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Abstract
Diffusion Policies are effective at learning
closed-loop manipulation policies from human
demonstrations but generalize poorly to novel
arrangements of objects in 3D space, hurting
real-world performance. To address this issue,
we propose Spherical Diffusion Policy (SDP), an
SE(3) equivariant diffusion policy that adapts
trajectories according to 3D transformations of
the scene. Such equivariance is achieved by
embedding the states, actions, and the denoising
process in spherical Fourier space. Additionally,
we employ novel spherical FiLM layers to condi-
tion the action denoising process equivariantly
on the scene embeddings. Lastly, we propose a
spherical denoising temporal U-net that achieves
spatiotemporal equivariance with computational
efficiency. In the end, SDP is end-to-end SE(3)
equivariant, allowing robust generalization across
transformed 3D scenes. SDP demonstrates a
large performance improvement over strong
baselines in 20 simulation tasks and 5 physical
robot tasks including single-arm and bi-manual
embodiments. Code is available at https:
//github.com/amazon-science/
Spherical_Diffusion_Policy.

1. Introduction
Diffusion Policy (Chi et al., 2023) has emerged as an effec-
tive method for learning closed-loop policies from human
demonstration. This success is based on the ability of Diffu-
sion models (Ho et al., 2020) to approximate multi-modal
human demonstrations (Mandlekar et al., 2021). A particu-
larly challenging aspect of real-world robotic manipulation,
which is often underrepresented in synthetic benchmarks,
is that objects may be found in a wide range of 3D poses.
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Figure 1. SDP enforces that the policy is SO(3) equivariant.
Specifically, in the second row, an SO(3) rotation that is applied
to the scene leads to an equivalent rotation on the latent spherical
Fourier features in the neural networks enc, ϵθ , and on the gen-
erated trajectory (blue dots). Fourier features are visualized as
spherical signal.

Consider, for example, grasping a dish that is randomly
placed in the sink, threading a nut onto a bolt with random
orientation, or wiping the curved surface of a car. Diffu-
sion Policy may struggle to attain robust 3D generalization
without training on a large amount of costly human demon-
strations to exhaust the possible 3D arrangements of the
scene.

We propose Spherical Diffusion Policy (SDP), a Fourier
space SE(3) equivariant method that automatically adapts
to changes in the scene. SDP improves on recent works
in equivariant diffusion policy learning which are limited
to SO(2)-equivariance (Wang et al., 2024b), equivariant to
only single-object transformations (Yang et al., 2024a; Tie
et al., 2024), or computationally heavy (Tie et al., 2024). In
contrast, our method is light and SE(3) equivariant across
multiple objects, allowing it to perform more complicated
tasks with less engineering. SDP achieves translational in-
variance by formulating states and actions in the gripper
frame (Chi et al., 2024). Figure 1 illustrates the SO(3)
equivariance of the proposed method. If the scene is trans-
formed by a 3D rotation, then the denoised action trajectory
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will be rotated by the same rotation. Since this equivari-
ance is embedded in the neural network, it does not rely
on additional data to train and thus achieves high sample
efficiency. The equivariance constraints lead to provable
SE(3) generalization to transformed scenes.

The contributions of this work are:

1. a novel method, Spherical Diffusion Policy, which is
equivariant to 3D rotations and invariant to 3D transla-
tions enabling generalization to unseen scenes,

2. a novel spherical FiLM layer for SO(3) equivariant
conditioning,

3. a novel spherical denoising temporal U-net for denois-
ing trajectories with spatiotemporal-equivariance,

4. theoretical validation that SDP is equivariant,

5. empirical validation of SDP through extensive experi-
ments that include 20 simulation and 5 physical tasks
including single-arm and bi-manual embodiments.

2. Background
Diffusion Policy is a closed-loop imitation learning method
that learns a policy �(s) = a that maps states to action
trajectories from expert demonstrations. The states s con-
sist of camera observation o, e.g. images or voxels or
point clouds, and the end-effector’s 6DoF pose (3D trans-
lation and 3D rotation) eT ; eR and aperture egrip. The ac-
tion a specifies the 6DoF pose aT ; aR and gripper aper-
ture agrip. The policy takes an input a history of h states
St = [st; st�1; : : : ; st�h+1]. The output is an action se-
quence of r actions At = [at; at+1; : : : ; at+r�1].

