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Abstract001

Multimodal large language models (MLLMs)002
have demonstrated strong capabilities on003
vision-and-language tasks. However, recent004
findings reveal an imbalance in their reasoning005
capabilities across visual and textual modalities.006
Specifically, current MLLMs often over-rely007
on textual cues while under-attending to visual008
content, resulting in suboptimal performance009
on tasks that require genuine visual reasoning.010
We refer to this phenomenon as the modality011
gap, defined as the performance disparity be-012
tween text-centric and vision-centric inputs. In013
this paper, we analyze the modality gap through014
the lens of training recipes. We first show that015
existing training recipes tend to amplify this016
gap. Then, we systematically explore strategies017
to bridge it from two complementary perspec-018
tives: data and loss design. Our findings pro-019
vide insights into developing training recipes020
that mitigate the modality gap and promote a021
more balanced multimodal reasoning.022

1 Introduction023

Multimodal large language models (MLLMs) have024

shown exceptional reasoning capabilities on com-025

plex tasks that require multimodal reasoning. How-026

ever, recent studies (Zhang et al., 2024; Li et al.,027

2025) reveal a reasoning imbalance: these mod-028

els often rely heavily on textual cues while under-029

exploiting visual information when generating an-030

swers. This over-reliance on text leads to subop-031

timal results on tasks that require genuine visual032

reasoning. We refer to this phenomenon as the033

modality gap. As exemplified in Figure 1, when034

critical information present in the visual modality035

is removed from the text, MLLMs fail to answer036

questions that could have been correctly answered037

when the full text was provided, highlighting their038

insufficient visual reasoning.039

To understand the origin of this imbalance, we040

focus on the training recipes of current MLLMs.041

The Visual “Blindness” of MLLM

• Observation: MLLM shows a significant performance gap
between these two settings:

In parallelogram ACDE, AE //
DC, ED // AC, ..., ED=15cm.
Find the area of ACDE.

Given the diagram, find the area

of parallelogram ACDE.

Figure 1: Current MLLMs exhibit an imbalance be-
tween visual and textual reasoning. When information
present in the visual modality is removed from the text,
the MLLM fails to answer the question.

An important observation is that many training sam- 042

ples contain overlapping information across the 043

textual and visual modalities. In such cases, it 044

may be easier for MLLMs to rely on the already 045

complete textual information rather than engage in 046

visual reasoning. We hypothesize that this train- 047

ing process largely contributes to the modality gap. 048

Our preliminary evidence supports this view: un- 049

der standard training setups, the gap between text- 050

and vision-centric performance widens over time, 051

underscoring the need for more balanced training 052

strategies. 053

Building on these insights, our goal is to identify 054

improved training recipes for MLLMs that jointly 055

① ensure the effective use of visual information 056

and ② maintain or enhance overall reasoning abil- 057

ity in the targeted domains. We approach this prob- 058

lem from two perspectives: data and loss. From 059

the data perspective, we consider vision-centric 060

and text-centric data in supporting balanced mul- 061

timodal reasoning and explore how simple data 062

mixing and carefully designed curriculum strate- 063

gies can leverage the strengths of both modalities. 064

From the loss perspective, we propose a KL-based 065

self-distillation objective that transfers reasoning 066

competence from full-text to partial-text inputs, 067

preserving general reasoning performance while 068

strengthening visual grounding. Our key contribu- 069
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tions are as follows:070

