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Abstract— Diffusion models have been adopted for behavioral
cloning in a sequence modeling fashion, benefiting from their
exceptional capabilities in modeling complex data distributions.
The standard diffusion-based policy iteratively denoises action
sequences from random noise conditioned on the input states
and the model is typically trained with a singular diffusion
loss. This paper explores the potential enhancements in such
models when the denoising process is informed by a better
visual representation. We study the scenario where the model
is jointly optimized using the standard diffusion loss alongside
an auxiliary objective based on self-supervised learning. After
experimenting with various objectives, we introduce Crossway
Diffusion, a simple yet effective way to enhance diffusion-
based visuomotor policy learning via a state decoder and an
auxiliary reconstruction objective. During training, the state
decoder reconstructs raw image pixels and other states from the
intermediate representations of the model. Experiments demon-
strate the effectiveness of our method in various simulated and
real-world tasks, confirming its consistent advantages over the
standard diffusion-based policy and other baselines.

I. INTRODUCTION

Behavioral Cloning (BC) [1] is a supervised learning
formulation for robot action policy learning. Given expert
demonstration data consisting of a sequence of state-action
pairs, a model is trained to predict the correct action vector
given input states (e.g., images). This framework has shown
to be very effective particularly when a sufficient amount of
training data is provided [2], [3].

Recently, sequence modeling approaches [4], [5], [6] have
been often used for behavioral cloning, because of their
ability to model multiple steps of information. In such a
formulation, the objective is to model the probability distri-
bution of the multi-step state-action trajectory. This allows
BC to consider beyond a single-step regression, better-taking
advantage of history. Given the success in modeling human
language [7] and images [8], Transformers [9] have been
popularly adopted for sequence modeling-based policies [4],
[51, [6], [2], [10].

Diffusion models [11], [12], [13], [14] have exceptional
capabilities in modeling multimodal data distribution and
generating new samples from the distribution, which make
them suitable for imitating behaviors by generating trajecto-
ries. Recent works [15], [16], [17] have successfully applied
diffusion models for sequential modeling using low dimen-
sional states. For visuomotor control tasks, [18] demonstrated
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promising performance using multimodal states including
visual observations as the conditions of the diffusion model.

In this work, we explore the potential enhancements in
diffusion-based visuomotor policy when conditioning on
a better visual representation. Particularly, we study the
scenario where the model is jointly optimized using the
standard diffusion loss alongside an auxiliary objective based
on self-supervised learning (SSL). After extensively exper-
imenting with various objectives, we introduce Crossway
Diffusion, a simple yet effective way to enhance diffusion-
based visuomotor policy learning via a state decoder and an
auxiliary reconstruction objective. During training, the state
decoder reconstructs raw image pixels and other states from
the intermediate representations of the model. By doing so,
we explicitly regularize the intermediate representation to
capture the information of the input states, as now the model
needs to reconstruct the input states from it.

Through our experiments over multiple challenging tasks
from different benchmarks, we verify the consistent advan-
tage of our method in comparison to the baseline Diffu-
sion Policy [18]. Especially, our method achieves a 15.7%
improvement in success rate over the baseline on ‘Trans-
port, mh’ dataset from Robomimic [19] and one variant of
our method even achieves 17.1%, emphasizing the effec-
tiveness of the SSL objective and the specific state decoder
design. Our contribution can be summarized as follows:

e We delve into the challenge of improving diffusion-
based visuomotor policy learning via jointly optimizing
the diffusion loss and an auxiliary SSL objective

e We propose Crossway Diffusion, which consistently
enhances diffusion-based visuomotor policy learning via
a state decoder and an auxiliary reconstruction objective

o We confirm the effectiveness of the proposed method
on multiple challenging visual BC tasks from different
benchmarks, including two real-world robot manipula-
tion datasets we collected.

e We conduct detailed ablations on multiple design
choices, verifying the advance and robustness of the
proposed design.

