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Abstract

Equivariant models have recently been shown to improve the data efficiency of
diffusion policy by a significant margin. However, prior work that explored this
direction focused primarily on point cloud inputs generated by multiple cameras
fixed in the workspace. This type of point cloud input is not compatible with the
now-common setting where the primary input modality is an eye-in-hand RGB
camera like a GoPro. This paper closes this gap by incorporating into the diffusion
policy model a process that projects features from the 2D RGB camera image onto
a sphere. This enables us to reason about symmetries in SO(3) without explicitly
reconstructing a point cloud. We perform extensive experiments in both simulation
and the real world that demonstrate that our method consistently outperforms strong
baselines in terms of both performance and sample efficiency. Our work, Image-to-
Sphere Policy (ISP), is the first SO(3)-equivariant policy learning framework for
robotic manipulation that works using only monocular RGB inputs.

1 Introduction

The eye-in-hand configuration, where the pri-
mary perception modality is a camera mounted
near the wrist of the robot, is an important set-
ting for robotic policy learning. This setup
avoids the need for carefully calibrated external
camera systems, is easier to integrate onto mo-
bile robot platforms, and provides fine-grained [ 8 -
visual details in the regions where the end- [ = — Laﬂ
effector interacts with the environment. More-  Fjgyre 1: We propose the first SO(3)-equivariant
over, it is used in a growing number of large  poJicy learning framework based on a single eye-
robot datasets [27, 28, 42, 29, 2, 46]. in-hand RGB image, where the predicted action

Despite recent advances in equivariant learn- sequence transforms equivariantly under the same
ing [66, 63], there remains a lack of effective &roup action g € SO(3) applied to the whole scene.
network architectures for leveraging equivariant structure in this setting using only RGB input. Equiv-
ariant neural networks improve data efficiency and generalization by incorporating prior knowledge of
domain symmetries directly into the model [34, 60, 41], and have recently been shown to enhance the
performance of diffusion policy [1, 70]. However, existing equivariant diffusion policy frameworks
perform best with point cloud data captured from multiple depth cameras [58]. When used with
RGB data, current equivariant policies are unable to fully leverage the SO(3) structure present in
the problem and underperform the point cloud version significantly [65]. This naturally raises the
question: can SO(3)-equivariance be achieved directly from monocular RGB images to support
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data-efficient visuomotor learning? Such a capability should also have the potential to serve as a
modular, plug-and-play component that generalizes seamlessly to richer sensing setups.

This paper addresses this challenge by introducing a novel diffusion policy framework that incorpo-
rates SO(3)-equivariance into eye-in-hand visuomotor learning. Our method first projects features
extracted from 2D RGB observations onto a sphere and then rotates the resulting spherical signal
to compensate for camera motion. This yields a stable, SO(3)-equivariant representation that is
well-suited for downstream equivariant architectures. Unlike prior work that relies on segmented
point clouds [58, 70] or calibrated multi-camera systems [65], our approach maintains equivari-
ance throughout the entire policy and supports robust, sample-efficient closed-loop control directly
from raw eye-in-hand inputs. To the best of our knowledge, this is the first framework to learn
SO(3)-equivariant visuomotor policies from monocular RGB observations in eye-in-hand settings.

Our key contributions are summarized as follows:

» We introduce Image-to-Sphere Policy (ISP), the first SO(3)-equivariant policy learning frame-
work that uses spherical projection from 2D RGB inputs to model 3D symmetries.

» We theoretically prove that our method achieves global SO(3)-equivariance and local SO(2)-
invariance, facilitating policy learning.

* We validate our method through extensive experiments, achieving an average success rate im-
provement of 11.6% over twelve simulation tasks and 42.5% across four real-world tasks.