• We establish a diagnostic that reveals a con-071

sistent discrepancy between text-centric and072

vision-centric performance across a range of073

public and private MLLMs at different scales.074

Furthermore, we show that current training se-075

tups widen this discrepancy, underscoring the076

need for targeted recipes beyond naïve RL.077

• We propose improved RL training recipes078

from the perspectives of data and loss, de-079

signed to preserve reasoning competence in080

the textual modality while reducing the rea-081

soning gap across modalities.082

2 Related Work083

2.1 Multimodal Large Language Models084

Multimodal Large Language Models (MLLMs)085

have emerged as powerful tools that integrate visual086

and textual information to perform a wide range087

of tasks, including image captioning, visual ques-088

tion answering, and geometric reasoning. Notable089

MLLMs include Qwen2.5-VL series (Bai et al.,090

2025; Wang et al., 2024; Bai et al., 2023), VL-091

Rethinker series (Wang et al., 2025a), MiniCPM092

series (Yao et al., 2024), InternVL3.5 series (Wang093

et al., 2025b), Kimi-VL series (Team et al., 2025b),094

Gemma series (Team et al., 2025a), GPT-5 (Ope-095

nAI, 2025) and Gemini (Comanici et al., 2025).096

These models typically employ a combination of097

pre-trained vision encoders and large language098

models, fine-tuned on multimodal datasets to en-099

hance their understanding and generation capabili-100

ties across both modalities.101

2.2 Visual Reasoning in MLLMs102

Visual reasoning is a critical capability for MLLMs,103

enabling them to interpret and reason about visual104

content in conjunction with textual information.105

Recent studies like MathVerse (Zhang et al., 2024)106

have highlighted the challenges MLLMs face in107

effectively utilizing visual information, often de-108

faulting to text-based cues. This has led to the109

identification of the modality gap, where models110

perform significantly better on text-centric tasks111

compared to vision-centric ones.112

To address this issue, various approaches have113

been proposed, including specialized training114

datasets (Liu et al., 2024; Li et al., 2024; Gao115

et al., 2023), model architecture design (Lu et al.,116

2024; Bigverdi et al., 2025), and loss functions117

Model Dataset Text Vision Avg Gap

Qwen2.5-VL 3B PGPS9K 23.97 18.12 21.05 5.85
MathVerse 35.68 28.66 31.47 7.02

Qwen2.5-VL 7B PGPS9K 37.75 29.98 33.87 7.77
MathVerse 55.01 45.76 51.10 9.25

MiniCPM-V-4 PGPS9K 34.70 30.20 32.45 4.50
MathVerse 44.35 37.21 40.07 7.14

Gemma-3-4b-it PGPS9K 40.50 26.12 35.59 14.38
MathVerse 42.36 33.50 37.05 8.86

Kimi-VL-A3B PGPS9K 40.57 31.32 35.95 9.25
MathVerse 57.91 48.27 51.23 9.64

VL-Rethinker 7B PGPS9K 40.45 36.05 38.25 4.40
MathVerse 65.42 57.28 60.53 8.14

InternVL3.5 8B PGPS9K 52.18 39.65 45.92 12.53
MathVerse 66.68 54.19 59.19 12.49

Qwen3-VL PGPS9K 69.70 66.99 68.35 2.71
MathVerse 64.06 60.89 61.67 3.17

GPT-51 PGPS9K 94.00 80.00 87.00 14.00
MathVerse 76.67 63.33 70.00 13.34

Gemini 2.5 Flash1 PGPS9K 92.00 74.00 83.00 18.00
MathVerse 86.96 77.78 82.00 9.18

Table 1: Base model performance.

that encourage visual attention (Luo et al., 2024; 118

Li et al., 2025; Wang et al., 2025c). In this paper, 119

we build upon these foundations by exploring RL- 120

based methods to enhance visual reasoning while 121

mitigating the modality gap. 122

3 Modality Gap in MLLMs 123

We begin by quantifying the modality gap across a 124

range of open-source and commercial MLLMs. To 125

illustrate this gap, we consider two kinds of data: 126

• D1: Text-centric. All necessary information is 127

contained within the provided text, and the MLLM 128

can solve the problem through textual reasoning. 129

• D2: Vision-centric. Some necessary information 130

is present in the image but not in the text, requiring 131

the MLLM to perform visual reasoning to success- 132

fully solve the problem. 133

To construct D1 and D2, we draw upon two chal- 134

lenging visual reasoning datasets: PGPS9K (Zhang 135

et al., 2023) and MathVerse (Zhang et al., 2024). 136

In PGPS9K, each question consists of a textual 137

condition and a question statement, accompanied 138

by a fully annotated figure that specifies entities 139

and their relations. Accordingly, we define D1 as 140

the setting where both the image and text provide 141

complete information, and D2 as the setting where 142

information present in the image has been removed 143

from the text. For MathVerse, following prior 144

work, we define D1 and D2 subsets to focus respec- 145

tively on text (Text-Dominant and Text-Lite subsets) 146

and vision (Vision-Intensive, Vision-Dominant, and 147

1Due to API costs, the results are evaluated on a subset of
50 test samples.
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Model Text-centric Vision-centric Avg

Qwen2.5-VL 3B 23.97 18.12 21.05
Qwen2.5-VL 3B D1 62.08 44.80 52.49
Qwen2.5-VL 3B D2 51.18 50.50 50.84

Qwen2.5-VL 7B 37.75 29.98 33.87
Qwen2.5-VL 7B D1 74.22 53.77 64.00
Qwen2.5-VL 7B D2 63.42 60.40 61.91

Table 2: Standard RL training on PGPS9K Results.

