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Problem & Solution

Problem 1: Unreliability

Existing medical MLLMs produce uncertain or hallucinated outputs due to insufficient training on expert-curated clinical data.
These models lack grounding in real clinical scenarios, leading to unreliable and potentially dangerous recommendations in

medical settings.

Problem 2: Poor Localization

Current models struggle with precise localization of anatomical structures and disease regions in medical images.

Problem 3: Single Modality Limitation

Most models focus on single imaging types (e.g., only radiology or pathology) rather than unified cross-modal understanding.
This narrow focus prevents holistic patient assessment and limits applicability across diverse clinical scenarios.

The Impact

These limitations create a critical gap: no unified, trustworthy medical Al system exists that combines accurate understanding
with spatial grounding across multiple imaging modalities and clinical domains.

Our Solution

MedMO is the first unified medical foundation model trained on 26M+ multimodal samples from 45 diverse medical datasets
spanning radiology, pathology, ophthalmology, and biological systems with comprehensive multi-task supervision.




Solution: Key Innovations

Comprehensive Multimodal Foundation Model

Open-source medical foundation model trained exclusively on large-scale, domain-specific clinical data for comprehensive
multimodal understanding across all major medicalimaging modalities.

Unprecedented Data Scale

26M+ multimodal samples curated from 45 diverse medical datasets spanning radiology, pathology, ophthalmology, and
biological systems (respiratory, cardiovascular, nervous, digestive, urinary), ensuring robust cross-modal generalization.

Progressive Four-Stage Training

Systematically building clinical knowledge from general vision-language alignment to high-resolution anatomical grounding to
specialized instruction tuning and finally semantic medical report generation for enhanced alignment.

Spatial Coordination with RL

Novel reinforcement learning approach using verifiable bounding-box rewards (Hungarian Matching + Geometric Metrics)
enabling precise spatial localization of anatomical structures and disease regions.

State-of-the-Art Performance

Superior results across visual question answering, clinical reasoning, report generation, and disease localization—
demonstrating the effectiveness of the integrated approach.

Multi-Task Supervision Across Clinical Domains
Visual QA » Text-Based QA ¢ Radiology Report Generation ® Disease Localization with Bounding Boxes ® Anatomical Grounding
¢ Clinical Reasoning ® Diagnostic Classification ¢ Spatial Object Detection




Dataset

Multi-task supervision covering diverse clinical
applications: Visual Question Answering (VQA),
Text-based Medical QA, Radiology Report
Generation, Disease Localization with Bounding
Boxes, Anatomical Grounding, Clinical Reasoning,
Diagnostic Classification, and Spatial Object
Detection across radiology, pathology,
ophthalmology, and emergency care scenarios.

Comprehensive multimodal corpus spanning all
major medical imaging modalities (X-ray, CT, MRI,
Ultrasound, Nuclear Medicine, Optical, Pathology)
and biological systems (Respiratory, Cardiovascular,
Nervous, Digestive, Urinary, Musculoskeletal, etc.).
26M+ samples from 45 datasets ensure robust cross-

modal generalization.
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Covering Datasets & Modalities



Methodology

Base Architecture

Qwen3-VI-8B-Instruct & Qwen3-VI-4B-Instruct (Pre-trained Vision-Language Model)

Multi-Stage Progressive Training Pipeline

VQA/QA

Grounding

Report

Q: What type of abnormality is
present in this image?
A: Diabetic Retinopathy

Q: Detected and localized
the cells in the image.
A: ...<box> [[511, 747, 544,
781], ....] </box>

Q: Generate medical report.
A: ...Slight interval worsening of the
right lung pneumonia....

Q: Does any abnormality is
present in this image?
A: Brain Tumor

Q: Detected and localized
the abnormality in the image.
A: Fractures <box> [[156, 516, 231,
607], [240, 529, 296, 581] ] </box>

Q: Generate medical report.

A: The image is a high-resolution computed
tomography (HRCT) scan of the lungs, ... ground-
glass opacity, consolidation, or other atypical
features associated with COVID-19 pneumonia...

