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Abstract001

Multimodal Large Language Models (MLLMs)002
have achieved strong performance in general003
visual understanding and reasoning; however,004
their progress in the medical domain remains005
constrained by the scarcity of informative mul-006
timodal medical data and the limited effec-007
tiveness of Reinforcement Learning with Ver-008
ifiable Rewards (RLVR). Moreover, existing009
work often lacks an in-depth exploration of010
multimodal medical tasks. To address these011
issues, during supervised fine-tuning (SFT), we012
jointly incorporate high-quality textual reason-013
ing data, general multimodal data, and multi-014
modal medical data to enhance foundational015
medical knowledge while preserving the base016
model’s reasoning capability. Furthermore, to017
mitigate sparse-information scenarios common018
in medical datasets, we synthesize reflective-019
pattern-injected chain-of-thought (CoT) data020
in addition to standard CoT, endowing the021
model with structured reflective reasoning and022
providing a strong initialization for subse-023
quent RLVR training. Based on this training024
paradigm, we introduce the InfiMed-Series,025
including InfiMed-SFT-3B and InfiMed-RL-026
3B, which achieve state-of-the-art performance027
across seven multimodal medical benchmarks.028
Notably, InfiMed-RL-3B attains an average ac-029
curacy of 59.2%, outperforming larger mod-030
els such as InternVL3-8B (57.3%), while us-031
ing only 188K SFT samples and 36K RLVR032
samples. Finally, we conduct extensive exper-033
iments to explore a range of fundamental re-034
search questions regarding data composition,035
reasoning strategies, and training paradigms036
in multimodal medical models. Our findings037
provide meaningful insights for the future de-038
velopment of medical MLLMs.039

1 Introduction040

The rapid development of multimodal large lan-041

guage models (MLLMs) in recent years has marked042

a transformative phase in artificial intelligence,043

driving substantial progress across diverse domains. 044

Notably, MLLMs have achieved significant break- 045

throughs in areas such as object recognition (Yin 046

et al., 2025; Liu et al., 2025d), mathematical rea- 047

soning (Zhuang et al., 2025; Peng et al., 2024; Liu 048

et al., 2025b), and graphical user interface (GUI) 049

interaction (Liu et al., 2025a; Luo et al., 2025; Qin 050

et al., 2025), largely attributable to the availabil- 051

ity of abundant high-quality multimodal datasets. 052

In contrast, the medical domain remains particu- 053

larly challenging due to the scarcity of high-quality 054

multimodal data, which severely limits the perfor- 055

mance of MLLMs in medical scenarios. 056

To enhance the medical reasoning capabili- 057

ties of MLLMs, prior work has primarily relied 058

on large-scale, domain-specific supervised fine- 059

tuning (SFT). For instance, LLaVA-Med (Li et al., 060

2023) directly utilizes the PMC-15M (Zhang et al., 061

2023b) dataset for medical concept alignment and 062

instruction following. However, its performance is 063

constrained by the inherent noise of the dataset and 064

the limited amount of reasoning information it pro- 065

vides. Recent studies, such as MedGemma (Seller- 066

gren et al., 2025), collect larger and higher-quality 067

medical datasets that cover both textual and mul- 068

timodal modalities, aiming to further enhance the 069

general medical capabilities of MLLMs. While 070

SFT can be effective, it is highly data-intensive and 071

mainly focuses on memorizing training data (Chu 072

et al., 2025). Building on the success of DeepSeek- 073

R1 (Guo et al., 2025), Reinforcement Learning 074

with Verifiable Rewards (RLVR) has shown sig- 075

nificant improvements in exploration and general- 076

ization for multimodal tasks (Zhang et al., 2025; 077

Liu et al., 2025a,c). RLVR, which often includes a 078

"cold-start" phase in (MLLMs)(Huang et al., 2025; 079

Peng et al., 2025; Liu et al., 2025a), is also begin- 080

ning to find notable applications in medical scenar- 081

ios (Su et al., 2025; Xu et al., 2025). 082

Despite these ongoing efforts, existing ap- 083

proaches still exhibit notable limitations, which 084
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Question: 
What does the arrow in image b indicate?  
A: Suprapatellar Synovial Recess 
B: Femoral Cortex 
C: Venous Malformation 
D: Synovial involvement
Put the most concise form of your answer inside \boxed{}.

Original Answer: \boxed{D}

Self-Reflective Answer: 
The arrow in image b is pointing to a structure that appears to be a **suprapatellar synovial recess**. This is a normal anatomical structure that connects the 
suprapatellar pouch to the main joint space and is often visualized on MRI.\n\n\boxed{A}\n Wait, perhaps we could consider it from a different perspective. Let’s re-
evaluate the problem step by step to ensure accuracy.\nTo determine what the arrow in image b indicates, let's analyze the provided information and the labeled 
images:\n\n1. **Image b** shows a sagittal view of the knee joint.\n2. The arrow in image b is pointing to a specific area near the patella and the femur.\n3. The 
structures visible in the image include the femoral cortex, the synovial membrane, and other soft tissues.\n\n### Analysis of the Options:\n- **A: Suprapatellar 
Synovial Recess**  \n  The suprapatellar synovial recess is the space above the patella where the synovial membrane extends. It is typically seen as a pocket of fluid or 
enhancement on MRI. \n\n- **B: Femoral Cortex**  \n  The femoral cortex is the dense, compact bone of the femur. It is usually well-defined on MRI, especially in the 
sagittal view. The arrow does not seem to be pointing directly to the cortex but rather to an area that includes soft tissue structures.\n\n- **C: Venous Malformation**  
\n  Venous malformations typically appear as areas of low signal intensity on T1-weighted images and high signal intensity on T2-weighted images. While the arrow could 
potentially indicate a mass or abnormality, there is no specific indication that this is a venous malformation based solely on the information provided.\n\n- **D: Synovial 
Involvement**  \n  Synovial involvement refers to abnormal enhancement or thickening of the synovial membrane, often seen in inflammatory conditions like arthritis. The 
arrow could be indicating synovial thickening or enhancement, which would be consistent with the anatomy near the joint.\n\n### Conclusion:\nGiven that the arrow is 
pointing to an area near the knee joint where the synovial membrane is located, and considering the context of the question, the most likely answer is:\n\n\boxed{D}.

Information-Sparse

Reflection-Enriched and Information-Dense

SFT Model with 
Limited-Exploration

SFT Model with 
Enhanced-Exploration

Figure 1: Left: Comparison of information-sparse and reflection-enriched, information-dense outputs. Right:
A model with Enhanced Exploration (bottom) generates a broader, more effective search space, while Limited
Exploration (top) results in a narrower, less efficient search.

can be summarized into two key challenges. First,085

the scarcity of high-quality multimodal medi-086

cal datasets remains a bottleneck: most existing087

datasets suffer from sparse information and contain088

limited explanatory information, which hinders ef-089

fective model training and results in poor reason-090

ing performance, as shown in Figure 1. Second,091

although RLVR has been shown to substantially092

enhance model performance in other domains, its093

application in medical scenarios remains underex-094

plored. Existing work either lacks extensive explo-095

ration across broad benchmarks (Pan et al., 2025;096

Su et al., 2025) or fails to effectively improve model097

performance (Xu et al., 2025).098

To address the challenges mentioned above, dur-099

ing the SFT stage, we leverage not only multimodal100

medical data but also general multimodal data to101

preserve the model’s visual perception capabilities,102

while integrating medical textual data to enhance103

its domain-specific knowledge. Additionally, we104

introduce a novel synthesis of reflective-pattern-105

injected chain-of-thought (CoT) data, effectively106

addressing the information sparsity present in cer-107

tain multimodal medical datasets. This approach108

could also provide a more robust exploratory foun-109

dation for subsequent RLVR, enabling a cold-start110

method with limited resources. Building upon this,111

we train our InfiMed-SFT-3B model on 188K sam-112

ples, equipping it with both fundamental reasoning113

and reflective patterns. We then apply RLVR on top114

of InfiMed-SFT-3B using 36K samples to obtain115

InfiMed-RL-3B, further enhancing its exploration116

capabilities and generalization performance. Ex-117

tensive experiments show that our InfiMed-series118

models set new SOTA performance across multi-119

ple multimodal medical benchmarks, outperform-120

ing similarly-sized models like MedGemma-4B-IT121

and larger models such as InternVL3-8B, demon- 122

strating the effectiveness of our reflective SFT and 123

RLVR approach. We also investigated the im- 124

pact of data composition and reasoning strategies 125

through a series of exploratory experiments, yield- 126

ing valuable insights for the advancement of medi- 127

cal MLLM applications. 128

In summary, the key contributions of our work 129

are as follows: (1) We synthesize reflective-pattern- 130

injected CoT data, equipping the model with ini- 131

tial reflective capabilities and a stronger cold-start 132

foundation for subsequent RLVR. (2) We employ 133

a low-resource SFT with 188K samples, enabling 134

the model to develop robust reasoning, comprehen- 135

sion, and reflective patterns. Subsequently, RLVR 136

is applied with 36K samples, effectively boost- 137

ing the model’s exploration capabilities and per- 138

formance. (3) We introduce the InfiMed-series 139

models, InfiMed-SFT-3B and InfiMed-RL-3B, 140

which achieve SOTA performance among 3B-level 141

MLLMs, with InfiMed-RL-3B outperforming mod- 142

els like MedGemma-4B-IT by 7.64%, and remain 143

competitive even against 7B-level models. 144

2 Related Work 145

2.1 Medical MLLMs 146

In recent years, MLLMs have evolved rapidly and 147

achieved remarkable progress across a wide range 148

of domains, attracting increasing interest in their 149

potential applications within the medical field (Al- 150

Saad et al., 2024). Extensive research efforts have 151

been devoted to enhancing MLLMs’ ability to inte- 152

grate heterogeneous medical data to support criti- 153

cal dimensions in healthcare. Inspired by the suc- 154

cess of medical LLMs like HuatuoGPT (Zhang 155

et al., 2023a), Apollo (Wang et al., 2024), and 156
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Med-PaLM series (Singhal et al., 2023, 2025), re-157