Vision-Only subsets) reasoning capabilities. Further148

details of the datasets are provided in Appendix A.149

Metrics. We report the text-centric and vision-150

centric performance measured on D1 and D2. In151

addition, we report the overall performance as the152

average accuracy across D1 and D2.153

Direct Inference Results. We begin by evalu-154

ating a series of off-the-shelf MLLMs. The re-155

sults are summarized in Table 1. Across both the156

PGPS9K and MathVerse datasets, we observe a157

consistent modality gap: text-centric performance158

is consistently higher than vision-centric perfor-159

mance across various open-source and commer-160

cial models of different sizes. Moreover, stronger161

MLLMs tend to exhibit a larger performance gap.162

This discrepancy underscores the need for targeted163

strategies to enhance the visual reasoning capabili-164

ties of MLLMs.165

Effect of Standard RL Training. Next, we ex-166

plore how standard training influences the modality167

gap. In this experiment, we apply DAPO (Yu et al.,168

2025) to fine-tune Qwen2.5-VL (3B and 7B) under169

both D1 and D2 settings from the PGPS9K train-170

ing set. Note that all figures in D1 and D2 have171

their entities, relations, and other geometric prop-172

erties explicitly annotated. Thus, the model can173

always obtain complete information related to the174

question from the image. As shown in Table 2,175

training on D1 primarily improves text-centric per-176

formance but enlarges the modality gap as train-177

ing progresses, whereas training on D2 strengthens178

vision-centric performance and narrows the gap,179

though at the expense of overall accuracy.180

Moreover, as shown in Figure 2, during standard181

training on D1, the modality gap progressively in-182

creases with training steps. These observations183

indicate that the standard training recipe is insuffi-184

cient to resolve the modality gap in MLLMs, high-185

lighting the need for more nuanced training strate-186

gies.187
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Qwen-2.5-VL 7B  Text Centric
Qwen-2.5-VL 7B  Vision Centric

Figure 2: Standard training recipe widens modality gap.

4 Mitigating Modality Gap 188

In this section, we investigate an improved RL train- 189

ing recipe from two complementary perspectives 190

to enhance the visual reasoning ability of MLLMs: 191

• Data. We explore two training strategies: ① 192

mixed training, which combines D1 (full-text) and 193

D2 (partial-text) samples to expose models to both 194

text- and vision-centric inputs; and ② curriculum 195

training, which first trains on D1 to consolidate 196

reasoning under textual guidance, and then shifts 197

to D2 to strengthen image-based reasoning and 198

reduce shortcut reliance. 199

• Loss. We introduce a KL-based self-distillation 200

loss to align the model’s output distribution on D2 201

with that on D1, thereby preserving core reasoning 202

ability while enhancing visual understanding. 203

4.1 Data Perspective 204

Implementation. We compare mixed training 205

and curriculum training, matching the total training 206

budget (details in Appendix E). Curriculum train- 207

ing splits steps evenly: Stage 1 on D1, followed by 208

Stage 2 on D2. 209

Result. As summarized in Table 3, curriculum 210

training generally matches or surpasses mixed-data 211

training in both in-distribution (PGPS9K) and out- 212

of-distribution (MathVerse) evaluations. Intuitively, 213

Stage 1 on D1 consolidates general reasoning and 214

solution formatting under rich textual guidance; 215

Stage 2 on D2 then compels stronger visual ground- 216

ing. This two-stage approach effectively improves 217

both text-centric and vision-centric performance. 218

4.2 Loss Perspective 219

Implementation. We introduce a contrastive self- 220

distillation KL loss to transfer reasoning from 221

full-text (D1) to partial-text (D2) inputs. Given 222

paired prompts (x(1), x(2)), and a correct response 223
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In parallelogram ACDE, AE // 
DC, ED // AC, ..., ED=15cm. 
Find the area of ACDE. 