2 Related Work

Eye-in-hand Policy Learning Eye-in-hand policy learning [22, 26, 69, 67, 11, 43] has become a
flexible and scalable alternative to traditional systems that rely on multiple fixed, externally mounted
cameras with precise calibration [65, 25, 58, 71, 5]. By mounting cameras on the robot’s wrist, these
methods simplify deployment, avoid explicit calibration, and ease demonstration collection [6, 36, 52,
23]. However, the constantly shifting viewpoint introduces challenges like partial observability, which
motivates the use of closed-loop policies that can handle local, viewpoint-dependent observations [72,
23,4, 47, 73]. Recent work has explored transformer-based [59] or diffusion-based [15] architectures
for eye-in-hand-control [74, 11], showing promising results across diverse manipulation tasks. Despite
this progress, existing approaches often require large-scale demonstration data [35, 37], and often
overlook symmetry structures inherently present in observations. Our method addresses this gap by
introducing equivariant representations that encode geometric structure for eye-in-hand settings.

Closed-loop Visuomotor Policy Learning Early approaches to closed-loop visuomotor policy
learning relied on reinforcement learning and CNN-based policies to map visual inputs to single-step
actions [31, 72, 27]. While effective in simple tasks, these methods were sample-inefficient and
struggled to capture multimodal behaviors, as each action was predicted independently without
considering temporal context. To address this, subsequent work introduced temporal modeling into
behavior cloning frameworks, such as BCRNN [39] and BeT [53], to improve sequential consistency
and planning horizons. Building on this direction, recent advances have adopted generative policy
models [5, 44, 71, 65], which model multi-step action sequences as a denoising process conditioned
on observations. These approaches offer stronger expressiveness and improved multimodal behavior
modeling. ISP extends this line of work by further integrating structural inductive biases, which
enable more generalizable closed-loop control in complex manipulation settings.

Equivariance in Robotic Manipulation Equivariant and invariant representations have been shown
to improve performance and sample efficiency [13, 54, 10, 56, 33, 18, 14, 32, 7]. Prior work has in-
corporated equivariant architectures for open-loop pick-and-place tasks [76, 64, 17, 19, 9,45, 61, 21],
showing strong performance with fewer demonstrations. Recently, equivariance has been extended to
closed-loop diffusion policies [65, 70, 58]. EquiDiff [65] employs an SO(2)-equivariant architecture
to enhance Diffusion Policy [5]. EquiBot [70] adopts an SIM(3)-equivariant structure, and ET-
SEED [58] performs trajectory-level SE(3)-equivariant diffusion, both leveraging segmented point
cloud inputs to model spatial symmetries, thereby improving policy generalization. However, these
approaches typically rely on multi-camera setups with fixed viewpoints or preprocessed 3D inputs.
These constraints reduce their practicality in eye-in-hand settings, where the continuously shifting
viewpoint and monocular RGB input violate the assumptions of existing equivariant models. To fill
this gap, ISP models symmetry in the eye-in-hand RGB setting, preserves SO(3)-equivariance, and
can integrate with other frameworks to enhance their effectiveness without additional preprocessing.



3 Background

3.1 Representations of SO(3)

A group representation encodes symmetry by mapping elements of a group to linear transformations.
In this work, we focus on the special orthogonal group SO(3) of 3D rotations. A representation of
SO(3) is a homomorphism p : SO(3) — GL(V'), where V is a finite-dimensional vector space and
GL(V') denotes the group of invertible linear transformations on V. We highlight three commonly
used representations in robotics and geometric deep learning:

* Degree-0 trivial representation py: Maps every g € SO(3) to the identity transformation on R.
This is used for rotation-invariant quantities, such as scalar sensor readings or gripper states.

* Degree-1 standard representation p;: Maps g € SO(3) to a 3 x 3 rotation matrix acting on
v € R3 via p;(g)v = gv, capturing vector features like positions and directions.

 Higher degree irreducible representations p,: For ¢/ € N, the representation p;: SO(3) —
GL(R?*+1) is given by the Wigner D-matrix of degree /. It is used to describe higher degree
features, such as relative poses, and is often used for latent features in equivariant neural networks.