II. PRELIMINARIES
A. Behavioral Cloning

We consider simple behavioral cloning (BC) setting over
a Markov Decision Process (MDP), described by the tuple
(S, A, P), where s € S represents the state, a € A is
the action, and P are the transition dynamics given by
P(s'|s,a). A trajectory consists of a sequence of state-action
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pairs {sg, ag, $1,@1,--.,ST,ar}, where T is the length
of sequence (task horizon). Our goal is to train a robot
policy m that best recovers an unknown policy 7* using
a demonstration dataset D = {(s;,a;)} collected by 7*.
Specifically, the robot policy 7 operates on a trajectory basis:
w(A¢|S), where Sy = {St—7, 41, St—T.+2, --., St } i the given
short history state sequence, A; = {at, a¢41, ..., G411} 18
the predicted future actions to take. 7T and T, represent the
lengths of these two sequences respectively.

B. Diffusion Models

Diffusion models [11], [12], [13] are generative models
that iteratively generate samples that match the data distri-
bution. Recent works [20], [21], [22], [23] have demonstrated
its great ability in image generation and other data generation
tasks. The diffusion process is of the original data being
destroyed by a sequence of noise q(z*|x*~1) known as the
forward process, where k is the current diffusion step and
there are K steps in total. The diffusion model uses the
reverse process, the backward process, pg(2*~1|z%) to de-
noise the corrupted data. By iteratively denoising, a diffusion
model generates synthesized data & that approximates the
original data distribution ¢(z), starting from a random prior

p(z"):
pG(CCO) _ /pe(wo:K)dxlzK
K
= /p(xK) Hpg(xk_lmk)dxl:}( 2)
k=1

Typically the random prior p(x%) is a standard Gaussian
distribution, and the denoising process is parameterized by
the following Gaussian:

pg(l’k71|l’k) :N(l'kilnie(xk,k)azk)a (3)

(1)

where the parameter jug(z¥, k) is estimated from a neural
network parameterized by 6.

C. Diffusion Models for Policy Learning

Diffusion models have been applied for data augmenta-
tion [24] and sample synthesis [25], [26], [27] in robot
policy learning. As recent works [4], [5], [28] formulate
the robot policy learning as an action sequence genera-
tion problem, diffusion models have also been successfully
adapted as sequence generation models [17], [24], [16],
[15]. Diffuser [15] concatenates the low-dimensional states
and the actions and models multiple state-action pairs as a
matrix (image) generation problem. However, such a setting
is not feasible for visuomotor policy learning due to the high
dimensionality of the visual observations.

Diffusion Policy [18] tackles the challenge by generating
only action sequences, while conditioned on visual and other
states. Specifically, given a sequence of T, states S; =
{S8t—T.+1,St—T.+2, ---, St } where each s contains both visual
states and low-dimensional states, the diffusion model gener-
ates a sequence of T, actions A; = {at,at41,..., G417, -1}
conditioned on the state sequence. When the agent finishes

Sy a sequence of T, states

SH

. [ 1 time generation

12" time generation

Ay: a sequence of T, actions Atta

Fig. 1: Trajectory generation formulation of Diffusion Policy.
This figure shows a case where 75 = 2 and T, = 4.

executing A;, Diffusion Policy generates the consequent
action sequence Ay, given Syir,, which formulates a
closed-loop control (see Fig. 1).

The model of Diffusion Policy is composed of a state en-
coder E'g, an action encoder F 4, and an action decoder D 4.
The action encoder and decoder make up the diffusion model
for generating action sequences by running the denoising
process iteratively. The state encoder provides conditioning
from the states, which modulates the generation process. This
paper focuses on the convolutional version of the Diffusion
Policy due to its superior performance.

