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Data Scheduling Formulation

ACC-based Scheduling

训练层面 SFT vs RLVR 中的数据编排

Wang H, Hao Z, Luo J, et al. Scheduling Your LLM Reinforcement Learning with Reasoning Trees. In ICLR, 2026.



Agentic RL 中的数据编排

关键问题：在Agentic RL中，什么样的度量可以衡量一个数据的训练难度？

推理树结构 最少减枝数 关键节点数

Agentic RL中，关键节点个数、最少减枝次数 可以度量 数据训练难度

Wang H, Hao Z, Luo J, et al. Scheduling Your LLM Reinforcement Learning with Reasoning Trees. In ICLR, 2026.



Re-Schedule 算法

5

Wang H, Hao Z, Luo J, et al. Scheduling Your LLM Reinforcement Learning with Reasoning Trees. In ICLR, 2026.



最小剪枝数

top 1/3 of data 
selected by each

N0

实验分析

Wang H, Hao Z, Luo J, et al. Scheduling Your LLM Reinforcement Learning with Reasoning Trees. In ICLR, 2026.

关键节点数



训练结果

Wang H, Hao Z, Luo J, et al. Scheduling Your LLM Reinforcement Learning with Reasoning Trees. In ICLR, 2026.



Agentic RL 的熵坍缩

Low Entropy High Entropy Training Process

Token Entropy:

Policy Entropy:

Entropy Collapse

Hao Z, Wang H, Liu H, et al. Rethinking entropy interventions in rlvr: An entropy change perspective. In ACL, 2026.



一系列熵干预方法

Token Gradient Reweight:

Why and how they work ?
Policy Gradient:

l Class 1: Clip-higher

l Class 2: Positive-Reweighting

l Class 3: Entropy-Aware 
Advantage

Hao Z, Wang H, Liu H, et al. Rethinking entropy interventions in rlvr: An entropy change perspective. In ACL, 2026.



token熵变的视角

Entropy 
Dynamics

Token-level 
Entropy Change

Clipping

裁剪策略

Advantage

优势信号

π

Token 概率

H

条件熵

The Estimated Entropy Change:

Remark 1: Accurate Estimator Remark 2: Four Governing Factors Remark 3: Entropy Change Direction

Hao Z, Wang H, Liu H, et al. Rethinking entropy interventions in rlvr: An entropy change perspective. In ACL, 2026.



对现有方法的一些解释
Entropy Effect of Clip-Higher Entropy Effect of Re-weighting Positives

Entropy Effect of Entropy-aware Advantage

Clip-high contributes to entropy increase, while 
Clip-low contributes to entropy decrease. 

Training on positive 
samples leads to 

entropy decrease , 
while training on 

negative samples leads 
to entropy increase.

High-entropy tokens tend to induce larger entropy changes



熵稳定方法 STEER

Ø monotonically decreasing with the normalized entropy change
Ø all weights remain strictly positive
Ø the weights of most tokens are 1
Ø only one hyperparameter

Adaptive token reweighting:

The design of STEER

Reweighting by a simple exponential decay function:

The advantage of STEER

the hyperparameter controlling the decay rate

Existing strategies involve qualitative 
adjustments to only one or two factors, 

while STEER includes all factors.

Hyperparameter:

Hao Z, Wang H, Liu H, et al. Rethinking entropy interventions in rlvr: An entropy change perspective. In ACL, 2026.



训练结果

Hao Z, Wang H, Liu H, et al. Rethinking entropy interventions in rlvr: An entropy change perspective. In ACL, 2026.
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Agents Development

自动地从零开始，
为任意新领域创建专业 Agent？

Hao Z, Wang H, Luo J, et al. ReCreate: Reasoning and Creating Domain Agents Driven by Experience. In ACL, 2026.



如何高效地利用执行经验？

Experience Matters

Current agent scaffolds gate what a base model can do.