3.2 Spherical Harmonics and Fourier Coefficients

Spherical harmonics Y;™ : S* — R form an orthonormal basis for square-integrable functions on the

2-sphere and realize the irreducible representations of SO(3). Any spherical function ® : S — R?
can thus be expanded as:

o) l
0,0)=> > Y"(0,9), (1)
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where ¢* are the corresponding Fourier coefficients. The mapping ® — {cj*} is known as the

Spherical Fourier Transform. Under a rotation R € SO(3), each coefficient vector ¢, € R?‘+!
transforms linearly via the representation py:

¢y = pe(R) - co. 2)

This enables efficient rotation-equivariant operations on spherical signals in the spectral domain.

3.3 Diffusion Policy

Diffusion-based policy learning [24, 48] is a class of imitation learning methods that model distribu-
tions over action trajectories using denoising diffusion probabilistic models (DDPMs) [15]. These
methods iteratively denoise sequences of noisy actions, conditioned on observations, to recover
expert-like behavior. Formally, given an observation O and diffusion timestep &, the policy predicts
a noise estimate €* from a corrupted action sequence a* = a® + €* using a denoiser network I'.
The model is trained to minimize the denoising objective Lair = Eqo 5, o« [[|[T(O, a%, k) — €¥||?]. At
test time, the policy generates actions by iteratively denoising a randomly initialized sequence from
Gaussian noise. Recent extensions [65] incorporate symmetry priors by designing the denoiser to
be equivariant with respect to a transformation group G. Specifically, for compact groups such as
SO(3), the denoiser I is required to satisfy the equivariance constraint:

I(g-0,g-a* k)=g-T(0,a" k) Vged. 3)

This formulation ensures that the denoising process respects the symmetry of the environment.

3.4 Problem formulation

We study closed-loop robotic visuomotor policy learning through behavior cloning, where a policy
is trained to imitate expert demonstrations. Given an observation sequence O = {0;_41, ..., 0} at
timestep ¢, the learned policy predicts an action chunk A = {a;y1, ..., a¢1, }, where k and n are the
observation length and prediction horizon, respectively. Each observation o = (I, P) consists of an
RGB image I from the wrist camera, proprioceptive input P describing the end-effector pose. Prior
work has shown that higher performance is achieved when using absolute action representations,
i.e., actions expressed in the world frame [5, 65]. Following this, we represent each predicted action
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Figure 2: Overview of Image-to-Sphere Policy (ISP) (a) An SO(3)-equivariant observation encoder
extracts features from the RGB input, projects them onto the sphere, and applies an equivariance
correction using the gripper orientation R, to account for the camera’s dynamic viewpoint (red arrow).
The corrected spherical signal @, (x) is then processed by spherical convolution layers to extract
SO(3) signals. Proprioceptive inputs are embedded via equivariant linear layers. Both image and
proprioceptive features are represented as a set of Fourier coefficients ¢, on SO(3) and fused (yellow
block). (b) The encoded spherical signals are transformed back to the spatial domain via inverse
Fourier transform, sampling finite group elements as the conditioning vector for SO(3)-equivariant
denoising. The noisy action sequence is processed in the same way, through equivariant linear layers
and projected onto the same group elements.

a; € R0 as the absolute end-effector pose including a position in R3, an orientation represented as a
6D rotation vector in RS (see [75]), and a gripper open state in R'. As noted by [65], the absolute
action parametrization has a symmetry: 3D transformations of the world frame result in the same 3D
transformations to the action. We formalize the equivariance properties of ISP in Section 4.1.

4 Method

Figure 2 illustrates an overview of our proposed method, which consists of two key components,
an SO(3)-equivariant observation encoder (Figure 2a) and an SO(3)-equivariant diffusion module
(Figure 2b). The observation encoder uses spherical projection to map image-extracted features
onto a hemisphere and applies spherical convolutions to ensure SO(3)-equivariance, producing
the conditioning vector for the diffusion process. The diffusion module is designed as an SO(3)-
equivariant function of the conditioning vectors and noisy inputs. As a result, the entire policy is
end-to-end SO(3)-equivariant. In the following subsections, we first describe our observation encoder,
which extracts SO(3)-equivariant features from 2D images, and then our equivariant diffusion module.