Given a state sequence with both visual and low-
dimensional states Sy = {.St img, St iow-dim }» the state encoder
extracts visual embeddings from images h; jn, = Es(St’,-mg).
The visual embeddings h; ., are then concatenated with
other low dimensional states Sy jy-qim to form the observation
condition hy = Nt jmg D St tow-dim-

The action encoder F 4 takes the noisy action sequence
AP at diffusion step k and the observation condition h; and
produces the representation X[ from the deepest layer and
other tensors for skip connection Xf;skip from the shallower
layers: th,Xt’fskip = Ea(A¥ hy, k), where t is the times-
tamp of a state or action trajectory. XF € RT*¢ where T
is the representation length along the time axis and C' is the
number of channels.

The action decoder takes both X, X ;. and condition /;
to estimate the noise € which is applied to Af in the forward
diffusion process. The condition h; is applied between two
convolutional layers in the residual block, using Feature-wise
Linear Modulation (FiLM) [29]. Then a (slightly) denoised
action sequence Af_l is derived from the estimated noise €y
and A¥ using Eq.4.

€0 = Da(X], th,skipy hy)

1 1-a @)
At (ph o TR ,
' @(t VToap ) T

where z is randomly sampled from a normal distribution with
the same dimension as Af. ag, o, and o are parameters
regarding the diffusion process used in DDPM [12], except
that we use k as the diffusion step instead of .

During inference, the denoising process mentioned above
is repeated for K times iteratively, generating a noiseless
action sequence AY in the end. The whole model is optimized
using the same Mean Squared Error (MSE) as DDPM [12]
to predict the noise € applied to A? for constructing A¥.

Lpppy = MSE(Ds(E (A}, he, k), he), €) &)

16842



Intersection X} € RT*C

1| State sequence S,
b
|
State
- ~ = FiLM conditioning
| Encoder Eg !
skip conneetion

Denoised action |
sequence Af~! |

Diffusion step k

Noisy action
sequence A}

Repeat &

i |
il
Fig. 2: Left: Architecture of Crossway Diffusion. We intro-
duce a state decoder to the existing Diffusion Policy [18]
as well as an auxiliary reconstruction objective Lgecon.- The
state decoder takes a transformed intermediate representation

‘intersection’ to reconstruct the input states. Right: Transfor-
mation applied to ‘intersection’ for the visual state decoder.

Encoder E 4
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III. METHOD

Crossway Diffusion extends existing Diffusion Policy [18]
by introducing (1) a state decoder and (2) an auxiliary
objective, both for reconstructing the input states during
training. The overall architecture of Crossway Diffusion is
presented as Fig. 2. Specifically, the state decoder takes the
intermediate representation of the diffusion process X[ to
reconstruct the input states, and the reconstruction objective
is jointly optimized with the diffusion loss Lpppy-

A. State Decoder

The state decoder Dg is newly introduced to reconstruct
the input states from the intermediate representation along
with the existing action sequence denoising pipeline. The
new procedure is summarized as S’t = Dg (g (th)), where
S, is the reconstructed state and g(+) is the intersection
transformation, discussed in the following section.

The representation X[ is dubbed as intersection since
both the flow of action denoising and the flow of state
reconstruction pass through this tensor and then head to
their corresponding destinations. For the same reason, we
name our method Crossway Diffusion, whose key feature is
to have two flows of information intersected in the diffusion
model during the training phase. By doing so, we explicitly
regularize X to capture the information from both flows,
which benefits representation learning. Our design includes
two distinct types of state decoders: one for visual states and
another for low-dimensional states. For each source of the
states (multiple cameras, joint angles, and so on), we assign
a dedicated decoder for the best reconstruction results.

To reconstruct the visual states, the visual state decoders
are made of a sequence of 2D residual convolutional blocks,
transposed convolutional layers for upsampling (ConvTrans-
pose), and vanilla convolutional layers (See Fig. 3). The
numbers in the blocks indicate the number of output channels
except for ConvTranspose. ConvTranspose doubles the spa-
tial resolution of the input tensor while keeping the number

Reconstructed
Image

Stage 1 Stage 2

[[128 | Residual Block (428" Conv-Group Norm-Mish  [[i80| Conv [J@H] ConvTranspose [_| Positional Embeddings

Fig. 3: Architecture of visual state decoder. Numbers in the
blocks indicate the number of output channels except that
ConvTranspose doubles the spatial resolution while keeping
the number of channels unchanged.

of channels unchanged. Inspired by [30] and [31], we adapt
the positional embedding from [32] to present the pixel
coordinates. The positional embedding is concatenated to the
output of ConvTranspose along the channel axis.