cent efforts have increasingly focused on extending158

LLM capabilities to multimodal medical. LLaVA-159

Med (Li et al., 2023) introduces a biomedical-160

specialized MLLM trained on a curated figure-161

caption dataset with self-instructed instruction-162

following data. The model highlights the poten-163

tial of cost-efficient training strategies for domain-164

specific MLLMs. MedGemma (Sellergren et al.,165

2025) has shown strong generalization across med-166

ical vision-language and text-only tasks, demon-167

strating advanced medical understanding and rea-168

soning on multimodal data. Lingshu (Xu et al.,169

2025) proposed a domain-specialized multimodal170

foundation model for medical, supported by a cu-171

rated dataset enriched with medical VQA, CoT rea-172

soning, and report annotations. While prior work173

has made notable progress in medical MLLMs,174

many approaches depend on large model sizes and175

substantial computational resources, which limit176

their accessibility and scalability.177

2.2 Reasoning in Medical LLMs and MLLMs178

Interpretable reasoning remains a central desider-179

atum in medical AI, with recent efforts explor-180

ing general CoT prompting (Wei et al., 2022) and181

program-based logic (Chen et al., 2022) model-182

ing. Although these approaches have shown po-183

tential, they typically rely on costly expert-curated184

annotations (Li et al., 2024b), which limits their185

scalability in real-world clinical settings. RL of-186

fers a compelling alternative by enabling emergent187

reasoning capabilities without requiring explicit su-188

pervision, as demonstrated by recent models such189

as DeepSeek-R1 (Guo et al., 2025), which achieve190

notable improvements in reasoning with rule-based191

reward. Building on this paradigm, RLVR has been192

used to improve reasoning reliability, with Group193

Relative Policy Optimization (Shao et al., 2024)194

known for its efficiency and good performance.195

This method is now increasingly used to train196

MLLMs to improve their reasoning ability (Meng197

et al., 2025; Wang et al., 2025; Tan et al., 2025).198

With the success of RLVR, several work leverages199

it on medical MLLMs. MedVLM-R1 (Pan et al.,200

2025) employs RLVR to explicit reasoning in med-201

ical VQA, achieving strong performance and gener-202

alization. Its emphasis on reasoning highlights the203

role of RL in enhancing transparency and trustwor-204

thiness in clinical AI systems. GMAI-VL-R1 (Su205

et al., 2025) explores RLVR to enhance reasoning206

and reflection in multimodal medical models. By207

introducing a multi-agent reasoning data synthesis 208

framework, the model outperforms prior models on 209

some complex tasks. Lingshu (Xu et al., 2025) also 210

leverages an RLVR paradigm, achieving strong 211

performance across medical VQA, report genera- 212

tion, and text-only QA. Despite these promising 213

advances, prior work has been limited in its explo- 214

ration of the RLVR stage. 215

2.3 Our Distinction 216

As discussed above, general CoT consists of multi- 217

step natural language reasoning traces that help 218

models learn structured reasoning patterns during 219

SFT and guide response selection during RLVR. 220

However, medical reasoning is far more standard- 221

ized and constrained by clinical knowledge than 222

open-domain tasks, resulting in limited diversity 223

of valid intermediate steps. This restricts the ex- 224

ploration space of RLVR and hinders the discov- 225

ery of improved reasoning trajectories. To address 226

this issue, we introduce reflective-pattern–injected 227

CoT data during SFT, equipping the model with 228

initial self-reflection and self-correction capabili- 229

ties. This design effectively expands the reasoning 230

space available to RLVR, enabling more robust im- 231

provements on complex medical tasks. In contrast 232

to prior work that either targets a narrow set of 233

benchmarks or fails to consistently improve SFT 234

performance, we not only achieve reliable gains 235

during the RLVR stage but also conduct extensive 236

experiments to analyze the features in multimodal 237

medical tasks, which could provide several mean- 238

ingful insights for the future exploration of medical 239

MLLMs. 240

3 Methodology 241

In this section, we outline our methodology for 242

advancing multimodal medical understanding and 243

reasoning through RLVR with a self-reflective cold 244

start, which is depicted in Figure 2. Our approach 245

unfolds in two stages: (1) A cold start phase, in 246

which we uniquely integrate general multimodal 247

data with medical text reasoning data to simultane- 248

ously enhance image understanding and restore 249

fundamental reasoning skills. Crucially, to ad- 250

dress the information sparsity of existing medical 251

datasets, we further synthesize both distilled CoT 252

and self-reflective CoT for SFT, thereby establish- 253

ing a richer and more exploratory reasoning founda- 254

tion. (2) A RLVR phase, which enables the model 255

to explore a wider spectrum of reasoning trajecto- 256
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SFT Data Source

Multimodal
General Data

Multimodal
Medical Data

Text Medical Data

Dose of vitamin A during pregn-
ancy ?
A. 600 mg B. 800 mg

C. 950 mg D. 350 mg

Powerful
MLLM

Information
Sparse
Data

SFT with Reflective
-Pattern-Injected

Reflec�ve-Pa�ern

General Knowledge

Reasoning Ability

InfiMed-SFT

Multimodal
Query 𝑜1

𝑜2

𝑜𝐺

. . .

𝑟1

𝑟2

𝑟𝐺

. . .

Format Reward
<think>…<\think>

<answer>…<\answer>

Accuracy Reward
String-Based

Multi-Choice Question

KL D
ivergence

Group A
dvantages

Reference
MLLM

InfiMed-RL
InfiMed-SFT

forward

backward

General
CoT

Reflec�ve
pa�ern

injected CoT

Figure 2: The overall training process of InfiMed-Series models.

ries, thereby producing more robust and clinically257

faithful multimodal reasoning.258

3.1 Reflective-Injected Supervised259

Fine-Tuning260

As mentioned above, since SFT constitutes the261

foundation for subsequent RLVR, we incorpo-262

rated not only general multimodal data but also263

text-based medical reasoning data during SFT to264

strengthen the model’s fundamental multimodal un-265

derstanding and reasoning capabilities (Sellergren266

et al., 2025; Xu et al., 2025). However, several267

existing multimodal medical SFT datasets suffer268

from insufficient informational richness. For in-269

stance, multiple-choice question datasets often only270

provide the final choice and always lack explicit271

explanation. To address this limitation, in addi-272

tion to only generating conventional CoT data to273

supplement the missing information, we further274

construct reflective-pattern-injected CoT data, en-275

abling the model to develop more comprehensive276

and self-corrective reasoning capabilities (Cheng277

et al., 2024).278

The core premise of reflective-pattern-injected279

is that directly exposing the model to a spectrum280

of reasoning trajectories, including correct, par-281

tially inconsistent, and subtly flawed chains, en-282

courages the development of self-evaluation and283

error-correction mechanisms.284

Formally, given a multimodal medical question285

q, whose original response consists of insufficient286

information, consisting of a textual task instruction287

x and one or more images I, i.e. q = {x, I}. We288

utilize a powerful MLLM (e.g., Qwen2.5-VL-32B-289

Instruct (Bai et al., 2025)) to generate a batch of290

candidate responses {yi}. Subsequently, leverag-291

ing rejection sampling, we partition these candi-292

dates into two disjoint subsets: {y+i }, correspond-293

ing to correct responses, and {y−i }, corresponding294

to incorrect responses. For the correct responses295

{y+i }, we further engage a more advanced MLLM296

(e.g., Qwen2.5-VL-72B-Instruct (Bai et al., 2025))297

to evaluate each response across multiple dimen- 298

sions, including clinical accuracy, logical reason- 299

ing, factual correctness, and completeness. 300

Finally, we synthesize a reflective-pattern- 301

injected CoT by combining one of the highest- 302

quality responses from {y+i } with a randomly se- 303

lected response from {y−i }, thereby creating a 304

novel training instance that emphasizes both rea- 305

soning and error-awareness. More details of the 306

reflective-pattern-injected CoT synthesis can be 307

found in the Appendix A.1. 308

3.2 Reinforcement Learning with Verifiable 309

rewards 310

3.2.1 Overall Process of RLVR 311

After the SFT stage with reflective-pattern injec- 312

tion, we use Group Relative Policy Optimization 313

(GRPO) in the RLVR phase to improve stability, 314

building on the method from Deepseek-R1 (Guo 315

et al., 2025). GRPO computes advantages by gen- 316

erating multiple responses for the same query, re- 317

moving the need for an explicit critic model. 318

We formally denote the model after the SFT 319

stage with reflective-pattern injection as πθ, the 320

policy model in RLVR. Given a multimodal med- 321

ical query q, the policy model πθold (prior to pa- 322

rameter updates) generates a set of G candidate 323

responses {oi}Gi=1. For each response oi, a rule- 324

based reward function R(o, gt) is used to evaluate 325

its quality and assign a score ri, where gt denotes 326

the ground-truth answer. Based on the collection 327

of rewards {ri}Gi=1, the group-relative advantages 328

{Ai}Gi=1, which quantify the relative quality of re- 329

sponses within the batch, can be calculated as: 330

Ai =
ri −mean({r1, r2, . . . , rG})

std({r1, r2, . . . , rG})
, (1) 331

where mean(·) indicates the average value, and 332

std(·) refers to the standard deviation. 333

Based on the above group-relative advantages, 334

GRPO updates the policy by maximizing the ex- 335

pected advantage-weighted likelihood ratio. The 336

optimization objective can be formulated as: 337
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JGRPO(θ) = E[q∼P (Q),{oi}Gi=1∼πθold (O|q)]
1

G

G∑
i=1

1

|oi|
|oi|∑
t=1

{
min

[
πθ(oi|q)
πθold(oi|q)

Ai, clip
(

πθ(oi|q)
πθold(oi|q)

, 1− ϵ, 1 + ϵ

)
Ai

]}
− βDKL [πθ∥πref] ,

(2)338

where the additional Kullback–Leibler term339

DKL [πθ∥πref] is applied to penalize divergence340

from the reference policy model πref, thereby help-341

ing to maintain training stability.342

3.2.2 Rule-based Reward Construction343

Considering the reward function R(o, gt) aims to344

guide the policy model to learn a suitable and cor-345

rect reasoning trajectory, we design our total reward346

Rtotal, which integrates assessments of both output347

format correctness and accuracy:348

Rtotal(o, gt) = wformat ·Rformat(o) + wacc ·Raccuracy(o, gt), (3)349

where Rformat(o) denotes the reward for the correct-350

ness of the output format and Raccuracy(o, gt) de-351

notes the reward for the accuracy of the output o rel-352

ative to the ground-truth result. The non-negative353

coefficients wformat and wacc serve as hyperparame-354

ters weighting the relative contribution of the two355

components, with wformat + wacc = 1.356

The format reward Rformat(o) assesses whether357

the output of the policy model πθ satisfies the prede-358

fined format. Notably, Rformat(o) ∈ {0, 1}, where359

Rformat(o) = 1 if all specified format requirements360

are satisfied; otherwise, Rformat(o) = 0. Specifi-361

cally, it verifies two primary aspects:362

• Thinking Progress: We evaluate whether the363

model correctly presents its reasoning process364

according to a predefined format. The model is365

required to encapsulate its reasoning process and366

final answer within designated tags.367

• Final Answer Format: We examine whether the368

model outputs an explicit final answer, with par-369

ticular attention to cases where the instructions370

related to query q require such a response.371

The accuracy reward Raccuracy(o, gt) evaluates372

the correctness of the model output o relative373

to the ground truth of query q. Importantly,374

Raccuracy(o, gt) is defined only when the output375

meets the format constraint, i.e., Rformat(o) = 1;376

otherwise, it is zero. This design ensures that the377

model generates well-structured outputs before be-378

ing evaluated for correctness. When Rformat(o) =379

1, the computation of Raccuracy(o, gt) depends on380

the task-specific ground-truth format. The details381

of task-specific reward functions are presented in 382

the Appendix A.2. 383

4 Experiment 384

In this section, we present the experimental setup 385

used to train and evaluate our proposed InfiMed- 386

series models, which are built upon Qwen2.5-VL- 387

3B-Instruct (Bai et al., 2025). We detail the exper- 388

imental settings and aim to address the following 389

research questions. 390

• RQ1: How do the InfiMed-Series models per- 391

form compared with other MLLMs across vari- 392

ous medical benchmarks? 393

• RQ2: How do different data types and data num- 394

bers influence SFT and RLVR performance? 395

• RQ3: Does reasoning really enhance perfor- 396

mance in medical tasks? 397

• RQ4: How do models trained with self-reflection 398

via SFT compare to RLVR-optimized models in 399

their quality and reliability of medical responses? 400

• RQ5: Can our SFT data consistently improve 401

model performance across different base MLLM 402

architectures? 403

• RQ6: Does increasing the amount of RLVR train- 404

ing data lead to further improvements in model 405

performance? 406

4.1 Experimental Setup 407

Models. We conduct a comprehensive compar- 408

ison across a wide range of models. The mod- 409

els include: (1) Proprietary models: GPT-series 410

models (Achiam et al., 2023), Claude Sonnet 411

4 (Anthropic, 2025), and Gemini-2.5-Flash (Co- 412

manici et al., 2025); (2) General open-source mod- 413

els: Qwen2.5-VL series models (Bai et al., 2025), 414

Gemma3 series models (Team et al., 2025) and 415

InternVL series models (Chen et al., 2024c; Zhu 416

et al., 2025); (3) Medical open-source models: 417

MedVLM-R1-2B (Pan et al., 2025), MedGemma- 418

4B-IT (Sellergren et al., 2025), LLaVa-Med-7B (Li 419

et al., 2023), HuatuoGPT-V-7B (Chen et al., 420

2024b), Lingshu-7B (Xu et al., 2025), BioMediX2- 421

8B (Mullappilly et al., 2024). 422

Datasets. During the reflective-injected SFT stage, 423

we utilize a total of 188K samples from three cate- 424

gories: (1) multimodal general data, (2) multimodal 425

medical data, and (3) textual medical data. In the 426

RLVR stage, we utilize 36K multimodal medical 427

data and general data. An overview of the training 428

datasets is provided in Figure 3. 429

Evaluation Benchmark. We adopt seven widely 430
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Table 1: Performance comparison of different MLLMs across various medical vision-language benchmarks.
The best results among models in the 2-4B parameter are bolded. MedVLM-R1-2B was trained on OMVQA, and
Lingshu was trained on the MMMU- H&M val set.