4.1 SO(3) Equivariant Observation Encoder

This section describes how we construct an SO(3)-equivariant observation encoder that maps 2D
images and robot proprioception into a 3D feature representation. The observation € X consists of
two parts, an eye-in-hand RGB image I, that captures visual information, and proprioceptive data,
P € R, including the end-effector’s 6D pose (position and orientation) and gripper state. Both these
signals need to be represented in a way that encodes equivariance. Representing P is relatively easy.
Following [65, 70, 51], we embed end-effector pose in SO(3) using the standard representation and
gripper state using the trivial representation (Section 3.1). In contrast, encoding the 2D image input 1
into SO(3)-equivariant features is harder because changes in the pose of the wrist-mounted camera
induce out-of-plane viewpoint variations that are hard to model. We address this by projecting a
standard 2D encoding of the image onto the sphere, as described below and first proposed in the
context of object pose estimation [30, 16]. This enables us to reason about SO(3) action using its
irreducible representations encoded as Wigner D-matrices (Section 3.1).
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Figure 3: Illustration of Equivariance Correction. The left side shows two identical scenes under
different global transformations. Since the wrist-mounted camera captures images in its local frame,
the resulting images, and thus the projected spherical signals, remain identical across both scenes. By
applying the gripper orientation R as an equivariance correction, we align these spherical signals to a
common world frame, ensuring their equivariant transformation under global scene rotations.

Image Encoder Our image encoder is detailed in Figure 2a. First, we encode the input image I from
the observation z using a standard SO(2)-equivariant image encoder \. Next, the resulting feature
map A(I) is mapped onto the sphere using a learnable orthographic projection (see Appendix A
for details). This converts a “flat” image into a spherical signal ®(x) : S? — R that is easier to
manipulate in SO(3). We represent this spherical signal in the spectral domain as truncated Fourier
coefficients calculated using the spherical Fourier transform (Equation 1).

Equivariance Correction At this point, the image encoding has been projected onto the sphere and
represented using spherical harmonics. However, there is a problem. Since global 3D transformations
of the world transform the camera and objects equally, the observed image and the projected signal
®(x) would be invariant. This introduces a mismatch in that ®(z) stays constant while the world
and actions rotate, thereby breaking global SO(3)-equivariance. We accommodate this by rotating
the spherical signal by an amount corresponding to the SO(3) orientation of the gripper. We call
this the equivariance correction factor, and it is illustrated in Figure 3. On the left of Figure 3, we
see two scenes that are the same except for an SO(3) rotation of g. The eye-in-hand camera image
(of the banana) is the same in both situations, even though the scene is rotated. This results in the
identical projected spherical signal. It is only by applying the equivariance correction factor to the
two respective signals (R and R-) that we recover the camera pose in the spherical signal. This
ensures that the spherical signals produced in different camera poses are represented in a consistent
global frame. We analyze this approach below.

Definition 1 (Equivariance Correction). Let G be a group acting on the input space X and output
space Y. For a function f: X — Y, an Equivariance-Correction map is any C : X — G satisfying
C(g-x) f(g-x) = gC(x) f(x) forall g€ G, and x € X. The corrected function feorr(x) = C(z) f(x)
is therefore G-equivariant.

Notice that Definition 1 implies f(z) and f(gx) are in the same orbit. Equivariance Correction is
similar to a canonicalization map ¢ : X — G, where feuno = c(z) f(c(x) ™ x) transforms the input
to a canonical frame, then transforms the output back to the original frame. When f(z) = f(gx),
Equivariance Correction is a special case of canonicalization where f(c(z)™1z) = f(x) is invariant,
so it only transforms the output to restore equivariance without altering the input.

We now show that Definition 1 is satisfied when the correction map is chosen to be the end-effector
rotation. Let x € X denote the robot observation at a given timestep, which includes an eye-in-hand
RGB image I and the corresponding camera (end-effector) pose R, € SO(3) in the world frame.
Let ®(x) denote the spherical signal derived from the image I, expressed in the camera frame, and
let p be a representation of SO(3) acting on ®(z).

