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Motivation

We propose CARP, a coarse-to-fine, next-
scale autoregressive policy for visuomotor 
learning that progressively refines actions 

across scales, enabling efficient and high-
performance generation.

Autoregressive Policy struggles to capture long-
range dependencies, global structures, and temporal 
coherence, resulting in suboptimal performance.
Diffusion Policy relies on multi-step denoising, 
making it computationally expensive and inefficient for 
robotic tasks requiring efficient real-time inference.

How can we design a new action generation paradigm 
that resolves the trade-off between efficiency and 
high performance?
— combining the strengths 
of autoregressive 
prediction with multi-stage 
action refinement?

🌟 Coarse-to-Fine AutoRegressive Policy (CARP)🌟
✨ Multi-Scale Action Tokenization

✨ Coarse-to-Fine Autoregressive Prediction

A multi-scale action autoencoder extracts token maps 𝒓𝟏, 𝒓𝟐, . . . , 𝒓𝑲 to 
represent the action sequence at different scales, trained using the standard 
VQVAE loss.

The autoregressive prediction is reformulated into a coarse-to-fine, next-
scale paradigm, where the sequence is progressively refined from a 
coarse token map 𝒓𝟏 to a fine-grained map 𝒓𝑲. 
Each scale is trained with cross-
entropy loss, and the multi-scale 
token maps 𝒓𝟏:𝑲 are decoded into 
continuous actions.

🔍 High Performance Comparable to Diffusion-Based Policies?

🔍 High Inference Efficiency Comparable to Autoregressive Policies?

🔍 Flexibility Benefits of a GPT-Style Architecture in Multi-Task Scenarios?

Overall Performance and Efficiency Multi-Modal Behavior Results

Visualization of Trajectory Refinement

🔍 Real-World Results for Effectiveness Verification?

Simply extending a single-task policy with a task 
embedding outperforms specially designed multi-task 
diffusion-based policies.

compact 4-scale 
coarse-to-fine 
steps

100-step 
denoising with
heavy computational 
redundancy

A novel visuomotor policy learning
paradigm through coarse-to-fine, 
next-scale autoregressive action
generation.

Achieve up to 10% higher success 
rates and 10× faster inference than 
state-of-the-art policies.

Retain strong multi-modal 
modeling capability for complex 
action distributions.

Offer high architectural flexibility, 
easily extensible to multi-task 
settings with simple scaling and 
conditioning.

Demonstrated effectiveness 
across multiple real-world tasks, 
including pick-and-place, rotation,
insertion, etc.
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