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Motivation:

Agentic Al 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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Figure 1 | The CrossAgent Framework. Unlike prior methods that confine the agent to a fixed action space
(e.gz., atomic movements) throughout a trajectory, CrossAgent dynamically switches across different action
spaces to adapt to the context.



Method: A Three-Stage Pipeline
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Learn to execute heterogeneous actions.

Train on balanced trajectories from multiple action spaces

to build a unified cross-level policy. o
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O Stage lll: Multi-Turn Reinforcement Learning

Learn long-horizon switching strategies.

Optimize action-space switching across trajectories with success
rewards and action-cost penalties.
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Figure 2 | Overview of the CrossAgent Training Pipeline. The pipeline comprises three distinct stages:
Cold-Start Supervised Fine-Tuning (SFT), Single-Turn Reinforcement Learning (STRL), and Multi-Turn Rein-
forcement Learning (MTRL). In the first stage, the model learns to decode actions from a heterogeneous action
space using a balanced dataset. During STRL, the model is fine-tuned to autonomously select the appropriate
action space based on the immediate task context. Finally, in the MTRL stage, the policy is further optimized
to balance task success rate with execution efficiency over long horizons. This progressive pipeline ensures

CrossAgent effectively adapts its action granularity across a wide range of tasks.

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.

Kill Sheep

Motion:move forward Grounding:Approach Action: move(@, @) Motion: no_op
sheep(78@,661) and press() and
click(left)"

Craft Enchanting Table

Action: move(-16, -9) Motion: cursor move Grounding: move_camera Motion: cursor move
and press() left and down enchanting_table(338,464) down

Mine Blocks Kill Entities Craft Items All Tasks
Method
® +  ASR1?T M o+ asrt A OFT+ ASRt FTT ASR?

Instruction-Conditioned Policies
VPT [4] 200 307 6.0F14 100 246  3.6577 00 67  08%33 207 3.5%84
STEVE-I [26] 500 294  8.0%70 0.0 147 3.9%120 00 164  3.2%84 202  5.0%124
ROCKET-1 [11] 60.0 575 18913 600 63.9 27.9+293 00 00  0.0*00 455 15.6%249
JARVIS-VLA [25] 550 553  30.0%3%4 600 619 185%227 400 743 25.1%239 63.8 2455284

VLM-based Agents
TextHA [49] 60.0 363 27.2%382 0.0 192 8 7F%7 500 439 26.0%%2 33.1  20.6%%0
GroundingHA [11] 90.0 6L0 37.1%385 500 90.1 26.5234 150 275 6.7%108 59.5 23.4%290
UI-TARS-1.5 [36] - . 42,1%204 - - 31.0%164 0 0 36.7%172 - 33.8
MotionHA [6] 700 510 27.4%352 200 295 4.3%108 00 00  0.0%00 208 10.6-244
LanguageHA [14] 60.0 313 11.3+15 00 128  6.5%93 50 193 6.3%%2 211 8.0t15
LatentHA [47] 700 542 24.4%311 500 246 85%7Y 00 191  3.0*7° 326 12.0%230
OpenHA [49] 80.0 673 30.1%139 700 626 3252 80.0 588 31.9%137 62.8 315%125
Game-TARS [50] = . 50.14+20.7 = - 38,1246 - - 3914275 = 42.2

Ours
CrossHA(w/o STRL stage) 63.6 351  39.0+465 286 439 277189 57.1 557 58.0+484 449 416479
CrossHA 947 452  40.0%4838 66.6 581 451189 833 727 78.8%40 58.7 54.6F476




Experiment

Comparison between Action Spaces In Multi-Turn RL Ablation on Single-Turn RL Stage
0.81 —— GroundingHA —— CrossAgent

—— MotionHA —— CrossAgent(w/o SSRL stage)
0.71 —— crossAgent

* Mixed action spaces matter;
« STRL matters;
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C a S e S t u d i e S : Probability Density of Action Spaces
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CrossHA learns when to use which action space, rather than
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l \ Fixed ; :E’; ””””” 9
\:\ Preprocessing e |
ol i .H\ ;;;:ct - Placement‘
: \\ ;
\ B Wop VSl
— 5( Szl _7_.// : X

Task Completion Progress (0-1)



Thank you !