Diffusion Policy (Chi et al., 2023) leverages Diffusion Mod-
els (Ho et al., 2020; Song et al., 2021) to learn from multi-
modal human demonstrations (Mandlekar et al., 2021). Dif-
fusion policy infers actions by samplingAKt from a uniform
Gaussian noise, then performing K iterations of denoising,
producing AKt ; A

K�1
t ; ::; A0

t . The final iterate A0
t is the

output action. The denoising process is defined by:

Ak�1
t = �

�
Akt �
��(St; Akt ; k)+z

�
; z � N (0; �2I) (1)

where ��(St; Akt ; k) is a learnable denoising function, pa-
rameterized by �, that estimates the noise �k based on the
state St, the noisy action Akt , and the step k. The parame-
ters �; 
; � define the noise schedule and functions of the
denoising step k. Finally, the denoising function is trained
to predict the noise added to the expert action:

L =


��(St; A0

t + �; k)� �


2
: (2)

Equivariance describes the property of a function which
commutes with the transformations of a symmetry group

G: �out(g)f(x) = f
�
�in(g)x

�
; for all g 2 G. Here, the

�s denote group representations, mapping each group ele-
ment to an invertible matrix (Serre et al., 1977). The 2D
special orthogonal group SO(2) describes planar rotations
and its subgroup Cn discretizes SO(2) into n rotations.
Similarly, SO(3) describes 3D rotations. We denote the
group of 3D translations T(3). The Special Euclidian group
SE(3) = SO(3) n T(3) includes both 3D rotations and
translations. For any group, the trivial representation �0

assigns the identity matrix �0(g) = I to each group element.
This makes invariance a special case of equivariance where
the output representation �out = �0. For SO(3), there are
higher-dimensional representations �1; �2; : : : that will be
introduced later. Representations can be combined by di-
rect sum �(g) = �0(g)� �00(g), where �0(g) and �00(g) are
diagonal blocks in �(g).

Equivariant Policy Learning assumes the policy is equiv-
ariant �(gS) = ga; g 2 G, where G could be SO(2) group
or SE(3) group. One way to achieve equivariance is by
recognizing and modeling an equivariant function using
equivariant neural networks. (Ryu et al., 2024) states that
for Brownian Diffusion on the SE(3) manifold, if the target
function �(S) = a is equivariant, then the denoising func-
tion �� is also equivariant: ��(gS; gA; k) = g��(S;A; k).
EquiDiff (Wang et al., 2024b) extends this open-loop equiv-
ariance (Ryu et al., 2024) into closed-loop setups, but it is
limited to SO(2) equivariance. For an additional introduc-
tion, see Appendix C.1.

Another way to achieve equivariance is by canonicalizing
the input S and output a of a neural network (Zeng et al.,
2022; Wang et al., 2021; Jia et al., 2023; Chi et al., 2024).
For example, if a is a 3D translation, then canonicalizing S
involves translating it inversely so that the action is at the
origin: Scan = S � a; acan = a � a; a 2 T(3). Intuitively,
canonicalization eliminates the transformation applied to
the state and action by always evaluating the state in the
canonicalized view. Refer to Appendix C.2 for proof.

