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NDF MLP

Encoder

NDF MLP

Descriptors 
match!

SE(3)-Equivariance

• Translation equivariant by subtracting the point cloud mean
• Rotation equivariant with Vector Neuron [1] layers in the encoder

[1] C. Deng, et. Al, “Vector Neurons: A General Framework for SO(3)-Equivariant Neural Networks”, ICCV 2021
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Need query points located near 
task-relevant geometric features
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Downsides: Uses object-centric 3D scene representation - needs to 
be trained for each object class separately, not scalable 

Limited to within-class generalization 

Can we do better?
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Usual formulation: Fit to RGB images.
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What happens if we fit on features?

DINO: Emerging properties in self-supervised vision transformers, Caron et al.
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Retrieval & Execution

Find demo where the average 
CLIP feature at the demo pose is 
highest



Retrieval & Execution

Optimize for pose such that features at query points match those in the demo 
(like in Neural Descriptor Fields)
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Distilled Feature Fields Enable Few-Shot Manipulation

Distilled Feature Fields Enable Few-Shot Manipulation, Shen et al., 2023

Doesn’t require a hand-crafted object model anymore and can 
generalize to new objects 

But still pretty hand-engineered.
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Behavior Cloning:  
Direct Supervised Learning of Policies

Many slides from: 
Sergey Levine, Berkeley CS 285 
Russ Tedrake, RSS tutorials on 
Diffusion Policy


Check out Sergey’s and Russ’s 
talks & lectures if you want to 
learn more!
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Imitation Learning
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behavioral cloning
Slide credit: Sergey Levine
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Case Study: Diffusion Policy

Diffusion Policy, Visuomotor Policy Learning via Action Diffusion, Chi et al. 2023



Reminder: Diffusion

Slide credit: Russ Tedrake
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Modeling Sequences
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Aloha Unleashed
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Diffusion 

Diffusion Forcing

Key Idea: Train the model to 
denoise frames with random 
combinations of noise levels!

Over time, the model sees every 
possible combination of noise 

levels

This generalizes both auto-
regressive sampling and  
full-sequence diffusion

[Chen et al. 2024, Song and Chen et al. 2024]



Long-Horizon, Stateful Behavior Cloning
Diffusion Forcing, Chen et al. 2024



Long-Horizon, Stateful Behavior Cloning
Diffusion Forcing, Chen et al. 2024



Noise makes model robust to disturbances
Diffusion Forcing, Chen et al. 2024



Noise makes model robust to disturbances
Diffusion Forcing, Chen et al. 2024



History-Guided Video Diffusion



History-Guided Video Diffusion:  
Composing Robot Actions

In imitation learning, temporal history 
guidance enables composition of reactive 
and long-horizon behavior.



History-Guided Video Diffusion:  
Composing Robot Actions

In imitation learning, temporal history 
guidance enables composition of reactive 
and long-horizon behavior.



Does it work? No!



Does it work? No!

time

state (s)



Does it work? No!

time

state (s)



Does it work? No!

time

state (s)



Does it work? No!

time

state (s)



Does it work? No!

time

state (s)



Does it work? No!

time

state (s)



Imitation learning: what’s the problem?



Imitation learning: what’s the problem?
• Humans need to provide data, which is typically finite 

• Deep learning works best when data is plentiful



Imitation learning: what’s the problem?
• Humans need to provide data, which is typically finite 

• Deep learning works best when data is plentiful

• Humans are not good at providing some kinds of actions



Imitation learning: what’s the problem?
• Humans need to provide data, which is typically finite 

• Deep learning works best when data is plentiful

• Humans are not good at providing some kinds of actions



Imitation learning: what’s the problem?
• Humans need to provide data, which is typically finite 

• Deep learning works best when data is plentiful

• Humans are not good at providing some kinds of actions



Imitation learning: what’s the problem?
• Humans need to provide data, which is typically finite 

• Deep learning works best when data is plentiful

• Humans are not good at providing some kinds of actions



Imitation learning: what’s the problem?
• Humans need to provide data, which is typically finite 

• Deep learning works best when data is plentiful

• Humans are not good at providing some kinds of actions



Imitation learning: what’s the problem?
• Humans need to provide data, which is typically finite 

• Deep learning works best when data is plentiful

• Humans are not good at providing some kinds of actions



Imitation learning: what’s the problem?
• Humans need to provide data, which is typically finite 

• Deep learning works best when data is plentiful

• Humans are not good at providing some kinds of actions

• Humans can learn autonomously; can our machines do the same? 
• Unlimited data from own experience 
• Continuous self-improvement


