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Motivation: 

Agentic AI is evolving:
• From engineered workflows to post-training native models. 

Existing agents are limited by fixed action spaces:
• GUI, API, MCP scripts or robotic commands are usually predefined. 
• Limits flexibility and generalization in dynamic environments. 

Optimal action granularity varies across tasks and within tasks:
• Some steps need high-level API actions for efficiency. 
• Other steps need low-level atomic actions for precision. 

Key challenge:
• How to build an agent that dynamically chooses the best action space for each step?
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Method: A Three-Stage Pipeline

p Stage I: Mixed-Space Supervised Finetuning
Learn to execute heterogeneous actions.
Train on balanced trajectories from multiple action spaces 
to build a unified cross-level policy.

p Stage II: Single-Turn Reinforcement Learning
Learn which action space fits the local context.
Optimize one-step action selection with action-space-agnostic rewards.

p Stage III: Multi-Turn Reinforcement Learning
Learn long-horizon switching strategies.
Optimize action-space switching across trajectories with success 
rewards and action-cost penalties.

Different tasks and phases favor different action spaces.
Naive mixed-space training exposes agents to diverse actions, but does not teach 
reliable action-space selection.
    Capability → Local Preference → Long-Horizon
The Training Strategy  enabling agents to learn not only how to act, but when to 
use each action space.



Experiment
CrossHA RL finetuned on 30 tasks 
achieves state-of-the-art performance 
across 800+ Minecraft tasks involving 
both embodied control and GUI 
interaction.



Experiment

• Mixed action spaces matter；

• STRL matters；

• High OOD generation ability；

Both heterogeneous action spaces 
and step-level action-space
selection are crucial for efficient 
long-horizon RL.



Case Studies:

•Navigation / approaching: prefers motion-level actions for 
efficient movement. 

•Interaction / item placement: increases grounding or raw 
actions for precise control. 

•Task-dependent switching: different tasks show different 
action-space density patterns. 

CrossHA learns when to use which action space, rather than 
relying on fixed action rules.

Probability Density of Action Spaces



Thank you !