Spherical Harmonics (SH) are functions on the sphere
Y ml : S2 ! R which give an orthonormal basis for the
function space L2(S2;R). They are indexed by degree l 2
Z�0 and order�l 6 m 6 l;m 2 Z. A spherical function in
spatial space can be transformed into the frequency domain
by a spherical Fourier transform: F : f 7! fcml g, where
cml are Fourier coefficients. Inversely, the inverse spherical
Fourier transform F�1 converts the Fourier coefficients to
the spatial value: f(u) =

P1
l=0

P
m c

m
l Y

m
l (u). Spherical

functions and SH are SO(3) steerable and thus suitable
for SO(3)-equivariant networks. Essentially, a rotation of
f in spatial space is equivalent to a rotation of cml in the
frequency domain by the Wigner D-matrices Dl

m, which is
orthogonal. That is, f 0 = g � f; g 2 SO(3) is equivalent to
cnl
0 =

P
mD

l
mn(g)c

m
l , where cnl

0 are Fourier coefficients
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of f 0. For example, degree0 (� 0) Fourier coef�cientsc0 2
R are scalars that are invariant to rotation, and degree1 (� 1)
Fourier coef�cientsc1 2 R3 are 3D vectors with Wigner D-
matrix given by a standard 3D rotation matrix. A Spherical
Fourier signal up to degreeL has(L + 1) 2 coef�cients
(Cohen et al., 2018; Bonev et al., 2023). SDP leverages this
compact representation. Convolving two sets of Spherical
Fourier signals (Cohen et al., 2018; Klee et al., 2023) leads
to a signal overSO(3), which has

P L
l (2l +1) 2 coef�cients,

as adopted in ET-SEED (Tie et al., 2024).

Equiformer (Liao & Smidt, 2023) and EquiformerV2
(Liao et al., 2024) areSE(3) equivariant graph neural net-
works (GNN) (Passaro & Zitnick, 2023). In contrast to
conventional GNNs that treat each node in the graph as a
scalar, Equiformer attaches spherical features to each node.
These features are compactly approximated by truncated
Fourier coef�cients, up to degreel 6 L . Messages are
aggregated from neighbor nodes in the graph through the
edges by equivariant graph attention. This is followed by an
equivariant spherical linear and activation layer. The spheri-
cal linear layer treats degreel Fourier coef�cients as high
dimensional vectors to perform a linear mapping in each
degree separately. The spherical activation layer (Geiger &
Smidt, 2022) performs inverse Fourier transform, then per-
forms conventional activation point-wise on the sphere, and
lastly converts the activation back to Fourier coef�cients.

3. Related Works

Closed-loop Robot Policy Imitation Learning learns
robot skills from human demonstrations through machine
learning. Though it is a straightforward and general frame-
work, facing multiple challenges. One challenge is the
error compounding effect where the action prediction er-
ror causes future states to diverge from the training states
and further exacerbate the next action prediction (Ke et al.,
2021). To combat this, action chunking (Lai et al., 2022;
Mandlekar et al., 2021; Chi et al., 2023; Zhao et al., 2023b)
proposes predicting and executing a trajectory of actions
instead of one step of action. Another challenge is to learn
from multi-modal human demonstrations. Multiple methods
are proposed to �t a multi-modal policy, including Gaussian
Mixture Model (Mandlekar et al., 2021; Zhu et al., 2022b),
Variational Auto Encoder (Zhao et al., 2023b; Mousavian
et al., 2019), Energy-Based Models (Implicit Models) (Flo-
rence et al., 2022), and Diffusion Models (Janner et al.,
2022; Pearce et al., 2023; Chi et al., 2023). Based on (Chi
et al., 2023), this work leverages additional inductive bias –
equivariance, to achieve signi�cantly better performance.

Equivariance on Robot Learning Robotic policies op-
erate in the 3D world, sharing rich symmetries. (Zhu et al.,
2022a; Huang et al., 2022; Zhu et al., 2023; Hu et al., 2024)

