
Haoran SunPresenter:

manglu3935@126.comEmail:

Chiron-o1: Igniting 
Multimodal Large 
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● Existing medical MLLMs rely on direct prediction → shallow 
reasoning.

● RL-based methods (Med-R1, MedVLM-R1) bias toward reward tokens 
but lack reasoning emergence.

● Manual chain-of-thought (CoT) annotation is costly and inconsistent.

● Goal: Automatically generate reliable multimodal CoT data through 
collaborative reasoning search.

Motivation & Challenges



● MICS: A collaborative multi-model search that builds reliable step-by-
step reasoning data.

● MMRP: A large multimodal medical dataset covering 12 imaging 
modalities and 20 body systems.

● Chiron-o1: A curriculum-trained model with strong in-domain and out-
of-domain reasoning.

● Results: Achieves state-of-the-art performance across multiple medical 
benchmarks.

Contributions 



● Part 1: Text QA (60K+ clinical cases) — basic 
domain knowledge.

● Part 2: Image–text alignment — real clinical 
imaging findings.

● Part 3: MICS-generated multimodal CoTs — 
stepwise reasoning supervision.

● Coverage: 12 imaging modalities × 20 body 
systems. 

● Note: Enables curriculum learning from simple 
→ complex reasoning.

MMRP Dataset Construction



● Core idea: simulate mentor guiding interns; verify reasoning through 
collaboration.

● Mentor models (GPT-4o, Gemini 2.5, Qwen2.5-VL-72B) → propose 
reasoning paths.

● Intern models (Qwen2-VL-7B, InternVL3-8B) → complete reasoning 
based on mentor hints.

● Judge (DeepSeek-V3) → compare intern answers with ground truth.

MICS: Concept & Intuition

“If most interns succeed, mentor’s reasoning 
path is valid — retained for dataset.”



The search proceeds iteratively as mentors and interns 
collaborate:

① Collaborative Search: mentors propose next reasoning step.

② Intern Evaluation: each intern completes reasoning → 
produces answer ã.

       MICS-Score = (# interns correct) / (# interns total).

③ Path Selection: keep highest-score prefix for next iteration.

④ Early Stopping: restart if all scores=0, terminate if full-score 
achieved.

The principle of MICS



The principle of MICS

“Multi-agent self-evaluation ensures 
coherent, non-hallucinated reasoning paths.”



Stage-wise Curriculum

● Stage  1  –  Text QA  →  build core medical knowledge.

● Stage  2  –  Image-Text Alignment  →  visual grounding.

● Stage  3  –  MICS CoT Data  →  emergent reasoning.

● Base: InternVL3-8B | LoRA fine-tuning | AdamW lr=4e-5

   72 GPU-hours total (8×A100) | mixed precision (bfloat16).



Experimental Results



Qualitative Results



Conclusion & Takeaways

● MICS: First collaborative framework for generating reliable 
medical Chain-of-Thought data.

● MMRP: Comprehensive multimodal reasoning dataset enabling 
curriculum-based training.

● Chiron-o1: Interpretable and generalizable medical MLLM 
achieving state-of-the-art results.
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