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Hypothesis

2

Diffusion policies essentially memorize an action lookup table — and this is beneficial.

Why do diffusion policies trained to overfit small data sets appear to give strong test-time 
performance in robot manipulation?

Can the same action memorization behavior be accomplished with a simpler, faster model 
architecture to yield faster runtime performance?

* Robotics: Science and Systems (RSS) 2023: arXiv:2303.04137v4 [cs.RO].
Diffusion Policy: Visuomotor Policy Learning via Action Diffusion
Cheng Chi, Siyuan Feng, Yilun Du, Zhenjia Xu, Eric Cousineau, Benjamin Burchfiel, Shuran Song 

Push T* Sauce Pouring* Cup Placement*

https://arxiv.org/abs/2303.04137v4
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Diffusion Model Analysis

Low-capacity 
model, small data

Low-capacity 
model, large data

High-capacity 
model, small data

High-capacity 
model, large data
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• Strong similarity to training trajectories in InD

• Holds for both Simulated and real-world tasks

• Training Similarity:

• Average Euclidean Distance to closest training 
trajectory:                       

• Average Euclidean Distance to second closest 
training trajectory: 

Trajectory Similarity Plots For Simulated Tasks

Trajectory Similarity Plots For Pick-and-Place Task
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Diffusion Model Analysis
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In-Distribution: 
• Cup placed at training locations (Red)
• Locations interpolated between training locations (green)

Out-of-Distribution: 
• Outside training distribution (Purple/Blue)
• Distractors added (Yellow)
• Corrupted observations (Yellow)
• Variations in lighting (Yellow)
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Diffusion Model Analysis
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Diffusion Policy: 
• Strong similarity to training trajectories 

even under OOD

ACT: 
• Displays action generalization in both InD

and OOD events

• Brittle when exposed to OOD situations

GR00T: 
• Displays mix of interpolation and 

Memorization during OOD situations

Trajectory Similarity Plots For Pick-and-Place Task Under OOD Conditions
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Action Lookup Table (ALT) Policy
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ALT MechanismALT Policy
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Action Lookup Table (ALT) Policy Analysis
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ALT vs Diffusion Policy and K-D Tree

Advantages:
Less Inference Time: ~0.009s vs ~2.65s
Smaller Model Scale: 45.5MB vs 5.3 GB
Clear OOD detection mechanism.

Encoder Backbone Ablation

Key:
Rollout Detection
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Action Lookup Table (ALT) Policy Analysis
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Multimodal ReactiveRobust InD Trajectory Recall

DP

ALT
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Thank You!