Human-designed Scaffold

SWE-bench Lite (300 cases)

Pass rate ranges from 134 to 187

(no train/test split)
clf.fit(X, y);
clf.score(X, y)

add rules: 
construct train/test split

(empty patch)
git diff path/to/file.py
git commit
[complete]

edit workflow: 
6. git diff –cached
7. [complete]

Data Science

Software Engineering

Experience can suggest adding rules, creating tools, 
modifying workflows…

Hao Z, Wang H, Luo J, et al. ReCreate: Reasoning and Creating Domain Agents Driven by Experience. In ACL, 2026.



面向Code Agent的演化方法：ReCreate

Automated-Agent Design:

ReCreate:

Optimization:

Hao Z, Wang H, Luo J, et al. ReCreate: Reasoning and Creating Domain Agents Driven by Experience. In ACL, 2026.



面向Code Agent的演化方法：ReCreate

The Agent-as-optimizer Design{ Ø 完整的交互经验过长，难以处理和分析

Ø 从完整的交互经验中归因并转化为有效的修改存在挑战

Ø 单个经验可能难以泛化，导致Agent越学越偏

Hao Z, Wang H, Luo J, et al. ReCreate: Reasoning and Creating Domain Agents Driven by Experience. In ACL, 2026.



Observation-level ablationAction-level Ablation

Reasoning-level Ablation

Main Results

多场景下的演化结果

Hao Z, Wang H, Luo J, et al. ReCreate: Reasoning and Creating Domain Agents Driven by Experience. In ACL, 2026.



演化过程分析

Overall Performance

Statistical Analyses

Evolving Process

Cost Comparison
Hao Z, Wang H, Luo J, et al. ReCreate: Reasoning and Creating Domain Agents Driven by Experience. In ACL, 2026.



Agent Team的演化：Evolve as a Team

Hao Z, Wang T, Dong H, et al. Evolve as a Team: Collaborative Self-Evolution for LLM-based Multi-Agent Systems.

通过协作演化解决 整体—局部 演化的困境

Ø 提供最终结果之外的反馈信号
Ø 去中心化的演化决策机制



Meta-Team 演化框架

Hao Z, Wang T, Dong H, et al. Evolve as a Team: Collaborative Self-Evolution for LLM-based Multi-Agent Systems.



演化测试

Ablation on collaborative self-evolution. Ablation on multi-scale 
evolution

Results across diverse agent benchmarks

Hao Z, Wang T, Dong H, et al. Evolve as a Team: Collaborative Self-Evolution for LLM-based Multi-Agent Systems.



01

目录02

03

训练层面
Ø 样本构建问题
Ø 训练稳定性问题

执行层面
Ø 执行结果利用问题
Ø Agent Team协同演进

交互层面
Ø Echo整体范式
Ø 反馈蒸馏问题

Code Agent 如何在训练-测试-部署的闭环中
持续提升能力？



范式转变：从静态存档到交互经验

Dong H, Liang X, Yu J, et al. Echo: Learning from Experience Data via User-Driven Refinement.

Raw experience Learnable knowledge



Echo 框架

Dong H, Liang X, Yu J, et al. Echo: Learning from Experience Data via User-Driven Refinement.



Echo 框架 – 补全模型的尝试

Dong H, Liang X, Yu J, et al. Echo: Learning from Experience Data via User-Driven Refinement.



Echo 框架

Monthly Acceptance Rate

Scaling Behavior

Benefit of Echo

Dong H, Liang X, Yu J, et al. Echo: Learning from Experience Data via User-Driven Refinement.



交互经验内化

query trajectory feedbackDeployment
rollout submit

query trajectory feedback

Experience 
Extraction

environment

experience

query experience trajectory

query trajectory

forward

forward

Context 
Distillation



训练集构造



根据轨迹内的问题步骤，插入Reflective Hint进行OPSD训练 
–Cursor Composer 2.5

Turn-level & Step-level 经验内化

results swe-bench verified
Qwen3-30A3B 24%
Qwen3-30A3B  + 
GRPO 30%

Qwen3-30A3B  + OPSD 33%
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Thanks~

haozhezheng@outlook.com