Given the diagram, find the 
area of parallelogram ACDE. 

Data Perspective Loss Perspective

Training Stages

Dt

D1

KL Divergence

Multimodal LLM

copy
D2

Full Text

Partial Text

Partial Text

Full Text Full Text Partial Text

Response Response

Figure 3: We consider two types of data: ❶ both text and image contain complete information, referred to as full
text; and ❷ the text omits information already present in the image, referred to as partial text. We then analyze
better training recipe from both data and loss perspectives.

PGPS9K MathVerse

Training Strategy Text Vision Avg Text Vision Avg

Qwen2.5-VL 3B
Mixed training 57.93 52.80 55.37 46.07 41.11 43.09
Curriculum Stage 1 (D1) 58.40 41.63 50.02 49.37 43.17 45.65
Curriculum Stage 2 (D1→D2) 59.78 54.00 56.89 49.02 43.69 45.82

Qwen2.5-VL 7B
Mixed training 70.10 65.65 67.88 54.93 48.33 50.97
Curriculum Stage 1 (D1) 73.05 52.72 62.89 49.95 44.42 46.63
Curriculum Stage 2 (D1→D2) 70.60 66.30 68.45 56.95 50.60 53.14

Table 3: Data mixing and curriculum training results

PGPS9K MathVerse

Training Strategy Text Vision Avg Text Vision Avg

Qwen2.5-VL 3B
Plain RL on D1 58.40 41.63 50.02 49.37 43.17 45.65
w/ KL 58.10 45.47 51.79 49.57 43.67 46.03
w/ KL + Curriculum 61.22 55.27 58.25 47.08 42.23 44.17

Qwen2.5-VL 7B
Plain RL on D1 73.05 52.72 62.89 49.95 44.42 46.63
w/ KL 73.28 54.30 63.79 57.00 48.79 52.07
w/ KL + Curriculum 73.42 67.87 70.65 53.76 48.55 50.63

Table 4: Loss perspective results.

ŷ sampled from πθ(· | x(1)), we align the partial-224

text distribution pt := πθ(· | ŷ<t, x
(2)) with the225

frozen full-text distribution qt := stopgrad[πθ(· |226

ŷ<t, x
(1))] via a time-averaged forward KL:227

LcKL(θ) =
1

T

T∑
t=1

KL
(
pt ∥ qt

)
. (1)228

The forward KL encourages the model’s re-229

sponse distribution under partial-text inputs to230

cover the high-confidence region of its own dis-231

tribution under full-text inputs. In practice, this KL232

loss is computed for all rollouts (without DAPO233

roll out batch group filtering) and added to the RL234

objective with weight α = 0.01, providing a dense235

learning signal and helping maintain the overall236

training loss optimization process stable. After237

the contrastive KL loss has stabilized, the model238

is further fine-tuned on D2 to enhance its visual239

reasoning ability.240

Result. We compare three training strategies in 241

Table 4: ① Plain RL on D1, ② with KL, i.e., 242

adding the contrastive KL loss, and ③ with KL + 243

Curriculum, where the KL-trained model is subse- 244

quently fine-tuned on D2. From the in-distribution 245

results on PGPS9K, both KL and KL + Curricu- 246

lum consistently outperform the plain baseline, 247

confirming that the KL term effectively trans- 248

fers reasoning ability and stabilizes the optimiza- 249

tion process. However, on the out-of-distribution 250

dataset MathVerse, the improvements are less con- 251

sistent, likely due to annotation and representa- 252

tion mismatches between the datasets. Specifically, 253

PGPS9K provides explicit geometric cues, whereas 254

MathVerse often omits such markings, weakening 255

cross-domain transfer. We analyze this mismatch 256

further in Appendix H. Overall, the KL loss en- 257

hances general reasoning ability, while the sub- 258

sequent curriculum fine-tuning slightly degrades 259

out-of-distribution performance, reflecting the im- 260

pact of differing annotation styles across datasets. 261

Please refer to Appendix G for more comparisons 262

with baseline methods and Appendix F for addi- 263

tional ablation studies. 264

5 Conclusion 265

We present a systematic study on reducing the 266

modality gap of MLLMs through reinforcement 267

learning. Our experiments show that curriculum 268

training effectively balances text-centric and vision- 269

centric reasoning, and a KL-based self-distillation 270

loss transfers reasoning competence from text-rich 271

to vision-centric inputs. Together, these findings 272

yield practical guidance: favor curriculum + con- 273

trastive KL to build MLLMs with stronger and 274

more balanced visual reasoning capabilities. 275
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Limitations276