Proposition 1 (Equivariance Correction via End-Effector Pose). The map C: (I, R;) — R, which
assigns each camera image to its corresponding camera pose R, € SO(3) is an equivariance
correction. The corrected signal .., (x) = p(C(2))P(x) = p(R:)®(z) is in a world-aligned
Sframe. Thus, the mapping ® ., is SO(3)-equivariant: for any global rotation g € SO(3), we have

DPeorr(9-7) = p(9) Peorr().



Proof. Let g € SO(3) be a global rotation applied simultaneously to the scene and the camera. Since
the image is recorded in the camera frame, the spherical signal is unaffected, i.e. ®(g-x) = ®(x),
while the camera pose updates as R, — Ry, = gIt,. For the corrected signal, we therefore obtain

fI>corr(gx) = p(R,n)(I)(gI) = p(g)p(Rz)q)(x) = p(g)q)corr(x)a 4
where the second equality follows from the homomorphism property p(gR.) = p(g)p(R,) of the
representation p. Hence the map @, is SO(3)-equivariant. O]

A concrete realization of p with the spherical-harmonic coefficients and Wigner D-matrices is given
in Appendix B, where the proposition reduces to the rotation of coefficient vectors in Eq. 2.

Camera-rotation invariance Our model also enforces an additional symmetry, rotations of the
camera around its optical axis while the object remains stationary. These rotations form an SO(2)
subgroup. Such rotations transform both the image and the camera pose, but their effects cancel out
in the corrected world-frame signal. We now formalize the invariance of the corrected world-frame
signal under such transformations.

Proposition 2 (Invariance to SO(2) Rotation of the Eye-in-hand Camera). Let g € SO(2) be a
rotation about the camera’s optical axis. Then, under the transformation (I, R;) — (g - I, Ryg™?),
the corrected signal defined in Proposition 1 remains invariant: ® o (g - ) = Peorr ().

Proof. Assume the image encoder A is SO(2)-equivariant, i.e., \(g - I) = g - A(I) for all g € SO(2).
Because spherical projection and spherical Fourier transform preserve equivariance, the spherical
signal satisfies ®(g - ) = g - ®(z). Meanwhile, the camera pose transforms as R, — R,g~ ', since
applying an SO(2) rotation g in the camera frame corresponds to right-multiplying its world-frame
orientation R, by g~ ! (i.e., rotating the camera relative to itself). The corrected signal is:

Deorr(g - 2) = p(Rog™") (g - ) = p(Rag™") plg) @(2) = p(Ra) (2) = Peorr(2). ()
Thus, the corrected signal is invariant under any SO(2) rotations of the eye-in-hand camera. O

By combining Propositions 1 and 2, we obtain a two-level symmetry in the encoder: the features are
globally SO(3)-equivariant and locally SO(2)-invariant to rotations of the camera around its optical
axis. These properties are inherently preserved without requiring additional constraints. As shown in
Section 5, encoding these properties into the network leads to empirically improved performance.

4.2 SO(3) Equivariant Diffusion

As described in Section 3.3, we enforce end-to-end SO(3)-equivariance by requiring the denoising
network T to satisfy: ['(g - O, g - ak k) = g -'(O,a* k) for all g € SO(3). To achieve this, we
extend the 2D denoising model from EquiDiff [65] to 3D. EquiDiff applies a shared 1D temporal
U-Net [49] independently to each group element in C,, C SO(2). This element-wise weight sharing
guarantees that the same parameters act on every group element, resulting in a noise embedding in
the regular representation. To generalize to 3D, we approximate the continuous symmetry group
SO(3) with a finite subgroup and perform sampling accordingly. Denote H C SO(3) the subgroup
that the diffusion process is equivariant to (e.g., the icosahedral group Ig). Denote S C SO(3) a set
that is closed under H, i.e., HS = S. Intuitively, S could be viewed as copies of the rotations in H,
each with different offset angles to capture a denser discrete signal. Given a signal ¥ : SO(3) — R¢,
we first sample U(S) = {¥(s;) : s; € S} and then evaluate the U-Net pointwise on each sample
T(P(S)) = {T(¥(s;)) : s; € S}, where both the input and output can be treated as copies of the
regular representations of H. Since g € H permutes the order of ¥(.5) and I'(¥(.S)) identically,
the entire process is H{-equivariant. Because the spherical convolution layers output a signal on
SO(3), we can flexibly choose any finite group H and sampling set S for discretization. In our
implementation, we use both Cs C SO(2) and Iy C SO(3) as choices of H. We refer readers to
Appendix C for further details.