N

~ Training
— Large scale training —

Dataset Size: 18.5 M
Image Resolution: 768X768

Training Time : 225 hr

— High Resolution Training -

Dataset Size: 3 M
Image Resolution: 1280X1280

localization

Objective : Add spa

Inding

and fine-grained visual grot

Training Time : 155 hr

— Instruction Tuning —

Dataset Size: 4.3 M

A F

aptioning,

Instruction Type

folloy

Training Time : 110 hr

Medical-Oriented
 Reinforcement Learning )

Dataset Size: 300K

Reward :
1.Label Acc

2.Bbox 10U

Count

4.Soft Overlong Punishment

Training Time : 98 hr




RL & Novel Bounding Box Reward Function

* Normalized L1 Distance (resolution-invariant)
* Generalized IoU (GlIoU) € [-1, 1]

* Coverage-normalized scoring L1, = =+ g - ;{1 + |28 — o3| + [y} — v3|
2VH? + W?

CostMatrix:  Cyj = wij Llij +wg' (1—GloUy)up} =5, wg' = 2
wri (1 —_ (‘llp[{]l](Llu)) + wg (GI’JL;'J'-I-I)

wr) + wWg

The reward is a coverage normalized sum with optional FP/FN penalties (Pen):
p_ L > sy, Pen= AN (G = [M]) + Aep(P — |M])
G . - max(1,G)

Per-Match Quality Score: Sij =

¥
(i,.7)eM

Final Reward: Rbng — Clip[gjl] (B — PEH)

We adapted clip higher strategy for DAPO



Results

Visual Question Answering (VQA)
60.8% average accuracy —
over baseline, within

0.6% of SOTA Fleming-VL

Text-Based Medical QA
61.3% accuracy —
vs Fleming-VL

baseline,

Medical Report Generation

VS

e CIDEr 140.0, Semb 50.0 -best
semantic coherence and clinical
accuracy.

* Produces grounded radiology
reports with proper medical
terminology.

MedSG MedSG MedSG
Model NIH DeepLession Bacteria (multi_view) (object_tracking) (referring) Avg
InternVL3-8B 10.1 0.00 0.7 6.3 13.0 33 5.6
Fleming-VL-8B  0.00 0.00 8.3 420 36.7 16.6 17.2
Lingshu-7B 53 0.7 0.00 28.3 38.7 104 139
Qwen3VL-8B 16.4 0.00 9.16 8.4 17.8 314 13.8
MedSG-Bench - - - 55.0 62.1 60.4 -
MedMO-8B 8.83 38.5 54.6 75.8 77.2 70.1 542

| VQA Benchmarks | Text QA Benchmarks
VQA-RAD SLAKE PathVQA Medbullets
Models MMMU-Med pitey (all) @l PMC-VQA OMVQA MedXQA Avg | MMLU-Med PubMedQA MedMCQA MedQA (it % MedXQA SGPQA  Ave.
Closed-source Models
GPT-4.1 75.2 65.0 722 55.5 55.2 755 452 63.4 89.6 75.6 717 89.1 77.0 309 499 700
Claude Sonnet 4 74.6 67.6 70.6 54.2 54.4 65.5 433 61.5 91.3 78.6 79.3 92.1 80.2 33.6 56.3 73.1
Gemini-2.5-Flash 76.9 68.5 75.8 55.4 554 71.0 528 65.1 84.2 73.8 73.6 91.2 71.6 35.6 533 69.9
Open-source Models
BiomedGPT 249 16.6 13.6 11.3 216 279 - - - - - - - - - -
Med-R1-2B 348 39.0 54.5 153 474 - 21.1 - 51.5 66.2 39.1 39.9 33.6 11.2 17.9 37.0
MedVLM-R1-2B 352 48.6 56.0 325 47.6 717 204 454 51.8 66.4 39.7 423 338 11.8 19.1 378
MedGemma-4B-IT 43.7 725 76.4 48.8 499 69.8 223 54.8 66.7 72.2 522 56.2 45.6 12.8 21.6 46.8
LLaVA-Med-7B 29.3 53.7 48.0 38.8 305 443 203 37.8 50.6 264 394 42.0 344 9.9 16.1 313
HuatuoGPT-V-7B 473 67.0 67.8 48.0 533 74.2 21.6 54.2 69.3 728 51.2 529 40.9 10.1 219 45.6
BioMediX2-8B 398 49.2 577 37.0 435 63.3 21.8 44.6 68.6 75.2 52.9 58.9 459 134 252 48.6
Qwen2.5VL-7B 50.6 64.5 67.2 44.1 51.9 63.6 223 52.0 734 76.4 52.6 573 421 12.8 26.3 48.7
InternVL2.5-8B 535 59.4 69.0 42.1 513 81.3 21.7 54.0 74.2 76.4 524 53.7 424 11.6 26.1 48.1
InternVL3-8B 59.2 529 624 39.0 53.8 79.1 224 527 71.5 754 57.7 62.1 50.2/42.8 13.1 31.2 51.2
Lingshu-7B 54.0 43.0 332 41.9 542 829 26.9 48.0 69.6 75.8 56.3 63.5 62.0/53.8 164 27.5 53.1
Fleming-VL-8B 633 56.4 80.0 56.5 64.3 88.2 21.6 61.4 71.8 74.0 51.8 53.7 40.5/37.3 12.1 249 45.7
Qwen3VL-8B 61.4 31.2 15.0 14.6 523 772 248 39.5 79.0 70.4 60.0 66.1 56.1/47.7 15.1 347 53.6
MedMO-4B 546 35.0 30.0 424 50.6 79.7 248 453 75.7 78.0 58.0 785 57.5/47.7 16.4 294 551
MedMO-8B 64.6 64.7 70.0 56.3 59.4 84.8 262 608 81.0 71.6 65.0 843 66.5/60.2 19.9 360 613
‘ MIMIC-CXR | CheXpert Plus | IU-Xray ‘ Med-Trinity
Models ‘ ROUGE-L CIDEr RaTE Semb | ROUGE-L CIDEr RaTE Semb | ROUGE-L CIDEr RaTE Semb ‘ ROUGE-L CIDEr RaTE Semb
Closed-source Models
GPT-4.1 9.0 82.8 51.3 239 245 78.8 45.5 232 30.2 124.6 51.3 47.5 - - - -
Claude Sonnet 4 20.0 56.6 45.6 19.7 22.0 59.5 435 18.9 254 88.3 554 41.0 - - - -
Gemini-2.5-Flash 254 80.7 50.3 29.7 23.6 722 443 274 335 1293 55.6 50.9 - - - -
Open-source Models