Model Size Accuracy (%)

MMMU-H&M VQA-RAD SLAKE PathVQA PMC-VQA OMVQA MedXQA Avg.

Proprietary Models
GPT-5 - 83.6 67.8 78.1 52.8 60.0 76.4 71.0 70.0
GPT-4.1 - 75.2 65.0 72.2 55.5 55.2 75.5 45.2 63.4
Claude Sonnet 4 - 74.6 67.6 70.6 54.2 54.4 65.5 43.3 61.5
Gemini-2.5-Flash - 76.9 68.5 75.8 55.4 55.4 71.0 52.8 65.1

General Open-source Models
Qwen2.5VL-3B-Instruct 3B 51.3 56.8 63.2 37.1 50.6 64.5 20.7 49.2
Gemma3-4B-IT 4B 34.0 49.9 61.1 43.2 47.9 60.9 20.9 45.4
Qwen2.5VL-7B-Instruct 7B 54.0 65.0 67.6 44.6 51.3 63.5 21.7 52.5
InternVL2.5-8B 8B 53.5 59.4 69.0 42.1 51.3 81.3 21.7 54.0
InternVL3-8B 8B 59.2 65.4 72.8 48.6 53.8 79.1 22.4 57.3

Medical Open-source Models
MedVLM-R1-2B 2B 35.2 48.6 56.0 32.5 47.6 77.7 20.4 45.4
MedGemma-4B-IT 4B 43.7 49.9 76.4 48.8 49.9 69.8 22.3 51.5
LLaVA-Med-7B 7B 29.3 53.7 48.0 38.8 30.5 44.3 20.3 37.8
HuatuoGPT-V-7B 7B 47.3 67.0 67.8 48.0 53.3 74.2 21.6 54.2
Lingshu-7B 7B - 67.9 83.1 61.9 56.3 82.9 26.7 -
BioMediX2-8B 8B 39.8 49.2 57.7 37.0 43.5 63.3 21.8 44.6

Ours (InfiMed-Series)
InfiMed-SFT-3B 3B 54.7 58.1 82.0 60.6 53.2 67.0 23.5 57.1
Gemma3-SFT-4B 4B 35.3 59.9 83.3 64.7 53.3 68.7 21.0 55.2
InfiMed-RL-3B 3B 55.3 60.5 82.4 62.0 58.7 71.7 23.6 59.2

PMC-VQA: 62K

LLaVA-OneVision: 50KReasonMed: 20K

Path-VQA: 19.7K

Medical-R1-
Distilled: 15K

SLAKE: 9.8K

Reflective-Pattern-
injected CoT: 5K

Medical-o1-
Reasoning: 5K

VQA-RAD: 1.8K

GMAI-Reasoning-
10K: 10K

PMC-VQA: 10KPath-VQA: 6K

SLAKE: 3K

VQA-RAD: 2K

SFT Data RLVR Data(a) (b)

ScienceQA: 2K
IconQA: 1K
ViRFT_COCO: 1K TabMWP: 0.5K

TQA: 0.5K

Figure 3: Overview of the training samples for the In-
fiMed series models in the reflective-injected SFT and
RLVR stages.

used multimodal medical benchmarks: MMMU-431

Health&Medicine (MMMU-H&M) (Yue et al.,432

2024), VQA-RAD (Lau et al., 2018), SLAKE (Liu433

et al., 2021), PathVQA (He et al., 2020), PMC-434

VQA (Zhang et al., 2023c), OmniMedVQA435

(OMVQA) (Hu et al., 2024), and MedXpertQA-436

Multimodal (MedXQA) (Zuo et al., 2025). These437

benchmarks span diverse imaging modalities and438

provide a comprehensive evaluation of image un-439

derstanding and medical reasoning.440

Detailed descriptions of the above settings and441

additional experimental details are provided in Ap-442

pendix A.3.443

4.2 Results on Various Medical Benchmarks444

(RQ1 & RQ5)445

Table 1 presents a comprehensive comparison of446

different MLLMs across seven diverse medical447

vision-language benchmarks. Among all models,448

proprietary closed-source models consistently out-449

perform both general-purpose and medical-domain450

open-source models, achieving the highest average451

accuracy. These models set a strong upper bound,452

particularly excelling on complex benchmarks such453

as MMMU-H&M and MedXpertQA, indicating454

their superior reasoning and image understanding 455

capabilities. 456

Furthermore, comparisons with existing open- 457

source models show that the InfiMed-series models 458

offer significant performance advantages. Both 459

InfiMed-SFT-3B and InfiMed-RL-3B notably out- 460

perform other models of similar scale, achieving av- 461

erage accuracies of 57.1% and 59.2%, respectively, 462

across seven multimodal medical benchmarks. 463

Notably, our 3B models outperform some larger 464

7B and 8B models, such as HuatuoGPT-V-7B and 465

InternVL2.5-8B, despite their greater scale. Al- 466

though a gap remains between InfiMed-RL-3B and 467

Lingshu-7B, our model achieves competitive per- 468

formance with fewer parameters and using a rela- 469

tively small amount of data (188K for SFT and 36K 470

for RLVR), compared to Lingshu-7B’s 12M sam- 471

ples, HuatuoGPT-V-7B’s 1.3M samples, highlight- 472

ing the efficiency and effectiveness of our training. 473

Although models such as MedVLM-R1-2B, 474

GMAI-VL-R1-7B (not open-sourced yet), and 475

Lingshu-7B provide some evidence that RLVR can 476

be effective after SFT, they either target only a 477

narrow range of benchmarks or fail to achieve con- 478

sistent overall gains. By contrast, the 2.1% overall 479

improvement of InfiMed-RL-3B over InfiMed-SFT- 480

3B, along with consistent gains across seven medi- 481

cal benchmarks, clearly demonstrates that RLVR 482

not only could enhance model performance in the 483

medical domain but also complements our SFT 484

phase training, thereby substantiating the effective- 485

ness of RLVR. 486

To evaluate the model-agnostic robustness of 487
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our SFT data, we fine-tuned a fundamentally differ-488

ent backbone, Gemma3-4B-IT, using our training489

data. Despite substantial architectural differences490

from previously evaluated models such as Qwen,491

our data yields significant improvements over the492

Gemma baseline and achieves state-of-the-art per-493

formance within the 3–4B parameter range (exclud-494

ing InfiMed). Notably, these gains are obtained495

using only 176K SFT samples, demonstrating that496

our data is both highly efficient and transferable497

across heterogeneous MLLM architectures.498

4.3 Ablation Study on Data Composition499

(RQ2 & RQ6)500

For both the SFT and RLVR stages, we conduct ab-501

lation studies to evaluate how different data types502

and data scales influence model performance. Dur-503

ing SFT, we systematically remove individual data504

components, including general multimodal data,505

textual medical data, and reflective-pattern-injected506

CoT data. The results are summarized in Table 2.507

Overall, these experiments lead to a key conclu-508

sion: Unlike general multimodal tasks, medical509

multimodal problems require the joint integration510

of visual understanding, textual reasoning, and511

domain-specific medical knowledge; medical-only512

training data is insufficient for robust medical513

MLLM performance.514

Specifically, removing general multimodal data515

causes substantial performance degradation on vi-516

sually demanding benchmarks such as OmniMed-517

VQA, highlighting its role in visual-text alignment518

and general visual reasoning. Excluding textual519

medical data significantly degrades performance520

on MMMU-H&M, demonstrating the necessity of521

domain knowledge, medical terminology, and clini-522

cal reasoning patterns. Although reflective-pattern-523

injected CoT data accounts for only 5K samples,524

its removal consistently leads to performance drops525

across most benchmarks, indicating its effective-526

ness in enhancing multi-step reasoning and self-527

reflection. Furthermore, replacing reflective CoT528

with an equal amount of general CoT results in529

inferior performance, confirming that the reflective530

formulation itself provides unique benefits.531

We further observe that moderate variations in532

data proportions lead to performance fluctuations533

across benchmarks, suggesting complementary ef-534

fects between general multimodal and textual med-535

ical data. In the RLVR stage, removing general536

multimodal data causes performance on MMMU-537

H&M to fall below the SFT baseline, indicating538

Figure 4: Comparison of direct-answer and reasoning-
based prompts on medical benchmarks.

that RLVR relying solely on medical multimodal 539

data may reduce reasoning capability rather than 540

enhance it. Motivated by this observation, we fur- 541

ther investigate how the initialization and data con- 542

figuration of the RLVR stage affect performance, 543

including the impact of different starting points 544

and increased RLVR training data. Additional ab- 545

lation results about SFT and detailed description 546

are provided in Appendix A.4. 547

4.4 Analysis of reasoning effectiveness in 548

Medical Scenarios (RQ3) 549

To explore reasoning effectiveness in medical sce- 550

narios, we evaluated the model using two prompts: 551

(1) a direct-answer prompt, where the model is 552

asked to output only the final prediction; (2) a 553

reasoning-augmented prompt, where the model 554

is encouraged to generate intermediate reasoning 555

steps before providing the answer. This setup al- 556

lows us to examine the impact of explicit reasoning. 557

Results are shown in Figure 4. 558

Our experiments show that explicit reasoning 559

prompts generally degrade performance on most 560

medical benchmarks, with two exceptions: both 561

InfiMed-SFT and InfiMed-RL benefit on MMMU- 562

H&M, and the general-purpose Qwen2.5-VL-3B- 563

Instruct improves on MMMU-H&M and MedX- 564

pertQA. This indicates that explicit reasoning is not 565

universally beneficial for medical-focused MLLMs, 566

even with RLVR. The gains on MMMU-H&M and 567

MedXpertQA can be attributed to their reasoning- 568

intensive feature, which requires multi-step deduc- 569

tion and cross-modal integration. For Qwen2.5-VL- 570

3B-Instruct, reasoning prompts help organize latent 571

knowledge and reduce uncertainty. In contrast, In- 572

fiMed models rely on efficient, domain-specific 573

direct answering strategies, and enforcing explicit 574

reasoning can interfere with these pathways, lead- 575

ing to performance degradation. Moreover, most 576

other benchmarks are primarily knowledge- or 577

recognition-driven, where answers can be derived 578

directly from visual cues or domain expertise. In 579

such cases, explicit reasoning introduces unneces- 580

sary complexity and increases the risk of hallucina- 581
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Table 2: Ablation study examining data composition during the training stage. ∆|Data| denotes the amount
of data change applied to the training set. w/o-general, w/o-text, and w/o-refcot refer to training configurations
where the general multimodal data, textual medical data, and reflective-pattern-injected CoT data are removed,
respectively. gen_mm, text, and general_cot denote the general multimodal data, medical textual data, and general
CoT data components included in the training corpus.

Model ∆|Data| Accuracy (%)

MMMU-H&M VQA-RAD SLAKE PathVQA PMC-VQA OMVQA MedXQA Avg.