Our proposed training recipe relies on constructing277

paired text-centric and vision-centric data, which278

currently leverages the detailed annotations of the279

PGPS9K geometry dataset. While we demonstrate280

that this method enhances performance across both281

domain-specific and general multimodal bench-282

marks (as shown in Appendix G), extending this283

data construction strategy to broader, less struc-284

tured VQA tasks remains a challenge. Future work285

will explore automated methods to generate such286

training pairs for diverse domains, further validat-287

ing the scalability of our approach.288
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A Dataset Details424

PGPS9K. PGPS9K is a large-scale, human-425

annotated dataset containing over 9000 plain-426

geometry questions, split into 8000 training and427

1000 test samples.428

Each question comprises two components: a429

textual condition and a question statement. The430

textual condition fully specifies the geometric con-431

struction—listing entities such as points, lines, and432

circles and relations including parallelism, perpen-433

dicularity, and congruence—while the question434

statement queries a particular geometric property435

(e.g., the length of a segment or the measure of an 436

angle). 437

All figures include explicit annotations of en- 438

tities and relations, which we refer to as full- 439

condition images. All questions are free-form and 440

admit a unique numerical answer. 441

Based on these full-condition images, we define 442

two dataset settings: 443

• D1: Full-condition question + full- 444

condition image. The textual condition 445

fully specifies the geometry, resembling text- 446

centric setups in typical VQA or reasoning 447

datasets. 448

• D2: Question only + full-condition image. 449

The textual condition is omitted, requiring the 450

model to infer the geometry directly from the 451

image, resulting in a more vision-centric and 452

challenging setting. 453

MathVerse. We adopt the open-source subset 454

testmini of the MathVerse dataset as our out-of- 455

distribution evaluation benchmark. 456

MathVerse contains two types of questions: 457

multiple-choice and free-form questions, covering 458

a broad range of visual-mathematical reasoning 459

scenarios. 460

The subset used in our experiments includes 778 461

unique base questions, each instantiated into five 462

variations: Text Dominant, Text Lite, Vision Inten- 463

sive, Vision Dominant, and Vision Only, yielding 464

a total of 3890 evaluation samples. These varia- 465

tions are designed to progressively reduce textual 466

information while increasing dependence on visual 467

cues, thus providing a systematic means of assess- 468

ing the visual reasoning capability of multimodal 469

large language models (MLLMs). 470

For evaluation, we report three metrics: ① the 471

average accuracy across all five variations, ② the 472

average accuracy on the three vision-centric vari- 473

ations (Vision Intensive, Vision Dominant, and Vi- 474

sion Only), and ③ the average accuracy on the 475

two text-centric variations (Text Dominant and Text 476

Lite). 477

B Evaluation 478

All results reported in this paper are obtained by 479

sampling four responses per question (with a 480

maximum response length of 4096 tokens) and av- 481

eraging Pass@1 across the samples. 482

For PGPS9K, we extract the final numerical an- 483

swer from each response using regular expressions 484
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and compare it to the ground truth answer, which485

is also a number. A response is considered correct486

if the relative error is within 10−2.487

For MathVerse, we also extract the final numer-488

ical answer from each response using regular ex-489

pressions. However, since MathVerse includes both490

multiple-choice and free-form questions, we eval-491

uate them differently: for multiple-choice ques-492

tions, a response is correct if the extracted answer493

matches the correct choice; for free-form questions,494

a response is correct if the relative error is within495

5× 10−2.496

C Complete Prompt497

System Prompt
FIRST think about the reasoning process as an inter-
nal monologue and then provide the final answer. The
reasoning process MUST BE enclosed within <think>
</think> tags. The final answer MUST BE put in
\boxed{<final answer>}.
Input Image Example:

Prompt For Text-centric Task
In this problem, CB ⊥ CA at C, AC = 24, BC = x,
AB = y, and m∠CBA = 30◦. Based on these
conditions, answer the question: Find y.
Prompt For Vision-centric Task
Based on the conditions in the image, answer the question:
Find y.