Other low-dimensional states are regressed by three-layer
MLPs. The widths of the hidden layers are in the ratios of
4:2:1 compared to the width of the low-dimensional states.

Note that the reconstruction with the state decoder Dy is
only used during the training, serving as an ‘interpreter’ to
generate additional supervisory signals to train better inter-
mediate representations. The state decoder will be discarded
after the training.

B. Intersection Transformation

Intersection transformation ¢(-) adapts the intermediate
representation X[ for the state decoder to pursue the recon-
struction task. Assume X/ is split along the time axis as a
list of vectors X[ := {Xfl\z =1,2,.., T}. By default, only
the first vector in the list X{fl is sent to the state decoder
for state reconstructions.

The transformation for the low-dimensional state decoder
Giow-aim(+) 1s an identity function which means the state
decoder directly takes X[, as the input.

In contrast, the visual state decoder employs another
transformation g,-mg(~) due to the significant dimensional
disparity between th,1 and the visual states. As shown in
the right of Fig. 2, to bridge the dimensionality gap, the
C elements of Xf’l are equally split into 4 folds and then
reshaped as a C/4 x 2 x 2 block B. The block B is then
repeated multiple times in two spatial dimensions so that
it will have a spatial resolution of a quarter of the desired
reconstructed image along each spatial dimension. Finally,
we concatenate the same positional embeddings introduced
in the previous section along the channel axis before sending
the transformed intersection to the visual state decoder.

We further explore the effect of multiple designs of g(-)
in Section IV-C.

C. Crossway Diffusion Loss

Given the state decoder and the state reconstruction task,
we introduce a reconstruction 10ss Lg...,. between the recon-
structed states and the original input states, which provides
an auxiliary training signal to Dg, Fg, and E4. Lrecon 18
simply implemented as a Mean Squared Error (MSE).

In addition to Lpppy used in Diffusion Policy [18] (Eq. 5),
which supervises D4, E4 and Eg, Lgecon 18 jointly opti-
mized with Lpppy by a simple weighted addition. That is,
all network modules E'4, D 4, Es, and Eg are trained jointly.
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The total loss for Crossway Diffusion is denoted as Eq.6 and
we find a = 0.1 is a generally good setting without extensive
hyperparameter search.

ERecon. = MSE(Sta St)

L:mesway = EDDPM + aﬁRecanA

(6)

IV. EXPERIMENT

We first evaluate Crossway Diffusion on multiple chal-
lenging simulated tasks and two real-world tasks. Then,
we explore variants of Crossway Diffusion regarding state
decoder design and the auxiliary objectives. Through an
extensive amount of experiments, we confirm that Cross-
way Diffusion consistently leads to better performance than
vanilla Diffusion Policy [18] and other baselines [33] over
all the tested tasks.

A. Task and Dataset

We follow [18] and choose five tasks Can, Lift, Square,
Transport, and Tool Hang from Robomimic [19] and Push-T
from Implicit Behaviour Cloning (IBC) [33]. In addition, we
build a real-world robot arm manipulation environment and
collect our own data for two tasks.