investigated equivariance in the grasp learning. (Wang et al.,
2021; Huang et al., 2024c; Simeonov et al., 2022; Zhao
et al., 2023a; Ryu et al., 2024; Huang et al., 2024a; Gao
et al., 2024; Zhu et al., 2025b) developed equivariant open-
loop policies. (Van der Pol et al., 2020; Wang et al., 2022b;a;
Jia et al., 2023; Liu et al., 2023; Wang et al., 2024c;b; Yang
et al., 2024b;a) veri�ed effectiveness of equivariance in
closed-loop agent. Among these works, (Zhu et al., 2022a;
Zhao et al., 2023a; Jia et al., 2023; Liu et al., 2023; Huang
et al., 2024c; Wang et al., 2024b; Zhu et al., 2025a) utilize
discrete equivariance that suffers from discretization error.
On the other hand, (Ryu et al., 2024; Huang et al., 2024a;
Gao et al., 2024; Hu et al., 2024; Zhu et al., 2025b) leverages
continuous equivariance but is limited to open-loop settings.
Moreover, EquiBot (Yang et al., 2024a) are limited to degree
l = 1 representation that suppresses rich information, and
ET-SEED(Tie et al., 2024) uses heavySO(3) irreducible
representation that needs two-stage inference to alleviate
computation burden. Furthermore, (Yang et al., 2024a;b;
Tie et al., 2024) requires a segmentation pipeline engineered
for each task to exclude everything but one object in the
workspace. In contrast, our work is the �rst to leverage con-
tinuous and compact spherical Fourier features to achieve
aSE(3) equivariant, end-to-end, and computationally ef�-
cient closed-loop policy.

Diffusion Models and Equivariant Diffusion Models
Diffusion Models (Sohl-Dickstein et al., 2015; Ho et al.,
2020; Song et al., 2021) are probabilistic generative models
that demonstrated a strong capability modeling multi-modal
distribution. Such capability is achieved by iteratively re-
moving noise from an initial sample randomly drawn from
an underlying distribution. Equivariance is introduced to dif-
fusion models in (Xu et al., 2022; Hoogeboom et al., 2022;
Yim et al., 2023) in the context of molecule generation. Dif-
fusion Models are applied to robotics in open-loop settings
(Ke et al., 2024; Ryu et al., 2024; Jiang et al., 2023; Urain
et al., 2023; Huang et al., 2024b) and closed-loop settings
(Janner et al., 2022; Pearce et al., 2023; Chi et al., 2023;
2024; Ze et al., 2024; Wang et al., 2024a; Liu et al., 2024;
Brehmer et al., 2024). The most relevant works on equivari-
ant Diffusion Policy include (Wang et al., 2024b; Zhao et al.,
2025; Yang et al., 2024a; Tie et al., 2024), where (Wang
et al., 2021; Zhao et al., 2025; Hu et al., 2025) is limited
to discretizedSO(2) equivariance. (Yang et al., 2024a; Tie
et al., 2024) isSO(3) equivariant thus requiring engineer-
ing effort to segment everything but the target object, even
though, these methods are designed to handle a single object
in the scene. Moreover, (Tie et al., 2024) is based on heavy
SO(3) irreducible representations and needs 2 stage diffu-
sion process. In contrast, our method isSE(3) equivariant,
based on compact yet expressive spherical representations
that can end-to-end learning without task-speci�c engineer-
ing effort and generalize to multi-object tasks.
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Figure 2.Method overview. During inference, SDP �rst embeds stateSt into a spherical scene featureCt by the encoderenc. Then,
SDTU� � estimates the noise� based on the noisy actionsA k

t , stepk, and the scene featureCt . Later, the noise is subtracted from the
noisy actions, generating cleaner actionsA k � 1

t . This denoising process is performed forK iterations, generating a clean trajectoryA0
t .

4. Method

4.1. Method Overview

The Spherical Diffusion Policy model maps observations
to actions� (S) = A. We assume the optimal policy is
SE(3) equivariant and enforce this assumption in the model.
Speci�cally, we enforce rotation equivariance� (gS) =
gA; g 2 SO(3), and translation invariance� (tS) = A; t 2
T(3). The model is thusSE(3)-equivariant whereT(3) acts
trivially on the actions.