498

D Dynamic sAmpling Policy499

Optimization(DAPO) Overview500

DAPO(Yu et al., 2025) serves as the base RL train-501

ing method in our pipeline. For clarity, relative to502

the standard GRPO framework, DAPO introduces503

the following modifications:504

• Clip-Higher. DAPO decouples the lower505

and upper clipping ranges (-low,-high) of the506

importance-sampling ratios and enlarges the507

upper bound. This mitigates entropy collapse508

and improves exploration by allowing greater509

flexibility for low-probability exploration to-510

kens during policy updates.511

• Dynamic sampling. DAPO filters out512

prompts whose response groups are uni-513

formly correct or uniformly incorrect, as these514

prompts do not generate meaningful gradi-515

ents under GRPO. Since this filtering re-516

duces the effective batch size, DAPO oversam-517

ples prompts that yield non-trivial advantages518

to maintain a sufficient number of gradient- 519

contributing samples. This increases the den- 520

sity of useful training signals and improves 521

the stability of GRPO-style updates. 522

• Token-level policy gradient loss. In vanilla 523

GRPO, all token log-probability terms within 524

a response are averaged first, and this aver- 525

aged value becomes the sample’s sole con- 526

tribution to the update. Consequently, sam- 527

ples of different lengths receive equal weight, 528

which dilutes the gradients of long chain-of- 529

thought responses and overemphasizes short 530

responses. DAPO eliminates this sample-level 531

averaging and aggregates losses at the token 532

level. Each token therefore contributes di- 533

rectly to the optimization objective, prevent- 534

ing long responses from being under-weighted 535

and enabling finer-grained credit assignment. 536

This produces more stable updates in long 537

sequence RL and ensures that informative rea- 538

soning steps and error-inducing tokens are ap- 539

propriately reflected in the gradient signal. 540

• Overlong reward shaping. To address in- 541

stability caused by excessively long or trun- 542

cated responses, DAPO applies a length- 543

aware penalty known as Soft Overlong Punish- 544

ment. When a response exceeds a predefined 545

maximum length, DAPO introduces a punish- 546

ment interval in which the penalty increases 547

smoothly with response length. Shorter re- 548

sponses receive no penalty, while severely 549

overlong responses receive a fixed maximum 550

penalty. This penalty is added to the rule- 551

based correctness reward to discourage unnec- 552

essarily long outputs while preserving valid 553

reasoning content. This mechanism reduces 554

reward noise from truncation and prevents 555

models from exploiting longer outputs to ma- 556

nipulate rewards. 557

E Training Setup 558

All training for RL and ablations is conducted on 559

the PGPS9K training set, and evaluation is per- 560

formed on the PGPS9K test split and the Math- 561

Verse testmini subset. All reinforcement learning 562

experiments are conducted with DAPO under the 563

following configuration: 564

Clipping ratios. Lower and upper clipping 565

thresholds are set to 0.2 and 0.28, with an addi- 566

tional coefficient c = 10.0 for actor-critic stability. 567
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Model Text-centric (D1) Vision-centric (D2) Text-only Gap

Qwen3B Base Model 23.97 18.12 16.10 −2.02
Qwen3B Plain RL 240 56.50 46.45 46.82 0.37
Qwen3B Plain RL 320 62.08 44.80 48.70 3.90

Qwen7B Base Model 37.75 29.98 32.95 2.97
Qwen7B Plain RL 200 72.68 53.17 60.02 6.85
Qwen7B Plain RL 280 74.22 53.77 62.10 8.33

Table 5: Ablation results under a fixed training dis-
tribution. All models are trained exclusively on the
Text-centric (D1) subset. The gap (Text-only − Vision-
centric) increases consistently with additional RL steps,
indicating that reinforcement learning disproportion-
ately strengthens text-based reasoning.