In the ‘Can’ task, the robot needs to lift a soda can from
one box and put it into another box. In the ‘Lift’ task, the
robot needs to lift a cube above a certain height. In the
‘Square’ task, the robot needs to fit the square nut onto
the square peg. The ‘Transport’ task entails the collaborative
effort of two robot arms to transfer a hammer from a closed
container on one table to a bin on another table. One arm is
responsible for retrieving and passing the hammer, while the
other arm cleans the bin and receives the passed hammer. In
“Tool Hang’, the robot needs to insert the hook into the base
to assemble a frame and then hang a wrench on the hook.
Additionally, the ‘Push-T’ task involves pushing a T-shaped
block (gray) onto a target location (green) in a 2D space.
Both two types of datasets are evaluated if available: ‘ph’
- proficient-human demonstration and ‘mh’ - multi-human
demonstrations, originally defined by Robomimic [19]. ‘mh’
is designed to have diverse proficiency on the task.

In the real-world environment, we set up a robot arm
with a gripper and two RGB webcams. The first camera
is stationary and offers a third-person perspective of the
operating space, while the second camera is mounted on
the gripper, providing a first-person view for grasping. The
action space encompasses both the 3D position of the robot
arm and a binary signal for the gripper’s opening and closing.
For task ‘Duck Lift’, the objective is to lift a rubber duck
above a certain height. For task ‘Duck Collect’, the robot
needs to collect four ducks and sort them into two separate
containers based on the colors of the ducks.

A visual reference for all the tasks is provided as Fig. 4
and an information summary is presented in Tab. L.

B. Main Results

1) Evaluation Metrics: Consistent with prior studies, for
the Push-T task, we measure the extent of target location
coverage achieved by the T block, which is the ratio of the

Tool Hang

Push-T Duck Lift Duck Collect

Fig. 4: Visual reference for all tasks

TABLE I: Dataset summary. ph: the number of proficient-
human demonstrations; mh: the number of multi-human
demonstrations; R?: whether the dataset is a real-world
dataset or not; Rob.: the number of robots; Obj.: the number
of objects; Cam.: the number of cameras; Act-D: action
dimension; Steps: max number of rollout steps.

Task | ph mh R? | Rob. Obj. Cam. Act-D Steps
Can 200 300 N 1 1 2 7 400
Lift 200 300 N 1 1 2 7 400
Square 200 300 N 1 1 2 7 400
Transport 200 300 N 2 3 4 14 700
Tool Hang 200 - N 1 2 2 7 700
Push-T 200 N 1 1 1 2 300
Duck Lift 100 Y 1 1 2 4 50
Duck Collect | 100 Y 1 1 2 4 200

covered area to the total area. We adopt the success rate
of other tasks as a performance metric. All the models are
trained for 500 epochs and evaluated at the end of training.
Note that we train and evaluate all methods from scratch
with our setting for a fair comparison, as the numbers from
[18] are not reliable because of the bug in their evaluation
code!. For all diffusion-based methods, we benchmark the
exponential moving average (EMA) version of the model for
better stability, as suggested by [12]. More training details
are available in Section VI-A.

2) Simulated Experiments: For all the simulated tasks, in
Tab. IT we report the average performance over 1000 ran-
domly initialized episodes x 3 models trained with random
seeds, as well as the standard deviation among random seeds.
That is, each score before + in Tab. II is an average of 3000
episodes, and each number after + is the standard deviation
of the score of 3 random seeds.

From the comparison, the proposed Crossway Diffusion
consistently outperforms the baseline Diffusion Policy [18]
in all datasets, as well as other baselines. We observe an
improvement of 15.7% over the success rate in ‘Trans-
port, mh’, emphasizing the effectiveness of our method when
the demonstration data is varied in proficiency. Please refer
to Section VI-G and VI-D for our example episodes and
visualization of the action generation process.