Base Model
Qwen2.5VL-3B-Instruct - 51.3 56.8 63.2 37.1 50.6 64.5 20.7 49.2

Ablation Study in SFT Stage on General Multimodal Data
InfiMed-SFT-3B - 54.7 58.1 82.0 60.6 53.2 67.0 23.5 57.1
InfiMed-SFT-3B+gen_mm +20K 54.0 60.7 81.8 55.8 55.5 67.5 22.3 56.8
InfiMed-SFT-3B−gen_mm −20K 48.0 58.1 82.1 58.3 51.4 66.9 22.6 55.4
Ablation Study in SFT Stage on Medical Text Data
InfiMed-SFT-3B-w/o-general −50K 50.0 60.5 80.5 60.4 51.6 59.7 22.6 55.1
InfiMed-SFT-3B+text +20K 50.7 63.4 80.4 57.3 54.4 67.3 21.4 56.4
InfiMed-SFT-3B−text −20K 50.7 60.3 82.2 58.1 53.8 67.3 22.6 56.4
InfiMed-SFT-3B-w/o-text −40K 44.0 61.0 81.6 60.4 51.1 64.7 21.9 54.9
Ablation Study in SFT Stage on Reflective CoT Data
InfiMed-SFT-3B-w-generalcot − 50.7 60.5 81.9 57.7 52.7 66.4 23.4 56.2
InfiMed-SFT-3B-w/o-refcot −5K 50.0 60.1 81.3 60.5 53.1 64.7 22.8 56.1

Ablation Study in RLVR Stage
InfiMed-RL-3B - 55.3 60.5 82.4 62.0 58.7 71.7 23.6 59.2
InfiMed-RL-3B-w/o-general −10K 53.3 60.7 81.9 61.6 58.3 70.0 23.6 58.4

InfiMed-RL-3B Answer:
Okay, let's see. The question is about where the soft tissue was located in the neck, specifically in relation to the levels mentioned. The options are A
to D, each referring to different neck compartments or levels. First, I need to recall the anatomy of the neck. The neck is divided into different
compartments, and these are typically classified based on the level of the spine they correspond to. The levels are usually numbered from the top,
starting at the base of the skull. The neck compartments are often categorized into levels I to IV, with each level corresponding to a specific area of
the neck. Level I is the superior neck, which is the upper part of the neck, near the base of the skull. Level II is the middle neck, and Level
III is the lower neck. Level IV is the infrahyoid region, which is below the hyoid bone. The soft tissues in the neck can be divided into
compartments based on these levels. For example, Level IIa is the anterior neck, which is the most common site for certain tumors or lesions. The
question mentions a soft tissue in the neck, and the options are about the level. The key here is to determine which level corresponds to the location
of the soft tissue. The images provided (a, b, c, d) are MRI scans of the brain and possibly the neck. The location of the soft tissue might be indicated
by the position of the lesion in the images. The question states that the soft tissue was located in the right neck compartment (Level IIa). This
directly points to the answer being B. The other options: A is left neck (which would be Level IIa as well, but the direction is different), C is
superior (Level III), D is inferior (Level IV). Since the question specifies "right neck compartment," the correct answer is B.

Question:
Where in the neck was the soft tissue located?
A: Left neck compartment (Level IIa) B: Right neck compartment (Level IIa)
C: Superior neck compartment (Level III) D: Inferior neck compartment (Level IV).

Qwen2.5-VL-3B Answer:
Assuming that we are referring to the images of the brain and neck, without further specification or context, it
is not possible to determine where the soft tissue was located based solely on these diagnostic images. Medical
professionals would typically require additional clinical information, physical examination, and imaging for
accurate diagnosis. Therefore, none of the options provided (A, B, C, or D) can be confirmed as correct
based on the given images alone.

InfiMed-SFT-3B Answer:
Okay, let's see. The question is asking about the location of the soft tissue in the neck based on the image provided. The options are different
compartments of the neck: Level IIa, Level III, Level IV, or Level IIb. First, I need to recall what each neck compartment level refers to. From what
I remember, the neck is divided into four main compartments: Level I is the anterior compartment, Level II is the lateral compartment, and
Levels III and IV are deeper layers. The image shows a CT scan of the neck. In the image, there's a soft tissue mass visible. Let me try to orient
myself. The soft tissue is located in the lateral aspect of the neck, which would be the lateral compartment. Now, the lateral compartment is further
divided into levels. Level II is the lateral compartment, and Level IIa is the superficial part, while Level IIb is the deep part. Looking at the image, the
soft tissue appears to be in the superficial part of the lateral compartment, which corresponds to Level IIa. So, the answer should be A: Left neck
compartment (Level IIa). Wait, but the image shows a sagittal view. The soft tissue is in the lateral neck, so it's definitely Level IIa. The other
options don't fit because Level III and IV are deeper, and Level IIb is deep. The left side is also indicated in the image. So yes, A seems correct.

Ground Truth:
B: Right neck compartment
(Level IIa)

Figure 5: Case study. Red denotes errors or irrelevant
content, Green denotes correct or important information.

tion, ultimately harming performance.582

To further examine the impact of model scale, we583

conduct additional experiments with larger models584

and different model families, including the Ling-585

shu (Xu et al., 2025) and HUATUO (Chen et al.,586

2024b) series. As shown in Figure 7 in the Ap-587

pendix, performance degradation caused by ex-588

plicit reasoning is still observed on several bench-589

marks at the 7B and 32B scales. These results590

reinforce our conclusion that explicit reasoning is591

not universally beneficial for medical multimodal592

tasks and suggest that, even in larger models, ex-593

plicit reasoning may interfere with performance594

on medical multimodal tasks.595

4.5 Case Study (RQ4)596

Our case study reveals distinct response behaviors597

across models. Qwen2.5-VL-3B-Instruct adopts a598

conservative strategy, explicitly acknowledging in-599

sufficient medical knowledge and ultimately failing600

to provide a definitive answer. In contrast, InfiMed- 601

SFT-3B can generate a reasoning chain and exhibit 602

a reflective pattern; however, it still converges on 603

an incorrect conclusion. This indicates that SFT 604

primarily enables the model to imitate the form of 605

reflection, without fully achieving genuine under- 606

standing or effective application of reflective rea- 607

soning. InfiMed-RL-3B, by comparison, demon- 608

strates a more structured and deliberate reasoning 609

process. Beyond identifying the correct option, 610

it actively examines and evaluates choices, high- 611

lighting the role of RLVR in encouraging system- 612

atic reasoning rather than reliance on memorized 613

patterns. More case studies are presented in the 614

Appendix A.5. 615

5 Conclusion 616

We introduce the InfiMed-Series models, a set of 617

MLLMs specialized for medical tasks. To address 618

the scarcity and sparsity of multimodal medical 619

data, we augmented the training sets with general 620

multimodal and textual medical data and synthe- 621

sized reflective-pattern-injected CoT data, enabling 622

the models to acquire initial exploratory capabili- 623

ties and providing a structured foundation for sub- 624

sequent RLVR. Experimental results across diverse 625

reasoning-intensive and understanding-oriented 626

medical benchmarks show that the InfiMed-Series 627

models achieve SOTA accuracy among models 628

with similar parameter counts and even surpass 629

some larger models. Beyond performance gains, 630

our analysis provides new insights into the behavior 631

and potential of MLLMs in medical scenarios. 632
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Limitations633

Although our InfiMed-Series models achieve state-634

of-the-art (SOTA) performance among MLLMs635

with a similar number of parameters, they even636

outperform some MLLMs with larger parameter637

counts. However, it is undeniable that open-source638

medical multimodal data often exhibit low qual-639

ity, including poor image resolution, non-uniform640

distribution of modalities, and errors introduced641

during model synthesis. Consequently, some of642

the results may lack full confidence, and the mod-643

els’ performance on more complex medical down-644

stream tasks remains to be thoroughly explored.645

Moreover, how to develop reasoning steps that can646

be more efficient and accurate in the medical field647

is a critical issue that needs further study.648

Ethical considerations649

Our study is purely empirical and focuses on ad-650

vancing research in medical multimodal large lan-651

guage models. We exclusively use standard, pub-652

licly available medical datasets and open-source653

models, all of which are accessed and utilized in654

strict accordance with their respective licenses.655

We acknowledge the potential broader impacts656

and risks associated with deploying MLLMs in657

healthcare, including concerns related to patient658

safety, clinical accuracy, and potential misuse. Our659

work recognizes these challenges and aims to con-660

tribute to the development of more capable medical661

MLLMs in a manner that benefits society and hu-662

man well-being. Importantly, this research does not663

introduce any new or unvalidated clinical applica-664

tions. Instead, we focus on foundational modeling665

principles and ethical considerations relevant to the666

use of MLLMs in medical contexts, and we empha-667

size that future developments should be guided by668

careful ethical evaluation.669

All training data are sourced exclusively from670

publicly available datasets with appropriate cita-671

tions, and no private, sensitive, or personally iden-672

tifiable information is involved. We rely solely673

on datasets and pretrained models intended for re-674

search use and adhere to their original licensing675

terms where specified. For datasets without explicit676

redistribution licenses, we restrict their use strictly677

to research purposes. No additional personal data678

is collected, synthetic data generation is designed679

to avoid the inclusion of identifiable personal in-680

formation, and no human annotators are involved681

in this work. We report model sizes and provide682

detailed experimental setups in the Appendix to 683

support reproducibility. 684

Finally, large language models are used exclu- 685

sively for language editing, such as correcting 686

grammatical and typographical errors. They are not 687

involved in any core research activities, including 688

idea formulation, methodological design, experi- 689

mentation, or result interpretation. 690
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A Appendix 1015

A.1 Construction of 1016

reflective-pattern-injected CoT 1017

In this section, we present the detailed construction 1018

process of the reflective-pattern-injected CoT. 1019

For multimodal datasets with sparse informa- 1020

tion (e.g., multiple-choice questions), each query 1021

is defined as q = {x, I}, where x denotes the tex- 1022

tual task instruction and I represents one or more 1023

images. We first employ Qwen2.5-VL-32B (Bai 1024

et al., 2025) to generate 10 candidate responses 1025

{yi}10i=1 for each query q. Through rejection sam- 1026

pling, we divide these into two subsets: {y+i }mi=1 1027

and {y−i }ni=1, where m+ n = 10. 1028

For each response in {y+i }mi=1, we apply the fol- 1029

lowing prompt to generate a score: 1030

Prompt for CoT Quality Evaluation

You are a medical reasoning evaluator. As-
sess the following response based on these
criteria:
1. Clinical accuracy: Correct incorpora-
tion of medical facts, clinical guidelines,
and evidence-based practices. Accuracy,
relevance, and appropriateness of clinical
details.
2. Logical reasoning: Coherent reason-
ing process, logically leading to the answer,
well-supported by clinical knowledge.
3. Factual correctness: All statements are
factually correct and consistent with estab-
lished medical knowledge.
4. Completeness: Thorough coverage of all
necessary aspects without missing critical
information.
Question: {q}
Response: {y+i }
Please evaluate the response on the above
criteria and ONLY provide the Dict object
with two keys:
{’score’: integer between 1 and 10,
’justification’: concise explanation of
the score. }

1031

After that, we compute the pass@10 for each 1032

query q, which corresponds to the number of cor- 1033

rect responses among the 10 generated candidates, 1034

i.e., m. For m ≥ 6, we directly select the y+i with 1035

the highest score as the generated CoT. If multiple 1036

y+i share the highest score, we randomly choose 1037
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one.1038

For queries with 1 ≤ m ≤ 5, we synthesize1039

a reflective-pattern-injected CoT. Specifically, we1040

first select one of the correct responses y+i with1041

the highest score and then randomly select one of1042

the incorrect responses y−i . The reflective-pattern-1043

injected CoT is subsequently synthesized through1044

the following operation:1045

Synthesis of the reflective-pattern-
injected CoT

{y−i } Wait, perhaps we could consider
it from a different perspective. Let’s re-
evaluate the problem step by step to ensure
accuracy. {y+i }