The rotational equivariance of� is enforced by an equivari-
ant denoising function� � , as proven in (Ryu et al., 2024;
Wang et al., 2024b). Speci�cally, we use an equivariant
conditional denoising function� � (S; A + � k ; k) to estimate
the noise for a noisy actionA + � k , the stepk, and stateS.
We model� � using three components as shown in Figure 2:
i) the spherical encoder embeds the state into a multichannel
spherical scene featureenc(S) = C, and then ii) a spher-
ical denoising temporal Unet (SDTU) estimates the noise
from the noisy action and step, conditioned on the scene
feature� � (C; Ak + � k ; k) using iii) spherical FiLM (SFiLM)
layers to achieve this equivariant conditioning. Since these
three components are equivariant, the denoising function is
equivariant by composition.

Translational invariance of� is achieved using a relative ac-
tion formulation (Chi et al., 2024), which canonicalizes the
state-action (Zeng et al., 2022) with respect to translations
by centering the observation on the gripper and de�ning
action positions relative to the gripper:

Scan;i = ( O � ei
T ; ei

T � ei
T ; ei

R ; ei
grip )

Acan;i = ( A i
T � ei

T ; A i
R ; A i

grip ):

See Appendix C.2 for proof. For the single-arm setting,
i 2 f 0g denotes the gripper. Additionally, we propose
bi-manual relative action representation. In this case,i 2

f 0; 1g and we canonicalize the state and action to the left
i = 0 and the righti = 1 gripper's position.

4.2. Representing State and Action by Spherical Signal

In this section, we propose a spherical representation of the
state and action for the policy. There are several advantages
of using spherical Fourier features as latent features. First,
the truncated spherical Fourier coef�cients provide a com-
pact approximation of spherical features and are compatible
with SO(3) rotations, rather than computationally heavy
SO(3) irreps used in ET-SEED (Tie et al., 2024). Further-
more, higher degree coef�cients can represent �ner details
than EquiBot(Yang et al., 2024a) which adopted Vector Neu-
ron (Deng et al., 2021) that only supports up to 3D vectors
(analogous to type-l = 1 ), suppressing rich higher degree
information in the latent features. For example, vector rep-
resentations cannot capture spherical distributions with two
distinct modes. Lastly, spherical features support equivari-
ance to continuous groupSO(3) (continuous rotation), in
contrast to discretized groupC8 (discretized rotation) in
EquiDiff (Wang et al., 2024b) which suffers from discretiza-
tion error.

The end-effector statee, the actionat , and the noise� have
the same geometric structure consisting of a 3D position,
3D rotation, and 1D gripper aperture information. We de-
compose the end-effector data as a 3D position vector, a
3 � 3 rotation matrix, and a 1D scalar. The rotation matrix
can be viewed as 3 column vectors. We represent the po-
sition vector by a degree 1 vector, the rotation matrix by 3
degree 1 vectors, and the aperture as a scalar in the trivial
representation. That is,e; at ; � 2 � ee = � 4

1 � � 0. Intuitively,
the position and rotation matrix are rotated by the rotation
matrix corresponding to the rotation of the state, while the
gripper aperture stays unchanged.
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Figure 3.Spherical denoising temporal U-net (SDTU). Left: The SDTU� � estimates the noise� , based on the noisy actionsA k
t , denoising

step indexk, and the encoded sceneC. The SDTU has a U-net architecture, with 4 spherical down or up convolution blocks. Right:
details of a spherical down or up convolution block.

We adopt point clouds as an observationo and treat color
information as degree 0 spherical coef�cients (same as (Ryu
et al., 2024)), as the color is invariant to the point cloud
rotation. The point cloud is encoded to a latent vector by a 5-
layer ResNet (He et al., 2016) encoderenc(�). The encoder
is implemented by EquiformerV2 (Liao et al., 2024) which
extracts a high-degree spherical signal from the point cloud,
see Appendix E for details. The robot statee is concatenated
to the output of the encoder yieldingC.

4.3. Spherical Denoising Temporal U-net

The spherical denoising temporal U-net� � infers the noise
from the noisy actionAk + � k , denoising step indexk, and
state embeddingC as � � (C; Ak + � k ; k). The vectorC
encodes the state in spherical Fourier space up to degreeL .
The inputAk + � k and the output are spherical signals in
� ee, as introduced in Section 4.2. The denoising step index
is encoded using sinusoidal embeddings, treated as degree
0 features.