3) Real-world Experiments: For all tested methods, we
run ‘Duck Lift’ for 20 episodes and ‘Duck Collect’ for 10

IPlease check this link for more details https://github.com/
real-stanford/diffusion_policy/issues/6.
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TABLE II: Scores on simulated datasets. We report the average of 3000 episodes and the

standard deviation of 3 seeds

Method Can, ph Can, mh Lift, ph Lift, mh Square, ph Square, mh Transport, ph  Transport, mh  Tool Hang, ph Push-T
LSTM-GMM 0.714 £ 0247  0.887 £ 0.033 0978 £0.017  0.992 + 0.001  0.643 £ 0.023  0.491 £ 0.057  0.656 + 0.049  0.254 + 0.017  0.460 + 0.060  0.567 + 0.013
IBC [33] 0.008 + 0.006  0.001 +0.001  0.709 + 0.008  0.222 +0.112  0.002 £ 0.001  0.000 + 0.001 ~ 0.000 + 0.000  0.000 + 0.000  0.000 + 0.000  0.687 + 0.031
Diffusion Policy CNN [18] ~ 0.992 + 0.002  0.958 + 0.003  1.000 + 0.000  0.998 + 0.001  0.935 + 0.006  0.858 + 0.007  0.859 + 0.015  0.643 £ 0.004 0.772 £ 0.012  0.819 * 0.002
Crossway Diffusion (Ours)  0.994 £ 0.002  0.965 £ 0.003  1.000 £ 0.000  0.998 + 0.000  0.935 + 0.005  0.879 + 0.010  0.864 + 0.016  0.800 + 0.020  0.792 + 0.014  0.843 + 0.020

TABLE III: Success rate of real-world tasks
Duck Lift  Duck Collect
Diffusion Policy CNN [18] 0.80 0.70
Crossway Diffusion (Ours) 0.95 0.80

ESEAS

Fig. 5: Duck Lift task under different obstructions. Two rows
show the images captured by two cameras respectively. The
red arrow in (e) is used to indicate the position of the duck.

episodes and measure the success rate. Note that in task
‘Duck Collect’, one episode is considered a success only
if the robot successfully collects and sorts all four ducks.
For each episode, we place the ducks at random initial
positions but keep the positions consistent across tested
methods. The results are reported in Tab. III, highlighting the
advantages of our method. We also show that our method is
robust to distractions like unseen objects, occlusions in one
camera, and other distractions (Fig. 5(a-d)). Please refer to
Section VI-E and the video for more information.

Additionally, we provide qualitative results on image re-
construction in Section VI-F, where the quality of recon-
structed visual states is surprisingly high.

C. Ablations

The ablation study mainly focuses on two critical designs
in our method: the state decoder and the auxiliary objective.

1) On State Decoder: Experiments in this section are
designed to answer (1) which representation for state recon-
struction benefits policy learning most, as well as (2) what
is the best architecture for the visual state decoder.

First, two more designs (Design B and C) of the intersec-
tion transformation presented in Fig. 6 are studied over five
simulated datasets, as well as one variant (Design D) that
utilizes h; instead of intersection X} for reconstruction.

Design A is the default Crossway Diffusion introduced
in Section III. In Design B, the first C'/2 channels for all
vectors in intersection Xf are selected for reconstruction,

Channel
L i
A B C

Fig. 6: Selected parts for state reconstruction in three designs.
White and gray parts are not used for reconstruction.

TABLE IV: Ablations on intersection transformation.

Square, mh Transport, ph Transport, mh  Tool Hang, ph Push-T
A (default)  0.879 £0.010  0.864 £ 0.016  0.800 + 0.020  0.792 £ 0.014  0.843 + 0.020
B 0.881 £ 0.017  0.882 £ 0.010  0.784 £ 0.025  0.777 £ 0.010  0.835 + 0.012
C 0.868 + 0.006  0.906 + 0.012  0.814 + 0.028  0.783 + 0.005  0.831 + 0.003
D 0.873 £0.012  0.892 £ 0.002  0.764 £ 0.013  0.790 £ 0.007  0.819 + 0.015
Diff. [18] 0.858 + 0.007  0.859 £ 0.015  0.643 £ 0.004  0.772 + 0.012 0.819 + 0.002

while the rest is left dedicated to the denoising process. In
contrast, Design C takes advantage of all vectors in X} for
the reconstruction. Additionally, for both Design B and C,
the selected vectors are independently projected by a linear
layer to match the target number of channels C'/4. The
latter operations like reshape and repeat in Fig. 2 are kept
the same. Finally, in Design D, the state decoder directly
takes the output of the state encoder h; instead of X k
which disentangles the action denoising flow and the state
reconstruction flow. A linear layer is also applied to project
hy to the target dimension C'/4 in the channel axis.