1046

Finally, we obtain CoT data enriched with reflec-1047

tive patterns through the integration of the afore-1048

mentioned data, and we will release it once it is1049

ready.1050

In summary, in our data construction pipeline,1051

Qwen2.5-VL-32B-Instruct is first employed to gen-1052

erate multiple candidate responses for each input.1053

Incorrect responses are then filtered using ground-1054

truth answers. The remaining correct candidates1055

are subsequently evaluated and scored by Qwen2.5-1056

VL-72B-Instruct across multiple dimensions. This1057

multi-stage generation, filtering, and scoring proce-1058

dure is designed to mitigate biases introduced by1059

reliance on a single model. Nevertheless, we ac-1060

knowledge that some inherent bias is unavoidable,1061

as synthetic medical data construction necessarily1062

involves large-model generation. Accordingly, our1063

pipeline emphasizes reducing the impact of such1064

bias rather than eliminating it entirely.1065

A.2 Reward Function1066

The task-specific reward functions are as follows:1067

• String-based Tasks: For textual answers,1068

Raccuracy(o, gt) is computed by normalizing both1069

the model output and the ground truth (e.g., low-1070

ercasing, removing redundant spaces). This func-1071

tion evaluates the extracted answer from the out-1072

put o, denoted as oans, by comparing it to the1073

ground truth answer gt. We use the Jaccard func-1074

tion to measure the similarity between oans and1075

gt. The Jaccard function can be formulated as:1076

Jaccard(oans, gt) = |oans∩gt|
|oans∪gt| .1077

• Multiple-Choice Questions: For tasks that re-1078

quire selecting an option from a predefined set,1079

Raccuracy(o, gt) is calculated by directly compar-1080

ing the model’s extracted predicted answer, oans, 1081

with the correct ground truth option, gt. A match 1082

results in a reward of 1, while a mismatch yields 1083

a reward of 0. 1084

• Mathematical Tasks: For tasks involv- 1085

ing mathematical expressions or numerical 1086

answers, Raccuracy(o, gt) is determined by 1087

a specialized verification function, denoted 1088

math_verify(oans, gt). This function evaluates 1089

the extracted answer from the output o, denoted 1090

oans, against the ground truth answer gt. The 1091

math_verify function is designed to handle nu- 1092

ances of mathematical evaluation, potentially 1093

allowing for symbolic equivalence or specified 1094

numerical tolerances. A successful verification 1095

yields a reward of 1; otherwise, 0. 1096

• Grounding Tasks: For tasks where a model 1097

predicts a bounding box, we use the Intersec- 1098

tion over Union (IoU) as the reward. This score 1099

measures the overlap between the predicted and 1100

ground-truth bounding boxes. 1101

A.3 Details of the Experimental Setup 1102

Training Datasets. In the SFT stage, we use 1103

a total of 188K training samples from three cat- 1104

egories: (1) multimodal general data (LLaVA- 1105

OneVision (Li et al., 2024a)), (2) multimodal 1106

medical data (VQA-RAD (Lau et al., 2018), 1107

SLAKE (Liu et al., 2021), PathVQA (He et al., 1108

2020), PMC-VQA (Zhang et al., 2023c), and 1109

our synthetic reflective-pattern-injected CoT), and 1110

(3) text-based medical data (ReasonMed (Sun 1111

et al., 2025), Medical-R1-Distill (Chen et al., 1112

2024a), and Medical-o1-Reasoning (Chen et al., 1113

2024a)). During the RLVR stage, we employ 1114

36K samples from multimodal general and medical 1115

datasets, including VQA-RAD, SLAKE, PathVQA, 1116

PMC-VQA, GMAI-Reasoning (Su et al., 2025), 1117

IconQA (Lu et al., 2021), ScienceQA (Lu et al., 1118

2022a), TabMWP (Lu et al., 2022b), TQA (Zhou, 1119

2025), and ViRFT_COCO (Liu et al., 2025e). 1120

A detailed description of each dataset is provided 1121

as follows: 1122

• LLaVA-OneVision (Li et al., 2024a): LLaVA- 1123

OneVision is a large-scale multimodal dataset 1124

comprising 4.8 million samples collected from 1125

diverse sources. It includes single-image, multi- 1126

image, and video modalities, and is specifically 1127

designed to train vision-language models for uni- 1128

fied visual and textual understanding. 1129

• VQA-RAD (Lau et al., 2018): VQA-RAD is a 1130

medical visual question answering dataset con- 1131
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structed for assessing multimodal understanding1132

of radiology. It consists of radiological images1133

paired with manually curated question-answer1134

pairs authored by clinical experts. The dataset1135

includes both open-ended and binary (yes/no)1136

questions.1137

• SLAKE (Liu et al., 2021): SLAKE is a medi-1138

cal visual question answering dataset comprising1139

642 annotated radiological images spanning 391140

anatomical structures and 12 disease categories.1141

The dataset includes conditions such as various1142

cancers (e.g., brain, liver, kidney, lung) and tho-1143

racic diseases (e.g., atelectasis, pleural effusion,1144

pulmonary masses, and pneumothorax).1145

• PathVQA (He et al., 2020): PathVQA is a large-1146

scale dataset developed for medical visual ques-1147

tion answering tasks in the domain of pathology.1148

It comprises 32,799 expert-annotated question-1149

answer pairs spanning seven question categories,1150

grounded in 4,998 high-resolution pathology im-1151

ages. The dataset includes both binary (yes/no)1152

and open-ended questions.1153

• PMC-VQA (Zhang et al., 2023c) PMC-VQA is1154

a large-scale medical visual question answering1155

dataset designed to facilitate research on multi-1156

modal understanding in the medical domain. It1157

comprises 227K VQA pairs grounded in 149K1158

medical images, covering a wide range of imag-1159

ing modalities and disease types.1160

• ReasonMed (Sun et al., 2025): ReasonMed is the1161

largest open-source medical textual reasoning1162

dataset containing 370K QA examples, which is1163

distilled and filtered from three competitive large-1164

language models (Qwen-2.5-72B, DeepSeek-R1-1165

Distill-Llama-70B, and HuatuoGPT-o1-70B).1166

• Medical-R1-Distill (Chen et al., 2024a): Medical-1167

R1-Distill-Data is an SFT dataset distilled from1168

the DeepSeek-R1, constructed on verifiable med-1169

ical questions from HuaTuoGPT-o1. It provides1170

reasoning chains for medical problems, enabling1171

the initialization and supervision of models’ rea-1172

soning processes in the medical domain.1173

• Medical-o1-Reasoning (Chen et al., 2024a):1174

medical-o1-reasoning-SFT is a SFT dataset fo-1175

cused on verifiable medical problems, where can-1176

didate solutions are generated by GPT-4o and1177

validated by a medical verifier, providing high-1178

quality reasoning chains and answers for training1179

medical reasoning models.1180

• GMAI-Reasoning (Su et al., 2025) is a high-1181

quality medical visual reasoning dataset com-1182

prising 10K curated multiple-choice questions1183

constructed from 95 publicly available medical 1184

datasets spanning 12 imaging modalities (e.g., 1185

X-ray, CT, MRI). Each question is paired with 1186

standardized visual inputs and metadata, and gen- 1187

erated using GPT-based prompting, following 1188

rigorous preprocessing and quality control proce- 1189

dures. 1190

• IconQA (Lu et al., 2021): IconQA is a large-scale 1191

dataset containing 107,439 questions designed 1192

to assess abstract icon image understanding and 1193

visual language reasoning abilities. 1194

• ScienceQA (Lu et al., 2022a): ScienceQA con- 1195

tains 21k multimodal questions, which align with 1196

California Common Core Content Standards, 1197

covering diverse science domains, many enriched 1198

with images, lectures, and explanations to sup- 1199

port reasoning-oriented training. 1200

• TabMWP (Lu et al., 2022b): Tabular Math Word 1201

Problems (TabMWP) is a multimodal dataset de- 1202

signed for training models to solve math word 1203

problems using both textual and tabular data. It 1204

contains 38,431 problems spanning elementary 1205

to high school levels, including both free-text and 1206

multiple-choice questions. 1207

• TQA (Zhou, 2025): Textbook Question Answer- 1208

ing (TQA) is a multimodal dataset designed for 1209

training models to answer questions using both 1210

textual and visual content from middle school sci- 1211

ence textbooks. Each sample provides a question, 1212

relevant textual context, and associated images, 1213

enabling models to learn to reason over multi- 1214

modal inputs and generate accurate answers. 1215

• ViRFT_COCO (Liu et al., 2025e) is a vision- 1216

language dataset derived from COCO, containing 1217

around 6,000 samples. It aims to enhance models’ 1218

ability to detect all instances of a given category 1219

within an image and output the corresponding 1220

bounding boxes with confidences under strict 1221

formatting constraints. 1222

Implementation Details. Our InfiMed-Series 1223

models include InfiMed-SFT-3B and InfiMed-RL- 1224

3B. 1225

• InfiMed-SFT-3B, which is built upon Qwen2.5- 1226

VL-3B (Bai et al., 2025), is trained using 1227

LLaMA-Factory (Zheng et al., 2024). We utilize 1228

8 NVIDIA H800 GPUs. The vision tower and 1229

multimodal projector are frozen during training, 1230

while the language model remains fully trainable. 1231

We use a cosine learning rate scheduler with an 1232

initial learning rate of 5× 10−6, a warmup ratio 1233

of 0.1, and train for 5 epochs. The batch size 1234

is set to 4 per device. Furthermore, we set the 1235
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maximum input resolution to 262,144 pixels for1236

images, while text inputs are truncated to a maxi-1237

mum length of 4,096 tokens.1238

• InfiMed-RL-3B is built upon InfiMed-SFT-3B1239

via EasyR1 (Sheng et al., 2024). For the1240

RLVR reward function Rtotal(o, gt) = wformat ·1241

Rformat(o) + wacc · Raccuracy(o, gt), we set the1242

weights wformat = 0.1 and wacc = 0.9. All exper-1243

iments were conducted using 16 NVIDIA H8001244

GPUs. For each phase, we used a learning rate1245

of 1.0×10−6, a batch size of 256 for training up-1246

dates, a rollout batch size of 256, and generated1247

16 rollouts per sample during policy exploration.1248

Evaluation Framework To ensure consistency1249

with prior work and a comprehensive, standard-1250

ized evaluation, we adopt MedEvalKit (Xu et al.,1251

2025), a systematic framework that integrates main-1252

stream medical benchmarks and task types, sup-1253

porting a range of question formats, including1254

multiple-choice questions, open-ended questions,1255

and closed-ended questions. We adopt the mul-1256

timodal evaluation component of the framework,1257

combining rule-based methods with the LLM-as-a-1258

Judge strategy.1259

Evaluation Benchmarks We evaluate our1260

InfiMed-Series models on seven widely used mul-1261

timodal medical benchmarks, assessing both their1262

reasoning ability and their understanding of med-1263

ical knowledge. The detailed description of the1264

benchmarks is as follows:1265

• MMMU (Yue et al., 2024): MMMU is a bench-1266

mark designed to assess the capabilities of multi-1267

modal models on large-scale, multidisciplinary1268

tasks. It comprises 11.5K meticulously curated1269

multimodal questions drawn from university ex-1270

ams, quizzes, and textbooks, covering six core1271

disciplines, including Health & Medicine. The1272

Health & Medicine includes 1,752 test ques-1273

tions—accounting for 17% of the entire bench-1274

mark—and is further subdivided into five special-1275

ized domains: Basic Medical Science, Clinical1276

Medicine, Diagnostics and Laboratory Medicine,1277

Pharmacy, and Public Health.1278

• VQA-RAD (Lau et al., 2018): VQA-RAD is1279

a dataset consisting of question–answer pairs1280

grounded in radiological medical images, in-1281

tended for training and evaluating medical visual1282

question answering systems. It includes both1283

open-ended questions and binary yes/no ques-1284

tions. In total, the dataset comprises 2,248 QA1285

pairs linked to 315 medical images, with all anno-1286

tations manually curated by a team of clinicians1287

Figure 6: Performance comparison of InfiMed-RL-
3B and InfiMed-RL-3B_naive on medical benchmarks.
InfiMed-RL-3B_naive denotes directly utilizing RLVR
upon Qwen2.5-VL-3B.

to ensure clinical relevance and accuracy. 1288

• SLAKE (Liu et al., 2021): SLAKE is a bilingual 1289

(Chinese-English) dataset specifically designed 1290

for medical visual question answering systems. 1291

It consists of 642 medical images paired with 1292

14,028 question-answer instances. 1293

• PathVQA (He et al., 2020): PathVQA is de- 1294

signed for visual question answering in the field 1295

of pathology. It comprises 4,998 pathology im- 1296

ages collected from two pathology textbooks and 1297

the PEIR digital library, accompanied by a total 1298

of 32,799 question-answer pairs. 1299

• PMC-VQA (Zhang et al., 2023c): PMC-VQA is 1300

a large-scale multimodal dataset constructed for 1301

medical visual question answering. It contains 1302

227,000 VQA questions grounded in 149,000 1303

medical images spanning a wide range of imag- 1304

ing modalities and disease types. 1305

• OmniMedVQA (Hu et al., 2024): OmniMed- 1306

VQA is a large-scale and comprehensive visual 1307

question answering benchmark tailored specifi- 1308

cally for the medical domain. It aggregates data 1309

from 73 distinct medical datasets, comprising 1310

118,010 images and 127,995 question-answer 1311

pairs. The benchmark encompasses 12 differ- 1312

ent medical imaging modalities and covers more 1313

than 20 anatomical regions of the human body. 1314

• MedXpertQA (Zuo et al., 2025): MedXpertQA 1315

is a benchmark specifically designed to evaluate 1316

professional medical knowledge. It comprises 1317

4,460 questions spanning 17 medical specialties 1318

and 11 organ systems. In our experiments, we 1319

utilize only the multimodal subset of the dataset. 1320
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A.4 Supplementary Analysis for Ablation1321