The SDTU is a 1D U-net with spherical Fourier features that
are spatiotemporal equivariant. The temporal equivariance
is achieved using 1D convolution along the time dimensiont,
as proposed in Diffuser (Janner et al., 2022). We incorporate
an additional spherical Fourier dimension in the latent fea-
tures to achieve spatial equivariance (SO(3) equivariance).
This equivariance is enforced by mixing channel tempo-
ral convolution on each degreel of the spherical Fourier
coef�cient:

ho
l;m;t =

rX

j =0

X

i 2 in

hi
l;m;j wi;o

l;j � t ; (3)

wherei; o indexing the input and the output channels respec-
tively, l; m is the degree and order of the spherical Fourier
coef�cient h, in denotes all input channels. Subscriptj
indexes the time in the prediction trajectories.

Proposition 4.1. The mixing channel temporal convolution

in Equation. 3 isSO(3) equivariant:

D l
mn (g)ho

l;m;t =
X

j 2 T

X

i 2 in

D l
mn (g)hi

l;m;j wi;o
l;j � t : (4)

For proof see Appendix A.1, the proof essentially follows
Schur's lemma (Schur, 1905), which states that any linear
combination ofSO(3) Fourier features is equivariant. This
convolution is followed by spherical activation (Cohen et al.,
2018; Geiger & Smidt, 2022) for expressiveness. Stride and
transposed convolution are used for down- and up- sampling
in the U-net, as in Diffuser (Janner et al., 2022). Spherical
FiLM layers are adopted, allowing for equivariant condi-
tioning, and are described in the next section. Figure 3
summarizes the SDTU.

4.4. Spherical FiLM Conditioning Layer

We propose equivariant spherical FiLM (SFiLM) layers to
extend the Feature-wise Linear Modulation (FiLM) layer
(Perez et al., 2018) used by Diffuser (Janner et al., 2022) into
the spherical Fourier domain. The condition on sphereC is
projected into a scaling condition
 and an offset condition
� by equivariant linear layers (Geiger & Smidt, 2022):
 =
�( C); � = B(C). Then, SFiLM conditions each degree
l separately. Speci�cally, SFiLM treats
 l ; � l as 2l + 1
dimensional vectors, to modulate the hidden featurehl , by
projecting
 l ontohl as a scaling condition and adding� l

as an offset condition:

SFiLM(hl j
 l ; � l ) = 
 T
l hl

hl

jjhl jj
+ � l : (5)

SFiLM supports high degree Fourier coef�cients for expres-
siveness, which differs from EquiBot (Yang et al., 2024a)
that only supports degree1 which drops rich information in
the latent features.

Proposition 4.2. The SFiLM layer in Equation. 5 isSO(3)
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equivariant:

D (g) � SFiLM(hl j
 l ; � l ) =

SFiLM
�
D(g)hl jD (g)
 l ; D (g)� l

�
; g 2 SO(3) (6)

The proposition is proved by the orthogonal property of the
Wigner D-matricesD and Schur's lemma (Schur, 1905),
please see Appendix A.2 for details.

5. Experiments

5.1. Simulation Experiments

Experimental Settings We conduct simulation experi-
ments using the MimicGen (Mandlekar et al., 2023) environ-
ment, built on the Mujoco simulator (Todorov et al., 2012),
which features diverse tasks that are contact-rich, precise,
and long-horizon (see Figure 4). Unlike scripted demon-
strations, which are unimodal, or Reinforcement Learning
(RL) agent-generated demonstrations, which are Markovian,
MimicGen generates multi-modal, non-Markovian trajec-
tories from a few human demonstrations (Mandlekar et al.,
2021), making it well-suited for benchmarking learning
from human demonstrations.

