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1. Introduction
• Behavioral cloning (BC) works well when a sufficient amount of training data is 

provided. 
• Recently sequence modeling approaches have been often used for BC, of which the 

objective is to model the probability distribution of the multi-step state-action 
trajectory.

• For visuomotor control tasks, “Diffusion Policy” demonstrated promising 
performance using multimodal states including visual observations as the 
conditions of the diffusion model.

• In this work Crossway Diffusion is proposed. It’s a simple yet effective method to 
enhance diffusion-based visuomotor policy learning via a state decoder and a self-
supervised learning (SSL) objective.



1. Introduction
Contributions:
• Crossway Diffusion is proposed, improving diffusion-based visuomotor policy via a 

state decoder and a simple SSL objective.
• The effectiveness of the method is confirmed on multiple challenging visual BC 

tasks from different benchmarks, including 2 real-world robot manipulation 
datasets.

• Detailed ablations are conducted on multiple design choices, verifying the advance 
and robustness of the proposed design.



2. Preliminaries
A. Behavioral Cloning

• Simple behavioral cloning (BC) sets over a Markov Decision Process (MDP), described by the 
tuple (S, A, P).

• The goal is to train a robot policy π that best recovers an unknown policy 𝜋∗ using a 
demonstration dataset D = {(𝑠",𝑎")} collected by 𝜋∗. Specifically, the robot policy π operates on 
a trajectory basis: 𝜋(𝐴#|𝑆#), where 𝑆# = {𝑠#$%!&', 𝑠#$%!&(, … , 𝑠#} is the given short history 
state sequence and 𝐴# = {𝑎#, 𝑎#&', … , 𝑎#&%"$'} is the predicted future actions to take.



2. Preliminaries
B. Diffusion Models

• Diffusion models are generative models that iteratively generate samples that match the data 
distribution.

• Forward process:
The original data is destroyed by a sequence of noise 𝑞(𝑥)|𝑥)$').

• Backward process:
𝑝*(𝑥)$'|𝑥)). is used to denoise the corrupted data.



2. Preliminaries
C. Diffusion Models for Policy Learning

• “Diffusion policy: Visuomotor policy learning via action diffusion” is feasible for visuomotor 
policy learning despite high dimensionality of the visual observations, by generating only action 
sequences, while conditioned on visual and other states.

𝑇! = 2 and 𝑇" = 4



2. Preliminaries
C. Diffusion Models for Policy Learning

• Given a state sequence with both visual and low dimensional states 𝑆# = {𝑆#,",-, 𝑆#,./0$1",}, 
the state encoder extracts visual embeddings from images ℎ#,",- = 𝐸2(𝑆#,",-). The visual 
embeddings ℎ#,",- are then concatenated with other low dimensional states 𝑆#,./0$1", to 
form the observation condition ℎ# = ℎ#,",-⊕𝑆#,./0$1",.



3. Method
Crossway Diffusion extends existing 
“Diffusion Policy” by (1) a state 
decoder and (2) an auxiliary 
objective, both for reconstructing 
input states.
The state decoder takes the 
intermediate representation of the 
diffusion process 𝑋#) to reconstruct 
the input states.
The reconstruction objective is 
jointly optimized with the diffusion 
loss 𝐿3345 during training.



3. Method
A. State Decoder

6𝑆# = 𝐷2(𝑔(𝑋#))),
where 𝑔(·) is the intersection transformation

a) Reconstruct the visual states
• The visual state encoders are are made of a sequence of 2D residual convolutional 

blocks, transposed convolutional layers for upsampling (ConvTranspose), and vanilla 
convolutional layers.
• Transposed conv layers: upsample
• Vanilla conv layers: extract features

• Positional embedding: convert pixel coordinates to learnable vector representations
b) Reconstruct the low-dimensional states

• Low-dim states are regressed by 3-layer multilayer perception (MLP) to help the model 
better learn low-dim representations, thus capture key information of input states.



3. Method
B. Intersection Transformation

𝑔(·) converts the intermediate representation into original 

low-dim and visual states for reconstruction by state 

decoder.

a) 𝒈𝒍𝒐𝒘$𝒅𝒊𝒎(·)

Identity function.

b) 𝒈𝒊𝒎𝒈(·)



3. Method
C. Crossway Diffusion Loss (self-supervised learning)

𝐿=>?/@. = 𝑀𝑆𝐸(𝑆#, 6𝑆#)

𝐿BC/DD0EF = 𝐿3345 + 𝛼𝐿=>?/@.
• α = 0.1 is found to be a generally good 

setting without extensive hyperparameter 

search.



4. Experiment
A. Dataset summary



4. Experiment
B. Scores comparisons on simulated datasets

The average of 3000 episodes and the standard deviation of 3 seeds.

C. Success rate of real-world tasks



4. Experiment
D. Ablations – on state decoder

Design D utilizes ℎ# instead of intersection 𝑋#$ for reconstruction.



4. Experiment
D. Ablations – on auxiliary objective

Crossway-CURL adopts a contrastive loss as the auxiliary objective.



Thank you.


