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Background & Motivation

• Multi-turn medical dialogue: lack 
of inquiry capabilities.

• PPO:  unstable value estimation
• GRPO: long-horizon credit assignment
• TreePO: low computational efficiency



Formulation & Tree Search Framework



Proposed Method - ATPO

Uncertainty 𝑈𝑈 𝑥𝑥𝑘𝑘
𝑈𝑈 𝑥𝑥𝑘𝑘 = 𝛼𝛼𝑈𝑈1 𝑥𝑥𝑘𝑘 + 1 − 𝛼𝛼 𝑈𝑈𝑥𝑥 𝑥𝑥𝑘𝑘

𝑈𝑈1 𝑥𝑥𝑘𝑘 : Bellman Error
Critic Training Value

𝑈𝑈2 𝑥𝑥𝑘𝑘 : Action-Value Variance
Sampling Diversity



Proposed Method - ATPO



Experimental Setup
• Environment & Task: A multi-turn clinical case reasoning environment. An 

Assistant Agent interactively queries a User Simulator (Qwen3-8B) to obtain 
missing facts and resolve clinical questions.

• Base Models: Evaluated on the Qwen3 series across three different sizes (Qwen3-
1.7B, Qwen3-4B, and Qwen3-8B).

• Baselines & Comparisons:

• Prompting & Fine-Tuning: Zero-shot Prompting (Direct & MEDIQ) , Supervised Fine-
Tuning (SFT), and Dynamic Fine-Tuning (DFT).

• RL Baselines: Critic-based methods (PPO MDP & H-MDP) and critic-free methods 
(GRPO & TreePO).

• State-of-the-Art LLMs: Compared against strong expert models like GPT-4o and 
Gemini-2.5-Pro.



Key Experimental Results (Accuracy)

• SOTA Accuracy: ATPO consistently 
outperforms strong RL baselines (PPO, 
GRPO, TreePO) across all datasets.

• Surpassing GPT-4o: ATPO on Qwen3-
8B beats the much larger GPT-4o 
(+0.92% on MedQA).

• Metric Synergy: Combining Bellman 
error (𝑈𝑈1) and value variance (𝑈𝑈2) 
yields the absolute best performance.



Key Experimental Results (Efficiency)
• High Sample Efficiency: ATPO 

reaches 52.7% accuracy using only 
55% of the training turns required 
by TreePO.

• Enhanced Critic Training: Dual 
metrics (𝑈𝑈1 + 𝑈𝑈2) significantly 
lower critic loss while maintaining 
diverse exploration.

• Deeper & Balanced Search: 
Uncertainty-based adaptive 
pruning prevents exponential 
early-node growth, enabling much 
deeper exploration.



Conclusion & Future Work
• Conclusions:

• Proposed ATPO, an adaptive tree search method guiding exploration via state-
uncertainty evaluation.

• Achieves superior performance and higher sample efficiency, outperforming strong 
baselines (TreePO, GRPO) and GPT-4o.

• Broadly applicable beyond medical domain, such as open-ended dialogues and tool 
use.

• Future Work

• Developing a learnable, soft control policy to dynamically adapt expansion thresholds.

• Refining credit assignment within the H-MDP framework beyond uniform token-level 
cloning.



Q&A

Thank You!

Code & Datasets available at:
https://github.com/Quark-Medical/ATPO


	ATPO: Adaptive Tree Policy Optimization For Multi-turn Medical Dialogue
	Background & Motivation
	Formulation & Tree Search Framework
	Proposed Method - ATPO
	Proposed Method - ATPO
	Experimental Setup
	Key Experimental Results (Accuracy)
	Key Experimental Results (Efficiency)
	Conclusion & Future Work
	Q&A