Overlong responses. To handle long genera-568

tions, we use a buffer length of 1024, enable buffer569

control, and apply a penalty factor of 1.0 when570

responses exceed this limit.571

Training configuration. Batch size is 512 and572

mini-batch size is 128, with maximum prompt573

length of 1024 and maximum response length of574

4096. The learning rate is fixed at 1× 10−6.575

Stopping criterion. Unless otherwise noted,576

training is stopped once the DAPO parameter577

num_gen_batches reaches 10, which means that578

10 rollout steps are required to accumulate one gra-579

dient update.580

Models. We use Qwen2.5-VL 3B and 7B as our581

base models, which are open-source MLLMs with582

strong performance on visual reasoning tasks.583

Computing Infrastructure. All experiments584

are conducted on 8 H100 GPUs with 80GB mem-585

ory each. Each training run takes approximately586

24 hours for Qwen2.5-VL 3B and 48 hours for587

Qwen2.5-VL 7B.588

These settings are used consistently across all589

experiments to ensure comparability.590

F Ablation on RL under a Fixed Training591

Distribution592

To determine whether the observed modality gap593

is caused by RL training itself, rather than by a594

train–test distribution mismatch induced by splits595

of PGPS9K, we conduct a controlled evaluation in596

which the training distribution is strictly fixed. All597

models are trained exclusively on the Text-centric598

(D1) subset of PGPS9K, where both full textual599

descriptions and images are available. No modality-600

ablated subsets are used during training, and all RL601

updates are derived solely from this data.602

After training, the same model checkpoints are603

evaluated under three inference settings: (1) Text-604

centric (D1), which includes both complete text605

and image inputs; (2) Vision-centric (D2), where606

textual descriptions are omitted, leaving only im- 607

ages and questions; and (3) Text-only, where im- 608

ages are withheld, providing only textual descrip- 609

tions and questions. Since the training data distribu- 610

tion is identical across all models, performance dif- 611

ferences across evaluation settings reflect changes 612

in inference behavior rather than distribution mis- 613

match. 614

Table 5 reports the results for Qwen models of 615

different sizes and RL training steps. As RL pro- 616

gresses, performance improves consistently across 617

all evaluation settings; however, the improvement 618

is not uniform. Specifically, performance in the 619

Text-only setting increases more rapidly than in 620

the Vision-centric setting. For both 3B and 7B 621

models, later-stage RL checkpoints exhibit higher 622

accuracy in the Text-only setting compared to the 623

Vision-centric setting, even though the models were 624

never explicitly trained on text-only data. 625

This asymmetric improvement leads to a widen- 626

ing gap between text-only and vision-centric per- 627

formance as RL steps increase. In contrast, base 628

models exhibit a much smaller gap, sometimes per- 629

forming comparably or even better in the Vision- 630

centric setting. Because all models are trained on 631

the same Text-centric (D1) dataset, these results 632

indicate that reinforcement learning intrinsically bi- 633

ases optimization toward text-dominant reasoning, 634

thereby amplifying the modality gap even when the 635

training distribution is held constant. 636

G Comparison With Other Baseline 637

Methods and General Benchmarks 638

To provide a direct comparison with existing base- 639

line methods and assess the effectiveness of our 640

proposed training strategy, we include two widely 641

used baselines for multimodal reasoning. The 642

first is an in-context learning baseline following 643

MMICL (Zhao et al., 2024), where four multi- 644

modal examples are provided at inference time. 645

The second is Perception-Aware Policy Optimiza- 646

tion (PAPO) (Wang et al., 2025c), a reinforcement 647

learning method designed to enhance multimodal 648

perception during training. All models are trained 649

exclusively on PGPS9K train set. All benchmarks 650

discussed below are used solely for evaluation and 651

comparison across different training strategies. All 652

baselines are evaluated under the same inference 653

protocol as our method. 654

We first compare these baselines on PGPS9K 655

under both text and vision evaluation settings. Re- 656
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Model Text-centric Vision-centric Avg

Qwen 2.5 7B Base Model 37.75 29.98 33.87
Qwen 2.5 7B MMICL 37.18 30.70 33.94
Qwen 2.5 7B PAPO 45.87 37.70 41.79
Qwen 2.5 7B KL+Curriculum (Ours) 73.42 67.87 70.65

Qwen 2.5 3B Base Model 23.97 18.12 21.05
Qwen 2.5 3B MMICL 24.07 20.10 22.14
Qwen 2.5 3B PAPO 39.87 33.67 36.77
Qwen 2.5 3B KL+Curriculum (Ours) 61.22 55.27 58.25

Table 6: Comparison with baseline methods on PGPS9K
under Text-centric and Vision-centric evaluation set-
tings.