The results presented in Tab. IV show that Design A, B,
and C consistently outperform the baseline Diffusion Policy
CNN [18] (Diff. in table). However, Design D achieves
similar results to the baseline on Push-T and shows im-
provements on other datasets. Such observations validate the
importance of not only the reconstruction task but also the
design which explicitly forces two flows to intersect with each
other. Though these designs show diverse advantages over
different tasks, we choose Design A as the default due to its
computational simplicity.

Then, the variants with different visual state decoder
architectures are studied. The default visual state decoder
contains two stages where each stage has two residual blocks
with a transposed convolution for spatial upsampling (see
Fig. 3). Shallower Dec. takes the second stage out and only
keeps the first stage. For ViT Dec., the visual state decoder
is a two-layer Vision Transformer (ViT) [8] whose token
dimension is C'/4 and the positional embeddings are directly
added to the tokens before the ViT instead of concatenation.

The results on Push-T are presented in Tab. V (more
available in Appendix VI-B), showing that all variants of our
methods perform better than the baseline Diffusion Policy
CNN [18] (Diff. in table). Such observation validates the
effectiveness of the reconstruction task and our specific
visual state decoder design.

2) On auxiliary objective: By default, both visual states
and low-dimensional states are reconstructed in Crossway

TABLE V: Ablation results tested on Push-T

Default | Shallower Dec.
0.843 + 0.020 ‘ 0.822 + 0.014

ViT Dec. |
0.824 +0.008 | 0.828 + 0012 | 0.819  0.002

Visual-only | Diff. [18]
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TABLE VI: Ablations on future prediction, tested on Push-T

N = 0 (default)
0.843 + 0.020

N=2
0.818 + 0.006

N =4
0.827 + 0.014

N=6
0.817 + 0.003

N=38
0.803 + 0.013

TABLE VII: Performance of Crossway-CURL, which adopts
a contrastive loss as the auxiliary objective

Lift, mh Lift, ph Square, mh Square, ph Push-T

Crossway-CURL
Default

0.802 + 0.024
0.998 + 0.000

0.678 £ 0.188  0.053 £ 0.025  0.035 £ 0.007  0.518 + 0.160
1.000 = 0.000  0.879 + 0.010  0.935 + 0.005  0.843 + 0.020

Diff. [18] 0.998 + 0.001 1.000 + 0.000  0.858 £ 0.007  0.935 + 0.006  0.819 + 0.002

Diffusion. We first benchmark a simple variant called Visual-
only, which reconstructs only the visual states. Results in
Tab. V verify the benefit of predicting all the input states.

Then we test the variants where the state decoder predicts
the state that is N steps ahead of the current state, instead
of predicting (reconstructing) the current state as in the
default setting (N = 0). From Tab. VI we empirically learn
that reconstructing the current state is the most beneficial
method while predicting future states may compromise the
performance, even worse than the baseline. We further extend
the study to multiple challenging datasets and obtain a similar
observation included in Appendix VI-B.

Furthermore, we verify the effectiveness of the proposed
reconstruction task in comparison to another SSL objec-
tive using contrastive learning inspired by CURL [34]. In
particular, we independently perform random crop on all
images of an observation sequence S; twice to get two
augmented sequences S; 41 and S; 42. The model takes Sy 41
to produce intersection X{fal while St .2 is processed by the
exponential moving average (EMA) version of the model
to get th,az,ema- The intuition is that due to the semantic
similarity between S 1 and S; 42, the intersection X; ,; and
Xt 42,ema should also be similar in a latent space.