Experiments1322

In addition to the ablations on individual data com-1323

ponents, we conduct supplementary experiments1324

to examine the effect of moderate changes in data1325

proportions. Specifically, we increase and decrease1326

the amounts of general multimodal data and tex-1327

tual medical data by 20K samples. As shown in1328

Table 2, these adjustments result in performance1329

variations across benchmarks, reflecting the com-1330

plementary roles of the two data types. Our final1331

data composition is determined based on empirical1332

observations from preliminary experiments, which1333

indicate that this setting provides a stable balance1334

between visual understanding and medical-domain1335

reasoning. While alternative ratios may yield fur-1336

ther improvements, an exhaustive search for opti-1337

mal data proportions is beyond the scope of this1338

work.1339

To further isolate the contribution of reflective-1340

pattern-injected CoT, we conduct an additional ab-1341

lation in which reflective CoT data is replaced with1342

an equal amount of general CoT samples. Models1343

trained with reflective CoT consistently outperform1344

those trained with general CoT, demonstrating that1345

the reflective formulation itself provides unique1346

benefits by encouraging intermediate reasoning, er-1347

ror identification, and self-correction.1348

The lower half of Table 2 reports RLVR ablation1349

results focusing on variants trained without general1350

multimodal data. Removing this component causes1351

performance on MMMU-H&M to fall below that1352

of InfiMed-SFT-3B, indicating that RLVR relying1353

solely on medical multimodal data—typically less1354

reasoning-intensive—can reduce overall reasoning1355

capability and lead to performance degradation.1356

In this subsection, we further present RLVR ab-1357

lation studies that explore two different training1358

initializations: one starting from the Qwen2.5-VL-1359

3B-Instruct model (Bai et al., 2025), and the other1360

from our InfiMed-SFT-3B. The results are shown1361

in Figure 6. Notably, on benchmarks requiring1362

substantial domain-specific knowledge, such as1363

VQA-RAD, PathVQA, and SLAKE, the InfiMed-1364

RL-3B_naive model significantly underperforms1365

InfiMed-RL-3B. This indicates that directly ap-1366

plying RLVR to Qwen2.5-VL-3B-Instruct without1367

domain-specific SFT leads to inferior performance,1368

particularly on tasks that demand the understanding1369

and memorization of medical knowledge. These1370

results underscore the importance of a proper cold-1371

(a) Huatuo-GPT-V-7B (b) Lingshu-32B

Figure 7: Comparison of direct-answer and reasoning-
based prompts on medical benchmarks with larger mod-
els.

start phase, where injecting knowledge-rich data 1372

during SFT is critical for establishing a solid foun- 1373

dation for subsequent RLVR. 1374

Consistent trends are also observed on MMMU- 1375

H&M, where InfiMed-RL-3B achieves a sub- 1376

stantially higher score (55.33) than InfiMed-RL- 1377

3B_naive (46.67). Given that MMMU-H&M re- 1378

quires both complex reasoning and comprehensive 1379

multimodal understanding, this further highlights 1380

the essential role of the SFT phase in enabling 1381

effective knowledge integration. Similar improve- 1382

ments on PMC-VQA and MedXpertQA-MM fur- 1383

ther confirm that prior domain-specific fine-tuning 1384

facilitates more effective RLVR training. 1385

Finally, we investigate whether enlarging the 1386

RLVR dataset leads to additional performance 1387

gains. We construct an expanded RLVR set by 1388

incorporating 16K additional medical questions 1389

from SLAKE (5K), PathVQA (9K), and VQA- 1390

RAD (2K), prioritizing cases where InfiMed-SFT- 1391

3B exhibits the lowest accuracy across multiple 1392

attempts. As shown in Table 3, simply increas- 1393

ing the number of RLVR training questions does 1394

not consistently improve performance. This sug- 1395

gests that while additional RLVR data may offer 1396

marginal benefits, the gains are limited relative to 1397

the significant effort required to curate high-quality 1398

multimodal medical RLVR data. 1399

A.5 Case Studies on Qwen2.5-VL-3B-Instruct, 1400

InfiMed-SFT-3B, and InfiMed-RL-3B 1401

In this section, we present additional case stud- 1402

ies to illustrate the distinct responses of Qwen2.5- 1403

VL-3B, InfiMed-SFT-3B, and InfiMed-RL-3B. In 1404

summary, our analysis reveals that the InfiMed- 1405

SFT-3B model already obtains self-reflective abil- 1406

ity but is prone to delivering redundant responses, 1407

whereas the InfiMed-RL-3B model minimizes ver- 1408

bosity while ensuring accuracy in its answers. 1409

This change is consistent with the characteris- 1410
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Table 3: Ablation study examining data composition during the RLVR stage. ∆|Data| denotes the changes of
the training dataset.

Model ∆|Data| Accuracy (%)

MMMU-H&M VQA-RAD SLAKE PathVQA PMC-VQA OMVQA MedXQA Avg.

Base Model
Qwen2.5VL-3B - 51.3 56.8 63.2 37.1 50.6 64.5 20.7 49.2
Ablation Study in RLVR Stage
InfiMed-RL-3B - 55.3 60.5 82.4 62.0 58.7 71.7 23.6 59.2
InfiMed-RL-3B+medical_mm +16K 56.0 60.9 82.2 61.5 58.4 70.0 23.6 58.9
InfiMed-RL-3B-w/o-general −10K 53.3 60.7 81.9 61.6 58.3 70.0 23.6 58.4

InfiMed-RL-3B Answer:
The PET/CT scan shows a nodule in the left lower lobe of the lung, as indicated by the arrow pointing to the left side of the image. The
orientation of the scan is such that the right side of the patient's body is on the left side of the image, and the left side of the patient's body is on
the right side of the image. Therefore, the nodule is in the left lower lobe. \\boxed{B}

Question:
Which lobe of the lung was affected by
the nodule seen on the PET/CT scan?
A:Right middle lobe
B:Left lower lobe
C:Right upper lobe
D:Left upper lobe

Qwen2.5-VL-3B Answer:
To determine which lobe of the lung was
affected by the nodule, we need to
consider the anatomical location of the
nodule in relation to the lung lobes.
Typically, the right lung has three lobes
(upper, middle, and lower), while the left
lung has two lobes (upper and lower). The
nodule is located near the heart, which is
positioned more towards the center of
the chest. Given this information, it is
more likely that the nodule is in the left
lower lobe. The final answer is B.

InfiMed-SFT-3B Answer:
To determine which lobe of the lung is affected by the nodule seen on the PET/CT scan, let\'s analyze the image step by step:\n\n1. **Orientation**:
The image is labeled with "R" (right) and "L" (left), indicating the patient\'s right and left sides. The nodule is located towards the left side of the
image.\n\n2. **Anatomical Location**: The nodule appears to be in the central part of the chest, near the mediastinum. It is positioned in the area
that corresponds to the left lung.\n\n3. **Lung Lobes**: \n - The **right lung** has three lobes: upper, middle, and lower.\n - The **left lung**
has two lobes: upper and lower.\n - The nodule is located in the central area, closer to the mediastinum, which is consistent with the location of the
left upper lobe. Given these observations, the nodule is most likely affecting the **left upper lobe**.\n\n\\boxed{D}\n Wait, perhaps we could
consider it from a different perspective. Let’s re-evaluate the problem step by step to ensure accuracy.\nThe image provided is a CT scan
showing a cross-sectional view of the thorax. The arrow points to a region in the lower part of the image, which corresponds to the left side of the
patient. The structure indicated by the arrow appears to be in the lower lobe of the lung.\n\nGiven the orientation:\n- The left side of the image
corresponds to the patient\'s right side.\n- The right side of the image corresponds to the patient\'s left side.\n\nThus, the structure indicated
by the arrow is in the **left lower lobe**.\n\n\\boxed{B}

Ground Truth:
B:Left lower lobe

Figure 8: Case study on Qwen2.5-VL-3B, InfiMed-
Series models in medical VQA. Red denotes errors or
irrelevant content, whereas Green denotes correct or
important information. All of the models answered
correctly; InfiMed-SFT-3B answered correctly after re-
flection.

tics of the GRPO optimization mechanism. During1411

GRPO training, the gradient update for each roll-1412

out response is normalized by its length, which1413

amplifies the learning signal for shorter and correct1414

responses. Consequently, the reinforcement learn-1415

ing stage naturally encourages the model to prefer1416

concise and accurate answers rather than extended1417

reflective chains. The reflective supervision used1418

during SFT primarily serves to enrich the model’s1419

reasoning search space for RLVR, rather than to en-1420

force reflective verbosity in the final model. After1421

RLVR, the model shifts from imitating reflection-1422

style formats to producing more efficient outputs,1423

which explains the observed reduction in explicit1424

reflective content.1425

InfiMed-RL-3B Answer:
The image appears to be a medical scan, likely an MRI or CT scan, showing a cross-sectional view of a structure that resembles a bone or a bony
structure. The presence of a well-defined, possibly abnormal, area within the structure suggests the possibility of a neoplasm (tumor) or a lesion. The
context and appearance are consistent with imaging findings of a bone tumor.\n</think>\n\\boxed{D}.

Question:
What can be observed in this
image?
A) Gastric ulcer
B) Pulmonary embolism
C) Cardiac arrhythmia
D) Osseous neoplasm

Qwen2.5-VL-3B Answer:
To determine what can be observed in this image, we need to consider the
typical characteristics of each condition mentioned:\n- A) Gastric ulcer:
This is a lesion in the stomach lining that appears as a hypoechoic (dark)
area on ultrasound.\n- B) Pulmonary embolism: This is a blockage in a
blood vessel in the lungs and is not typically imaged using MRI.\n- C)
Cardiac arrhythmia: This involves irregular heartbeats and is usually
assessed through ECG or other imaging modalities like
echocardiography.\n- D) Osseous neoplasm: This refers to a tumor in
bone tissue and would appear as an abnormal mass on imaging.\n\nGiven
the appearance of the image, which shows a dark area with a
surrounding rim, it is most consistent with a gastric ulcer. Therefore,
the answer is A.

InfiMed-SFT-3B Answer:
The image appears to be a medical scan, likely an MRI or CT scan, showing a cross-sectional view of a structure that resembles the heart. The dark
central area could represent the cardiac chambers, and the surrounding structures might indicate the presence of a mass or abnormality.\n\nGiven
the options:\n- **Gastric ulcer**: This is typically visualized on an upper GI series or endoscopy, not an imaging scan of the heart.\n- **Pulmonary
embolism**: This would show up as a blockage in the pulmonary arteries, usually seen on a CT pulmonary angiogram or V/Q scan, not a cardiac scan.\n-
**Cardiac arrhythmia**: This could be inferred from the presence of an abnormal mass or structure affecting the heart's electrical system, which is
consistent with the appearance of a cardiac neoplasm.\n- **Osseous neoplasm**: This would show bone abnormalities, which are not visible in this
type of scan.\n\nThe most plausible observation based on the image is related to the heart, making **cardiac arrhythmia** the least likely
option, while **osseous neoplasm** is also unlikely.\n\nThus, the most appropriate answer is:\n\n\\boxed{C}

Ground Truth:
D) Osseous neoplasm

Figure 9: Case study on Qwen2.5-VL-3B, InfiMed-
Series models in medical VQA. Red denotes errors or
irrelevant content, whereas Green denotes correct or
important information. Only InfiMed-RL-3B answered
correctly, providing a direct and accurate response by
correctly identifying the key visual information and
selecting the correct answer with a concise and focused
explanation.

