data Composition Multimodal Math General Multimodal
WeMath MathVision MathVerse LogicVista Avg. MMMUval MMMUpro M3CoT Avg.

MiMo-VL-7B 74.42 50.69 72.71 60.71 64.63 63.77 60.69 70.02 64.83
DeepVision-103K200 82.98 55.23 76.26 65.92 70.10 71.00 69.19 72.56 70.92
w/o visual logic data

Math-77K150 81.67 54.83 74.23 63.98 68.68 70.00 68.55 72.09 70.21
Math-77K200 82.07 55.72 74.74 63.53 69.02 68.50 69.67 72.65 70.27

w/o multimodal math data
Visual-logic-26K50 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 3: Ablation studies on data composition and quality. We report Pass@1 accuracy (%) across mathematical
reasoning and general multimodal benchmarks. All experiments used MiMo-VL-7B-SFT-2508 as the base model.

setting on math average (69.02% vs. 70.10%) with402

a clear gap on LogicVista (63.53% vs. 65.92%).403

These results indicate that introducing visual404

logic data is valuable, and is further supported by405

the visual logic-only setting (Visual-logic-26K50),406

which improves over the foundation model across407

all benchmarks, demonstrating positive transfer408

from visual logic to both mathematical and general409

evaluations. We attribute these gains to two fac-410

tors: (i) spatial reasoning and pattern recognition411

are broadly useful primitives shared across mathe-412

matical and general multimodal tasks, and (ii) vi-413

sual logic training directly strengthens these prim-414

itives while multimodal math alone does not suffi-415

ciently cultivate.416

5.3 Necessity of query correctness417

verification.418

After pass-rate filtering, we obtained 99k samples419

calibrated to the model’s capability. To ensure the420

validity of the reward signals in RLVR, we fur-421

ther applied Gemini-3.0-Flash to remove samples422

with garbled text or image–text mismatches, and423

filtered out samples whose answers were inconsis-424

tent with Gemini’s solutions, discarding an addi-425

tional 22K samples. However, Wu et al. (2025);426

Shao et al. (2025) has suggested that LLMs can im-427

prove even under spurious rewards, raising doubts428

about whether strict query correctness is essential429

for RLVR. To investigate this, we evaluated an un-430

verified variant (Unverified-125K200) which was431

trained 200 steps on the 99k unverified math data432

and 26k visual logic data.433

Table 3 shows that Unverified200 improves over434

the base model, but remains substantially worse435

than DeepVision200 (67.93% vs. 70.10% on math436

average; 69.61% vs. 70.92% on general average).437

This indicates that query correctness verification438

is necessary because corrupted inputs or incorrect 439

answers hinder the model’s progress�highlighting 440

that accurate and reliable reward signals are cru- 441

cial for multimodal RLVR. 442

6 Conclusion 443

We present DeepVision-103K, a large-scale and 444

verifiable multimodal dataset for RLVR, curated 445

from diverse real-world K12 sources via a three- 446

stage pipeline of validity filtering, pass-rate-based 447

difficulty calibration, and query correctness ver- 448

ification. DeepVision-103K incorporates wide- 449

rangingmultimodalmathematical problems and vi- 450

sual logic problems, and covers major visual cate- 451

gories including geometry, analytic plots, charts, 452

and real-world items in mathematical contexts. 453

Training on DeepVision-103K yields top perfor- 454

mance on both mathematical and general multi- 455

modal tasks. Our further analysis reveals enhanced 456

visual perception, reflection and reasoning capabil- 457

ities for models trained on DeepVision-103K. We 458

point out multimodal math data and visual logic 459

data contribute to each other in multimodal reason- 460

ing, and show the importance of query correctness 461

in multimodal RLVR training. 462

7 Limitations 463

WhileDeepVision-103K substantially increases vi- 464

sual diversity, the distribution is imbalanced (e.g., 465

planar geometry dominates), and some rare ele- 466

ment types remain underrepresented. our pipeline 467

relies on strong external models (e.g., Gemini) for 468

query correctness verification, which may intro- 469

duces potential bias and additional cost, and may 470

filter out a small portion of valid but hard samples. 471

Our dataset focuses on K12-level problems with 472

unique final answers to enable verifiable rewards; 473
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thus it does not fully cover open-ended mathemat-474

ical tasks (e.g., proof writing, multi-solution prob-475

lems) that require richer evaluation signals.476
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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) ? ?