Med-R1-2B 19.3 354 40.6 14.8 18.6 37.1 38.5 17.8 16.1 383 41.4 12.5 - - - -
MedVLM-R1-2B 20.3 40.1 41.6 14.2 209 435 389 15.5 227 6l1.1 46.1 227 - - - -
MedGemma-4B-IT 25.6 81.0 52.4 292 27.1 79.0 47.2 29.3 30.8 103.6 57.0 46.8 - - - -
LLaVA-Med-7B 15.0 434 12.8 18.3 18.4 455 38.8 23.5 18.8 68.2 40.9 16.0 - - - -
HuatuoGPT-V-7B 234 69.5 48.9 20.0 213 64.7 44.2 19.3 29.6 104.3 529 40.7 - - - -
BioMediX2-8B 20.0 52.8 444 17.7 18.1 479 40.8 21.6 19.6 58.8 40.1 11.6 - - - -
Qwen2.5VL-7B 24.1 63.7 47.0 18.4 222 62.0 41.0 17.2 26.5 78.1 48.4 36.3 235 81.5 44.9 383
InternVL2.5-8B 23.2 61.8 47.0 21.0 20.6 58.5 43.1 19.7 24.8 75.4 51.1 36.7 135 47.1 42.5 12.8
InternVL3-8B 229 66.2 48.2 21.5 209 65.4 443 25.2 229 76.2 51.2 313 12.9 46.6 422 37
Lingshu-7B 30.8 109.4 52.1 30.0 26.5 79.0 454 26.8 412 180.7 57.6 484 16.0 74.5 444 24.0
Fleming-VL-8B 35.7 132.5 56.7 33.6 26.1 82.2 47.1 40.1 449 198.6 66.0 51.3 13.1 35.8 41.9 18.1
Qwen3VL-8B 25.1 77.9 50.3 334 21.9 67.4 444 379 250 91.44 52.5 429 20.2 69.9 459 33.6
MedMO-4B 26.0 92.6 49.8 31.6 15.1 62.3 36.6 342 26.6 94.0 42.1 41.3 225 152.6 47.8 343
MedMO-8B 31.7 140.0 57.1 50.0 23.6 87.5 47.3 422 31.1 169.7 453 413 37.0 270.4 53.0 39.2




Conclusion & Impact

v" Open-source unified foundation model combining multimodal understanding with verifiable spatial grounding across 45

datasets
v’ State-of-the-art performance across VQA (62.6%), Text QA (61.5%), Report Generation (CIDEr: 140.0), and Grounding
(54.2% loU)
3x superior disease localization compared to prior medical MLLMs through novel geometric reward learning
Scalable, open-source release (MedMO-8B/4B) establishing reliable foundation for clinical Al development and
deployment

ANERN

Check out MedMO-Next: Leading medical foundation model with
strong bounding-box grounding
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