MimicGen provides observations in the form of RGBD im-
ages from both a front view and an in-hand view, along
with a 7-DoF robot state. The RGB images have a reso-
lution of 84 � 84 � 3, while RGBD data can be used to
reconstruct either 3D colored voxels (843) or colored point
clouds (PCD) with 1024 points. For PCD, we exclude table
points, following DP3 (Ze et al., 2024). The action space in
MimicGen consists of a 6-DoF gripper pose and a 1-DoF
gripper aperture. Three control modes are used: Absolute
Control, which de�nes the gripper trajectory in the robot
frame; Relative Control, which de�nes it in the current grip-
per frame; and Velocity Control, which determines the next
gripper pose relative to the previous one (Chi et al., 2024).

To evaluate robustness, we modify four MimicGen tasks
with SE(3) initialization by randomly tilting the table within
a de�ned range and randomly placing objects on the table-
top while keeping the robot base upright. Benchmarking is
conducted across three dif�culty levels with progressively
increasing tilt ranges:[0], [� 15� ; 15� ], and[� 30� ; 30� ]. Ad-
ditionally, we also compare various baselines across all 12
original MimicGen tasks.

We compare several baselines in our experiments: 1) EquiD-
iff (Wang et al., 2024b) – anSO(2)-equivariant diffusion
policy using either voxel or RGB image observations. 2)
DiffPo (Chi et al., 2023) – the original diffusion policy,
employing either a convolutional (-C) or transformer (-T)
backbone in the diffusion network. 3) EquiBot (Yang et al.,
2024a) – anSO(3)-equivariant diffusion policy with up to
degreel = 1 representations. 4) DP3 (Ze et al., 2024) – a

diffusion policy based on point-cloud representations. 5)
ACT (Zhao et al., 2023b) (Action Chunking Transformer)
– a model capturing multi-modality via a Variational Au-
toencoder (VAE). 6) BC-RNN (Mandlekar et al., 2021) – a
behavioral cloning approach that captures multi-modality
using a Gaussian Mixture Model (GMM) and accounts for
non-Markovian dynamics via a Recurrent Neural Network
(RNN). A relevant baseline, ET-SEED (Tie et al., 2024), is
not included because the code was unavailable before the
initial submission. Following (Chi et al., 2023; Wang et al.,
2024b), we train all baselines using DDPM (Ho et al., 2020)
with 100 denoising steps. For details on hyperparameters,
see Appendix D. We report the maximum test success rate
throughout training, averaging results over 50 rollouts for
each of the three seeds.

Results on Tasks with SE(3) Initialization Table 1
shows that SDP outperforms all baselines across all tilt-
ing ranges, except for the Coffee0� task, demonstrating
superior sample ef�ciency. Notably, as the tilting range
increases, SDP achieves a more signi�cant relative perfor-
mance improvement over the baselines. This highlights
SDP's strongSE(3) generalization, enabled by its contin-
uousSE(3) equivariance property. However, performance
declines for all methods, including SDP, as the tilting range
increases. We hypothesize that this drop is caused by point-
cloud occlusion and object instability due to gravity, both
of which disruptSE(3) equivariance.

Results on Tasks with SE(2) Initialization Table 2
shows that SDP outperforms all baselines across 10 tasks,
except for Coffee and CoffeePreparation. Despite the varia-
tions inSE(2), SDP still demonstrates a notable advantage,
suggesting that its continuousSE(2) equivariance bene-
�ts learning more effectively than the discreteC8 equiv-
ariance in EquiDiff. The lower performance of SDP on
Coffee and CoffeePreparation may be attributed to the
low-resolution point clouds, which struggle to capture �ne
details—such as the slack between the coffee pod and its
receptacle—potentially hindering precise manipulation.

5.2. Physical Experiments

Experimental Settings We further evaluate the perfor-
mance of SDP across 5 physical tasks in Figure 5, using a
robot station shown in Figure A1. TurnLever involves ma-
nipulating an articulated object, while PushEraser requires
pushing a small eraser. GraspBox challenges the policy to
maintain a closed kinematic chain. FlipBook involves rich
contact between the end-effector, the tabletop, and the book.
PackPackage is a long horizon task. The observations are
captured by two stationary RGBD cameras positioned above
the workspace to minimize occlusion. Point clouds with
1024points are reconstructed from the RGBD images (for
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