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

Image?

Figure 11: Solid Geometry & Analytic Plots.

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; \(\sqrt2\approx1.41,\ \sqrt3\approx1.73\).)

Visual Elements: 
Planar Geometry: Triangle, Angles, Parallel Lines, 
Perpendicular Lines
Solid Geometry: Cylinder
Charts and Diagrams: Mechanical Diagram

Image?

Figure 12: Planar Geometry & Solid Geometry & Ana-
lytic Plots.

B Data Construction693

For math data, wo did use all the data within [18 ,
4
8 ]694

pass rate. But did not use all the [58 ,
6
8 ] data (as the695

are too much), we recall them by knowledge points696

which has a low distribution in [18 ,
4
8 ] pass rate data.697

For visual logic data, we only used tangrams,698

maze, chess data from Zebra-CoT (Li et al., 2025),699

with pass rate at [38 ,
4
8 ]. This choice was made to700

broaden the training distribution while keeping the701

dataset size manageable.702

We list the data collection protocol of our data-703

source.704

Data Source License
MM-MathInstruct-3M (Wang
et al., 2025c)

Apache 2.0https:
//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) cc-by-nc-4.0 https:
//huggingface.
co/datasets/
multimodal-reasoning-lab/
Zebra-CoT

Table 4: Licenses and usage permissions for the data
sources used in this work.

C Training Details 705

We used verl as the training framework. Config- 706

urations for training DeepVision series models are 707

listed in Table 5.

Config Value

lr 1e-6
kl_coef 1e-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 1e-3
clip_ratio_high 1e-4
temperature 1.0
rollout.n 16
total_training_steps 200

Table 5: Configurations for training DeepVision series
models.

708

We used 32 H20 GPU for a single training, a 709

training step cost 0.5h. We used the following 710

prompt template during training and evaluation. 711

1Extremely high because OpenMMReasoner includes
ViRL-39K(Wang et al., 2025b), which includes M3CoT.
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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.

712

D Evaluation Details713

We provide detailed information about the bench-714

marks used for evaluation and the inference hyper-715

parameters for each model.716

D.1 Benchmarks717

We evaluated our models across three categories of718

benchmarks, as summarized in Table 6.719

Table 6: Overview of evaluation benchmarks.

Category Benchmark #Samples Reference

Multimodal Math

WeMath 1,740 (Qiao et al., 2024)
MathVision 3,040 (Wang et al., 2024)
MathVersevision 788 (Zhang et al., 2024)
LogicVista 448 (Xiao et al., 2024)

General Multimodal
M3CoT 2,318 (Chen et al., 2024)
MMMUval 900 (Yue et al., 2024a)
MMMUPro_full 1,730 (Yue et al., 2024b)

Text-only Math AIME 2025 30 (Zhang and Math-AI, 2025)
HMMT 2025 30 (Balunović et al., 2025)

D.2 Inference Hyperparameters720

We used different inference hyperparameters for721

different model families to ensure optimal perfor-722

mance. The detailed configurations are listed in723

Table 7.724

Table 7: Inference hyperparameters for eachmodel fam-
ily.

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 1.5 –
max_tokens 32,768 32,768 32,768

For Qwen3-VL-DeepVision models, we725

adopted the same hyperparameters as Qwen3-VL-726

Instruct. For MiMo-VL-DeepVision, we adopted727

the same hyperparameters as MiMo-VL.728

D.3 Evaluation Method729

For each benchmark, we first calculate accuracy730

with MathVerify (Kydlíček, 2025), then prompt731

GPT-5-mini to re-judge cases marked as incorrect732

by MathVerify to reduce false negatives caused by733

parsing errors, equivalent expressions, or format- 734

ting variations. We use the revised judgment as 735

the final label. 736

E Potential Risks 737

We do not anticipate significant potential risks 738

from this work. DeepVision-103K is derived from 739

publicly available K12-level educational content 740

and is designed for verifiable-answer multimodal 741

reasoning rather than sensitive decision-making. 742

The dataset contains no personal identifiers, and 743

our curation process filters out corrupted or unsafe 744

samples. 745
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