InfiMed-RL-3B Answer:
<think>The image provided appears to be a series of ultrasound scans, as indicated by the characteristic grayscale and the appearance of the tissue
structures. Ultrasound is commonly used for visualizing internal organs, including the liver, and is particularly useful for detecting lesions due to
its ability to show detailed structural information in real-time.\n\nCT scans and X-rays typically provide cross-sectional images and are less detailed
in real-time visualization of soft tissues like the liver. MRI provides detailed images but is usually not the first choice for real-time visualization of liver
lesions, and it is less likely to be the format shown here.\n\nTherefore, the most appropriate diagnostic tool used here is an
ultrasound.</think>\n\\boxed{D}\n

Question:
What diagnostic tool was used to visualize the patient's liver lesion?
A: CT scan B: X -ray C: MRI D: Ultrasound

Qwen2.5-VL-3B Answer:
The images provided in the figure show cross-sectional views of the liver, which is characteristic of a
CT scan. Ultrasound images typically do not show such detailed cross-sectional views of organs. X-
rays are not commonly used for visualizing liver lesions in this manner. MRI images often have different
characteristics compared to the ones shown here. The answer is A.

InfiMed-SFT-3B Answer:
The images provided are grayscale and show a cross-sectional view with clear visualization of internal structures, including what appears to be a liver
lesion. The presence of white arrows pointing to specific areas suggests a diagnostic imaging technique that allows for detailed visualization of soft
tissues.\n\n- **CT scan (A)**: Typically shows detailed anatomical structures but is not as sensitive for soft tissue differentiation as ultrasound.\n-
**X-ray (B)**: Primarily used for bone structures and does not provide detailed soft tissue images.\n- **MRI (C)**: Provides excellent soft tissue
contrast but is less commonly used for real-time imaging compared to ultrasound.\n- **Ultrasound (D)**: Uses sound waves to create images and is
excellent for visualizing soft tissues, including liver lesions. It is also real-time, which aligns with the dynamic nature of the images shown.\n\nGiven the
characteristics of the images, the most likely diagnostic tool used is **ultrasound**.\n\n\\boxed{D}

Ground Truth:
D: Ultrasound

Figure 10: Case study on Qwen2.5-VL-3B, InfiMed-
Series models in medical VQA. Red denotes errors or
irrelevant content, whereas Green denotes correct or
important information. Qwen2.5-VL-3B’s response is
incorrect because it fundamentally fails to recognize the
visual characteristics of an ultrasound scan, leading to a
flawed conclusion. InfiMed-SFT-3B provides a detailed,
step-by-step reasoning process, while InfiMed-RL-3B
offers a more direct and accurate answer, showcasing
its improved ability to instantly recognize diagnostic
imaging types.
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InfiMed-RL-3B Answer:
The ultrasound image shows a structure that appears to be the uterus, given its characteristic appearance with a central area that might represent
the endometrial cavity and surrounding tissue. The structure is consistent with the typical appearance of a uterus in an ultrasound
scan.\n\n\\boxed{B}.

Question:
What is being displayed in this ultrasound image?

A) Esophagus B) uterus C) Testis D) Prostate

Qwen2.5-VL-3B Answer:
The ultrasound image shows a structure with a central area that appears to be fluid-filled, surrounded by a more
solid, echogenic (bright) area. This is characteristic of a testicular ultrasound. The central area could represent
the epididymis or spermatic cord, while the surrounding area represents the testicle.\nTherefore, the answer
is C.

InfiMed-SFT-3B Answer:
To determine what is being displayed in the ultrasound image, let's analyze the visual characteristics:\n\n1. **Shape and Structure**: The image
shows a structure that appears to be a solid, oval-shaped mass with some internal echoes. This suggests it could be a gland or organ.\n\n2.
**Location**: The structure is located in a region that is consistent with the location of the prostate gland in males.\n\n3. **Ultrasound
Features**:\n - The image shows a relatively homogeneous structure with some internal echoes.\n - There are no clear indications of the typical
features of other structures like the esophagus, uterus, or testis.\n\nGiven these observations, the most likely structure being displayed is the
prostate gland.\n\n\\boxed{D}

Ground Truth:
(B) uterus

Figure 11: Case study on Qwen2.5-VL-3B, InfiMed-
Series models in medical VQA. Red denotes errors or
irrelevant content, whereas Green denotes correct or im-
portant information. Incorrectly identifies the image and
chooses the wrong answer. InfiMed-SFT-3B provides
a detailed analysis that correctly rules out most options
but ultimately guesses the wrong answer. InfiMed-RL-
3B is the only model that correctly identifies the organ
shown, providing the most direct and accurate response.

InfiMed-RL-3B Answer:
The patient is an 18-year-old female athlete with persistent knee pain unresponsive to medication. The plain radiograph shows a lesion in the femoral
metaphysis. The options provided include various bone lesions, and the context suggests a young adult with a specific location of the lesion. \n\n-
**Ewing sarcoma** typically affects younger individuals and often occurs in the diaphysis or metaphysis of long bones, but it is more common in the
pelvis and femur.\n- **Osteosarcoma** is another common primary bone tumor, often occurring in adolescents and young adults, and it typically
affects the metaphysis of long bones.\n- **Eosinophilic granuloma** is a form of Langerhans cell histiocytosis, which can occur in young adults but is
less common.\n- **Enchondroma** is a benign cartilage tumor that usually occurs in the hands and feet, and it is less likely to present with such a
localized lesion in the femur.\n- **Osteoid osteoma** is a benign bone tumor that typically presents with pain that improves with NSAIDs and is
often located in the diaphysis of long bones.\n\nGiven the age, location, and presentation, the most probable diagnosis is
**osteosarcoma**.n\\boxed{B}

Question:
An 18-year-old female athlete who plays basketball
comes to the clinic with persistent knee pain that has
been unresponsive to anti-inflammatory medication.
The plain radiograph demonstrates a lesion located in
the femoral metaphysis (figure shown). What is the
most probable diagnosis?
A. Ewing sarcoma
B. Osteosarcoma
C. Eosinophilic granuloma
D. Enchondroma
E. Osteoid osteoma

Qwen2.5-VL-3B Answer:
The plain radiograph shows a lytic lesion in
the metaphysis of the femur, which is
characteristic of Ewing sarcoma. This type
of tumor typically presents with bone pain
and can be aggressive, often requiring
surgical intervention. Therefore, the
answer is A.

InfiMed-SFT-3B Answer:
The plain radiograph shows a lesion in the femoral metaphysis of an 18-year-old female athlete. Let\’s evaluate the options ... The presence of a
sunburst pattern on imaging would support this diagnosis.\n\n\\boxed{B}\n Wait, perhaps we could consider it from a different perspective. Let’s
re-evaluate the problem step by step to ensure accuracy.\nTo determine the most probable diagnosis for the lesion in the femoral metaphysis of an
18-year-old female athlete, let\‘s analyze the provided information and the options:\n1. **Patient Demographics and Activity**: ... \n2. **Lesion
Characteristics**: ... \n3. **Option Analysis**: ... \n4. **Most Likely Diagnosis**: Given the patient\'s age, activity level, and the characteristics of
the lesion (well-circumscribed and radiolucent), the most probable diagnosis is **enchondroma**.\n\n\\boxed{D}

Ground Truth: (B) Osteosarcoma

Figure 12: Case study on Qwen2.5-VL-3B, InfiMed-
Series models in medical VQA. Red denotes errors or
irrelevant content, whereas Green denotes correct or
important information. Qwen2.5-VL-3B incorrectly
identifies the lesion. InfiMed-SFT-3B initially makes
a correct deduction but then overthinks the problem,
leading to a self-correction that results in the wrong an-
swer. InfiMed-RL-3B provides a detailed and accurate
analysis.

InfiMed-RL-3B Answer:
The patient's symptoms and clinical presentation suggest a vasculitis, likely involving the small to medium-sized vessels. The abdominal angiography
images show abnormalities consistent with vasculitis, such as vessel narrowing or occlusion. The most common vasculitis associated with abdominal
angiography findings in this context is polyarteritis nodosa, which is often linked to hepatitis B virus (HBV) infection. Therefore, the most likely
underlying diagnosis is hepatitis B.\\boxed{E}.

Question:
A 62-year-old male patient is admitted to the hospital with symptoms including
bilateral muscle aches and weakness affecting the anterior thighs and lower
posterior legs, persisting for one month. He reports a 10 kg weight loss. Physical
examination reveals numbness in the anterior thighs and posterior lower legs,
without any skin abnormalities or abdominal tenderness. Laboratory results
indicate elevated inflammatory markers. CT scans of chest, abdomen, and pelvis
show no significant findings, and ANCA testing is negative. After performing
abdominal angiography (images shown), which of the following conditions is most
commonly associated with this patient's underlying diagnosis?
(A)Systemic lupus erythematosus
(B) Chronic lymphocytic leukemia
(C) HIV
(D) Tuberculosis
(E) Hepatitis B

Qwen2.5-VL-3B Answer:
The patient's symptoms include bilateral muscle aches and weakness, weight loss, and numbness in the anterior thighs and posterior lower legs. These
symptoms are consistent with vasculitis, which can be caused by various conditions such as systemic lupus erythematosus (SLE), chronic lymphocytic
leukemia (CLL), HIV, tuberculosis (TB), and hepatitis B. However, the abdominal angiography images show multiple small vessel occlusions, which is
more suggestive of a vasculitis that affects small vessels. The correct answer is A.

InfiMed-SFT-3B Answer:
The images provided are angiograms showing abnormal vascular structures, likely indicative of a vascular malformation or abnormal blood flow. Given the
clinical presentation of bilateral muscle aches and weakness, numbness, weight loss, and elevated inflammatory markers, the most likely diagnosis is
**polyarteritis nodosa (PAN)**, which is a systemic vasculitis affecting medium-sized arteries.\n\n Analysis of Answer Choices:\n- **(A) Systemic
lupus erythematosus (SLE):** While SLE can cause vasculitis, it typically affects small to medium-sized vessels and is more commonly associated with
other symptoms such as joint pain, malar rash, and serositis. The angiographic findings do not strongly suggest SLE.\n \n- **(B) Chronic lymphocytic
leukemia (CLL):** CLL is a cancer of the white blood cells and does not typically present with the vascular abnormalities seen here. The angiographic
findings are more consistent with a vasculitis rather than a hematologic malignancy.\n\n- **(C) HIV:** HIV can lead to various complications, including
vasculitis, but the angiographic findings are not characteristic of HIV-related vasculitis. Additionally, the patient's age and presentation do not strongly
suggest HIV.\n\n- **(D) Tuberculosis:** Tuberculosis can cause vasculitis, particularly in the context of granulomatous disease. However, the
angiographic findings are not typical for TB-related vasculitis, and the patient's presentation does not strongly suggest TB.\n\n- **(E) Hepatitis B:**
Hepatitis B can cause liver-related complications and is not typically associated with the vascular abnormalities seen in the angiograms. The patient's
presentation does not strongly suggest hepatitis B.\n\n Conclusion:\nThe angiographic findings are most consistent with **polyarteritis nodosa (PAN)**,
which is a systemic vasculitis that can affect medium-sized arteries. Among the given options, **HIV** is the least likely, as the angiographic
findings do not align with typical HIV-related vasculitis. Therefore, the most appropriate answer is C.

Ground Truth: (E) Hepatitis B

Figure 13: Case study on Qwen2.5-VL-3B, InfiMed-
Series models in medical VQA. Red denotes errors or
irrelevant content, whereas Green denotes correct or
important information. Only InfiMed-RL-3B success-
fully synthesizes the angiographic findings and patient
symptoms to provide the correct diagnosis.

InfiMed-RL-3B Answer:
The patient is a 6-year-old boy with a forearm deformity, and the radiographs suggest a potential bone or joint issue. Given the age and presentation,
it's important to rule out any underlying systemic conditions or complications. A complete blood count (CBC) is a basic test that can help identify
infections, anemia, or other systemic issues. A renal ultrasound might be necessary to check for renal abnormalities or conditions that could affect bone
health. An echocardiogram could be important if there are concerns about cardiac involvement, especially if the deformity is related to a systemic
condition. Therefore, the most appropriate additional tests would include a CBC, renal ultrasound, and echocardiogram.\\boxed{A}

Question:
A 6-year-old boy presents with a forearm deformity, and
radiographs in Figure A confirm the diagnosis. What
additional diagnostic tests should be performed for this
patient?
(A) CBC, renal ultrasound, and echocardiogram
(B) CBC and MRI
(C) CBC and renal ultrasound only
(D) No additional testing needed
(E) CBC

Qwen2.5-VL-3B Answer:
The patient has a forearm deformity that is
confirmed by the radiographs. The most common
causes of forearm deformities include radial head
dislocation, radial head fracture, and radial head
subluxation. These conditions can be diagnosed based
on the clinical presentation and physical examination
findings. However, if there is any suspicion of a more
serious underlying condition such as radial head
dislocation or fracture, further imaging studies like
MRI may be necessary to rule out other potential
diagnoses. Therefore, the answer is B.