Model Text-centric Vision Avg

Qwen 2.5 7B Base Model 55.01 45.76 51.10
Qwen 2.5 7B MMICL 55.92 48.15 51.26
Qwen 2.5 7B PAPO 52.73 45.72 48.52
Qwen 2.5 7B KL (Ours) 57.00 48.79 52.07

Qwen 2.5 3B Base Model 35.68 28.66 31.47
Qwen 2.5 3B MMICL 43.80 36.21 39.24
Qwen 2.5 3B PAPO 47.87 40.57 43.49
Qwen 2.5 3B KL (Ours) 48.19 41.58 44.23

Table 7: Results on MathVerse under Text-centric and
Vision-centric evaluation settings.

sults are shown in Table 6. Across both 3B and657

7B model scales, our KL+Curriculum strategy out-658

performs generalized base models, MMICL-style659

in-context learning, and PAPO.660

We further evaluate the same set of models on661

MathVerse, which tests multimodal mathematical662

reasoning beyond the training distribution. Re-663

sults in Table 7 show that our method consistently664

achieves the best average performance across both665

text and vision settings at different model scales,666

demonstrating that the gains are not limited to667

PGPS9K.668

Finally, we evaluate the same set of mod-669

els on two widely used general benchmarks,670

MATH500 (Lightman et al., 2023) and MM-671

STAR (Chen et al., 2024). As shown in Table 8,672

training on PGPS9K with different optimization673

strategies does not degrade performance on gen-674

eral QA and VQA benchmarks. In particular, our675

KL-regularized curriculum training achieves per-676

formance comparable to existing baselines across677

both benchmarks, indicating that geometry-focused678

training on PGPS9K does not adversely affect the679

model’s general reasoning and perception capabili-680

ties.681

H Annotation Difference in Two Dataset682

One key reason models trained on PGPS9K some-683

times underperform on MathVerse is a mismatch in684

Model MATH500 MMSTAR

Qwen 2.5 7B Base Model 65.80 60.47
Qwen 2.5 7B PAPO 59.20 63.00
Qwen 2.5 7B MMICL 66.40 61.00
Qwen 2.5 7B KL+Curriculum (Ours) 62.20 61.87

Qwen 2.5 3B Base Model 54.60 50.13
Qwen 2.5 3B PAPO 61.00 54.40
Qwen 2.5 3B MMICL 64.60 49.93
Qwen 2.5 3B KL+Curriculum (Ours) 59.40 54.80

Table 8: Results on general benchmarks MATH500 and
MMSTAR.

Figure 4: Annotation style mismatch between PGPS9K
and MathVerse. PGPS9K diagrams explicitly mark key
geometric relations—parallelism and equality of seg-
ments/angles—whereas MathVerse omits such mark-
ings. Models trained on PGPS9K may over-rely on
these visual tags and struggle to infer relations on Math-
Verse, weakening out-of-distribution generalization.

annotation style. As shown in Figure 4, PGPS9K 685

explicitly marks geometric relations on the dia- 686

gram—most notably ① segment parallelism and 687

② equivalence relations between segments and an- 688

gles(e.g., equal-length segments and equal/corre- 689

sponding/alternate angles). By contrast, MathVerse 690

does not provide these markings. In several Math- 691

Verse settings, the model must infer these relations 692

directly from the geometry without explicit visual 693

tags, so a model trained on PGPS9K’s fully anno- 694

tated figures can overfit to those cues and exhibit 695

weaker out-of-distribution generalization on Math- 696

Verse. 697

I Artifacts License 698

Our training codes primarily build upon the open- 699

source training framework verl (Sheng et al., 2025), 700

which is licensed under the Apache-2.0 License. 701

All source code developed for this work will 702

be released under the Apache-2.0 License, which 703

permits both research and commercial use, along 704
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with modifications and distribution.705

The two datasets used in this work, Math-706

Verse (Zhang et al., 2024) and PGPS9K (Zhang707

et al., 2023) are licensed under MIT License, which708

allows for free use, modification, and distribution.709

The Qwen2.5-VL series models (Bai et al., 2025)710

are released under the Apache-2.0 License, which711

permits both research and commercial use, along712

with modifications and distribution.713
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