We follow CURL [34] and maintain a learnable matrix
W. For each batch of b samples, we calculate the similarity
matrix Mg, between all samples in the same batch using
matrix multiplication (first line in Eq.7, where sg (-) means
stop gradients). Then the contrastive loss Lcyg, is formulated
as Eq. 7, where b is the batch size and o« = 0.1. Finally Lcygr
is jointly optimized with the diffusion loss Lpppy similar to
Eq.6. We name such configuration as Crossway-CURL.

T
Mgim = f,al W Sg (Xf,(ﬂ,ema)
Lcyrr = CrossEntropyLoss (Mgim, range(b))  (7)
Lcrossway-ct. = Lpppm + L cyre

From Tab. VII, the contrastive learning variant Crossway-
CURL yields much worse performance compared to the
baseline on multiple tasks, indicating that not all auxiliary
SSL losses benefit policy learning. Such observations happen
to align with the online reinforcement learning case [35].

V. RELATED WORK

A. Behavioral Cloning

Behavioral Cloning (BC) [1], [36], [37] is a straightfor-
ward but surprisingly effective way to obtain robot policies.

With pre-collected state-action pairs, BC learns a policy
like fitting a dataset [38], with additional techniques like
reward labeling / Inverse Reinforcement Learning (IRL) [39],
[40], distribution matching [41], [42], and incorporating extra
information [43], [44], [45]. Apart from explicitly generating
output actions, BC can be done implicitly, where an energy-
based model is learned to model the action distribution [33].
Implicit BC is found to be effective in real-world robot
tasks. BC also boosts some online RL algorithms like
TD3+BC [46], DeepMimic [47], and more [48]. Recent
Diffusion-based BC is more like an advanced approach for
matching the behavior distribution, which potentially helps
mitigate the distribution shift problem in BC [49].

B. Policy Learning as Sequential Modeling

Sequential modeling [4], [5], [6] is the recent direction to
solve offline-RL or Imitation Learning problems. The key is
to optimize a policy on a trajectory basis from pre-collected
experiences, with a reward signal (offline-RL) or without it
(imitation learning). To model the trajectory composed by
state-action-reward tuples, Transformer [9] is firstly adopted
to this problem in the light of success in modeling natural
language. In this formulation, state-action-reward tuples are
regarded as equal units [4], [5] or with Markovian proper-
ties [6], [50] for better long-term modeling. There are works
to extend the formulation to online learning [51], hindsight
matching [52], and bootstrapping [53]. Recently, diffusion
models have also been adopted to this problem [15], [17],
[18], on which [54] conducts a comprehensive survey.

C. Self-supervised Learning

Self-supervised learning (SSL) [55] is used to learn data
representations without task labels. SSL is commonly used to
(pre-)train task-agnostic foundation models [56], [57], [58],
[59], [60], [61], or is used as an auxiliary task together with
other learning paradigms [35], [62], [63], [64]. Similarly,
SSL has multiple ways to combine with policy learning,
and we briefly categorize them into two: pre-training with
SSL [65], [66], [67], [68], [69], [70], [71], [72], and policy
learning jointly with auxiliary SSL tasks [73], [74], [75],
(761, [771, [78], [34], [79], [80], [81], [82], [83], [84],
[85], [86], [87], [35]. Studies [35] have shown that different
ways to combine policy learning with SSL have different
outcomes. In this work, we follow the joint learning style that
optimizes diffusion and reconstruction objectives together.

VI. CONCLUSION

We explore the potential improvements for diffusion-
based visuomotor policy when integrating an auxiliary self-
supervised objective with the existing diffusion loss dur-
ing training. Our proposed method, Crossway Diffusion,
achieves consistent improvements across various challenging
tasks, including two real-world scenarios, with a simple state
decoder and an auxiliary reconstruction objective. Given
the simplicity of our method and the detailed ablations,
we hope this work will inspire further exploration into
leveraging evolving self-supervised learning techniques for
more effective diffusion-based policies.
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