InfiMed-SFT-3B Answer:
To determine the appropriate additional diagnostic tests for a 6-year-old boy presenting with a forearm deformity, let's analyze the situation step by
step:\n\n1. **Clinical Presentation**: The patient is a young child with a forearm deformity. This could be due to various reasons such as congenital
conditions, trauma, or metabolic disorders.\n\n2. **Radiographic Findings**: The provided image shows radiographs of the forearm and hand. The
specific findings would help in diagnosing conditions like rickets, osteogenesis imperfecta, or other bone disorders. However, without specific details
from the radiographs, we cannot pinpoint the exact condition.\n\n3. **Diagnostic Considerations**:\n - **CBC (Complete Blood Count)**: Useful for
detecting anemia, infection, or other hematological abnormalities.\n - **Renal Ultrasound**: To evaluate kidney function and look for structural
abnormalities that might be related to renal issues.\n - **Echocardiogram**: To assess cardiac function and detect any underlying cardiovascular
issues that could be related to metabolic disorders.\n\n4. **Additional Tests**:\n - **CBC**: Essential to rule out systemic conditions like anemia or
infection.\n - **Renal Ultrasound**: Important to check for renal abnormalities, especially if there is suspicion of renal tubular acidosis or other renal
metabolic disorders.\n - **Echocardiogram**: Necessary to evaluate cardiac function and detect any underlying cardiovascular issues related to
metabolic disorders.\n\n5. **Conclusion**: Given the clinical presentation and the need to rule out systemic conditions, the most appropriate additional
tests would include a CBC, renal ultrasound, and echocardiogram.\n\nThus, the correct answer is:\n\\boxed{A}.

Ground Truth:
(A) CBC, renal ultrasound, and echocardiogram

Figure 14: Case study on Qwen2.5-VL-3B, InfiMed-
Series models in medical VQA. Red denotes errors or
irrelevant content, whereas Green denotes correct or
important information. Qwen2.5-VL-3B incorrectly
identifies the necessary tests. Both InfiMed-SFT-3B and
InfiMed-RL-3B correctly solve this case, but InfiMed-
RL-3B provides a more direct and efficient answer.

InfiMed-RL-3B Answer:
Okay, let's see. The question is asking what Figure B shows. The image is divided into parts A, B, C, and D. Figure B is the middle panel, I think.
\n\nLooking at Figure B, it has a color bar that goes from 0 to 0.5 mM, and there are labeled points a, b, c, d. These points are likely indicating
different locations in the sample. The graph in Figure D corresponds to these points, with time on the x-axis and concentration on the y-axis. \n\nThe
graphs in D (a, b, c, d) show concentration over time. The concentration starts at around 0.1 mM and increases over 15 hours. Since the graphs
are for the same time period, and the concentration increases linearly, it suggests that Figure B is showing the concentration profile of a substance
over time. \n\nNow, the question is about Figure B specifically. Figure B is a map or a distribution of concentration across the sample. The labeled
points a, b, c, d correspond to the locations in the sample where the concentration is being measured. Since the graphs in D are for these points,
and they show the concentration increasing over time, Figure B must be the concentration map after some time of administration. \n\nThe
options given are about the time after administration. The graphs in D show that the concentration increases over 15 hours. So Figure B, which is the
concentration map, would be showing the distribution of the substance after a certain period. If the graphs in D are for 15 hours, then Figure B
must be the concentration after 14 hours, as the graphs continue to the 15-hour mark. \n\nTherefore, the answer should be B: The
concentration of CA after 14 hours of administration.

Question:
What does figure B show?
(A)The concentration of CA after 7 hours of administration.
(B)The concentration of CA after 14 hours of administration.
(C)The concentration of CA after 21 hours of administration.
(D)The concentration of CA after 28 hours of administration.

Qwen2.5-VL-3B Answer:
In the figure, the x-axis is labeled 'Time [h]' and the y-axis is labeled 'Conc. [mM]', indicating that it shows the
concentration of CA over time. The graphs in panel D correspond to different time points, with the graph labeled
'a' showing data from 0 to 7 hours, 'b' from 0 to 14 hours, 'c' from 0 to 21 hours, and 'd' from 0 to 28 hours.
Therefore, the correct answer is (C) 'The concentration of CA after 21 hours of administration.

InfiMed-SFT-3B Answer:
Figure B shows the concentration of CA (likely referring to a compound like curcumin or another substance) over time, with labeled points a, b, c, and
d indicating different regions or stages of concentration change. The graphs in Figure D correspond to these labeled points, showing the
concentration over time. Since the graphs in Figure D represent data points at regular intervals (likely hourly), and considering the options provided,
the correct answer is:\n\nAnswer Choice: (A)The concentration of CA after 7 hours of administration.

Ground Truth:
(B) The concentration of CA
after 14 hours of administration.

Figure 15: Case study on Qwen2.5-VL-3B, InfiMed-
Series models in medical-related VQA (MMMU-H&M).
Red denotes errors or irrelevant content, whereas Green
denotes correct or important information. Qwen2.5-
VL-3B incorrectly identifies the relevant data series.
InfiMed-SFT-3B fails to correctly interpret the graphs
and provides an incorrect analysis. Only InfiMed-RL-
3B correctly synthesizes the information from both the
concentration map and the graphs to provide the right
answer.
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InfiMed-RL-3B Answer:
The image appears to be a medical scan, likely an MRI or CT scan, showing a cross-sectional view of the body.
The presence of contrast and the structure suggest it could be a diagnostic image. However, without
specific medical training or additional context, it's challenging to definitively identify any abnormalities. The
appearance could be normal, but the presence of contrast and the complexity of the image might
indicate the presence of some structural or physiological changes.\n\\boxed{D}

Question:
Does this image show any variation from normal?
A. It's difficult to determine if there is an abnormality based on this
image.
B. There is a possibility of abnormality, but further tests are needed for
confirmation.
C. I'm not sure, but there might be a slight abnormality.
D. No, It's normal.

Qwen2.5-VL-3B Answer:
To determine if there is an abnormality in the image, we need to consider the typical appearance of normal
tissues and structures. The image shows a cross-sectional view of what appears to be a body part, possibly
the neck or throat area, with various structures visible.\n\n1. **Identify Normal Structures**: In a normal
CT scan of the neck or throat, you would expect to see structures such as the thyroid gland, larynx, trachea,
and other soft tissues. These structures should have specific shapes and densities that are characteristic
of their normal state.\n\n2. **Analyze Abnormalities**: If there are any deviations from these expected
shapes or densities, it could indicate an abnormality. For example, an enlarged thyroid gland, a mass in the
larynx, or changes in the tracheal wall could suggest pathology.\n\n3. **Consider the Image**: Based on the
provided image, there are no obvious signs of gross abnormalities like masses, calcifications, or unusual
shapes that would typically indicate pathology. However, without a detailed analysis by a radiologist who
specializes in interpreting such images, it is challenging to definitively say whether there is an
abnormality.\n\n Given the options:\n- Option A suggests it's difficult to determine if there is an
abnormality based on this image alone.\n- Option B implies there is a possibility of abnormality but requires
further testing.\n- Option C suggests there might be a slight abnormality, which is less definitive than
option A.\n- Option D states it's normal, which is too definitive given the lack of clear indicators of
abnormality.\n\n Considering all factors, the most appropriate answer is: A

InfiMed-SFT-3B Answer:
To determine if the image shows any variation from normal, let's analyze the visual characteristics:\n\n1.
**Overall Structure**: The image appears to show a cross-sectional view of a structure, possibly a part of
the body like the brain or spinal cord. The symmetry and structure seem intact.\n\n2. **Anatomical
Features**: There are no obvious structural abnormalities such as holes, irregularities, or unusual shapes
that would suggest a pathological condition.\n\n3. **Color and Texture**: The colors and textures appear
consistent with what would be expected in a normal anatomical structure. There are no areas that stand out
as abnormal in terms of color or texture.\n\n4. **Comparison to Normal Expectations**: Without a
reference image or additional context, it is challenging to definitively say whether there is an abnormality.
However, the image does not show any clear signs of pathology.\n\nGiven these observations, the most
appropriate answer is:\n\n\\boxed{A}. Wait, perhaps we could consider it from a different perspective.
Let’s re-evaluate the problem step by step to ensure accuracy.\nTo determine if the image shows any
variation from normal, let's analyze the provided MRI scan step by step:\n\n1. **General Observations**:\n
- The image appears to be an MRI scan of the abdomen or pelvis.\n - There are structures visible, including
what looks like the spine, surrounding tissues, and possibly organs.\n\n2. **Specific Features**:\n - The
central area appears to have a relatively uniform structure, which is typical for normal tissue.\n - There
are no obvious signs of abnormal masses, lesions, or distortions in the immediate vicinity of the spine or
surrounding structures.\n\n3. **Comparison to Normal Anatomy**:\n - Normal anatomy in this region would
typically show well-defined structures without significant abnormalities.\n - The image does not show any
clear signs of pathology such as tumors, inflammation, or other anomalies.\n\n4. **Conclusion**:\n - Based
on the uniform appearance and lack of visible abnormalities, the image does not show any variation
from normal.\n\nTherefore, the most appropriate answer is:\n\n\\boxed{D}

Ground Truth:
D. No, It's normal.

Figure 16: Case study on Qwen2.5-VL-3B, InfiMed-
Series models in medical VQA. Red denotes errors or
irrelevant content, whereas Green denotes correct or
important information. Qwen2.5-VL-3B’s response is
incorrect, while InfiMed-SFT-3B correctly answers after
a detailed analysis and reflection, and InfiMed-RL-3B
provides the most direct and accurate correct answer.

InfiMed-RL-3B Answer:
The chest X-ray in panel (A) shows a clear view of
the heart. The cardiac silhouette appears to be
within the normal range for the patient's thoracic
cavity, suggesting a normal cardiac size. Enlarged
or abnormal cardiac size would typically be
indicated by a heart that appears
disproportionately large relative to the thoracic
cavity.\n\boxed{B}

Question:
What is the cardiac size on the chest X-ray in panel (A)?
A: Enlarged B: Normal
C: Small D: Cannot be determined

InfiMed-SFT-3B Answer:
To determine the cardiac size on the chest X-
ray in panel (A), let's analyze the image step by
step:\n\n1. Chest X-ray (Panel A):\n - The
image shows a frontal view of the chest.\n - The
heart shadow is visible, and its size relative to
the rest of the thoracic cavity can be
assessed.\n - There is no clear indication of
significant enlargement or reduction in the size
of the heart compared to the surrounding
structures.\n\n2. Comparison with Normal
Cardiac Size:\n - In a normal chest X-ray, the
heart should not appear disproportionately large
or small compared to the thoracic cavity.\n - The
heart should occupy a proportionate portion of
the thoracic cavity.\n\n3. Analysis:\n - The
heart appears to be of normal size in relation to
the thoracic cavity.\n - There is no evidence of
cardiomegaly (enlargement) or microcardia
(smallness).\n\nGiven this analysis, the cardiac
size on the chest X-ray in panel (A) appears to
be normal.\n\n\boxed{B}

Ground Truth:
B: Normal

Qwen2.5-VL-3B Answer:
The chest X-ray in panel (A) shows a normal-sized
heart, which is indicated by the absence of any
signs of enlargement such as cardiomegaly. The
answer is B.

Figure 17: Case study on Qwen2.5-VL-3B, InfiMed-
Series models in medical VQA. Red denotes errors or
irrelevant content, whereas Green denotes correct or
important information. All three models correctly iden-
tify the cardiac size as normal, with Qwen2.5-VL-3B
providing a concise answer, InfiMed-SFT-3B offering
a detailed, step-by-step analysis, and InfiMed-RL-3B
giving a direct and well-reasoned response.
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