4.3 End-to-End Symmetry Analysis

In this section, we analyze the equivariant properties of our method. First, due to the
SO(3)-equivariant encoder (Proposition 1) and the SO(3)-equivariant diffusion model (Sec-
tion 4.2), our policy has end-to-end symmetry to global scene SO(3) rotations. This signifi-
cantly improves its sample efficiency and generalizability to world coordinate frame changes.
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Figure 5: A subset of experimental environments from MimicGen. Left: external view of the task.
Right: eye-in-hand observation used in the experiments. The full set of tasks is shown in Appendix D.

The benefit of SO(2) camera-rotation invariance (Proposi-
tion 2) is subtle. Under a rotation of the gripper with respect [\ [\
to the workspace, no a priori constraint can be placed on how L +
the action trajectory should transform. However, our diffu- ° L‘.

sion model receives a representation from the observation | - ® °
encoder that is equivariant to this rotation because it is con- ° °
structed from invariant features (from the spherical signals) @ ©
and equivariant features (from the end-effector rotation), thus . . .

o o - . Figure 4: Illustration of translation
providing a structured geometric bias. Figure 4 illustrates the . . . S
benefit of this design. In both states (a) and (b), the gripper 1nvariance and rotation equivariance-
(triangle) aims to reach the same goal pose (star), but in (b) it to-mvariance transition.
is rotated by 90° around its optical axis. Translationally, the action in (b) should remain invariant (red
dots), while rotationally, it should gradually transition from equivariant (yellow) to invariant (green)
behavior. The equivariant component in the representation ensures that the model can correctly
handle the initial 90° rotation through its symmetry, while the invariant component provides stability
and goal alignment. Together, this representation offers a geometric inductive bias for learning
such trajectories, whereas non-equivariant models must infer these patterns purely from data. The
advantage is empirically validated in Section 5.

5 Experiments

5.1 Simulation

Experiment Setting We evaluate ISP on twelve robotic manipulation tasks from the MimicGen
benchmark [40], which is widely used in previous work on closed-loop policy learning [8, 65]. A
representative subset of these simulation tasks is shown in Figure 5 (see Appendix D for a full
description of all twelve MimicGen tasks). Policies are trained and evaluated exclusively using
eye-in-hand RGB observations (right image in each subfigure of Figure 5). To capture sufficient scene
context, we enlarge the camera’s field of view (FOV) to approximate a typical fisheye camera setup
and re-generate the enlarged FOV observations using the original Mimicgen demonstrations for our
method and baselines. For each task, we train three independent models with different random seeds
(0, 1, and 2) for each of the 100- and 200-demonstration settings. The models are evaluated 60 times
throughout training using 50 fixed rollouts per evaluation. We report the average of the best success
rates from the three runs. Task and training details are provided in Appendix D and Appendix E.

Baselines Our experiments aim to validate the benefits of explicitly modeling equivariance in eye-
in-hand visuomotor policies. We evaluate two versions of ISP with different symmetry levels, an
SO(3)-equivariant version and an SO(2)-equivariant variant, which is symmetric only about
rotations in the plane of the table. Although the SO(3) version has more symmetry, the SO(2) version
is more lightweight, which may be preferable in some settings. We compare against three strong
baselines: (1) Diffusion Policy [5]: A diffusion-based policy without any equivariance, serving as
the primary reference. (2) EquiDiff (modified) [65]: Designed for fixed-camera settings, it achieves
SO(2) equivariance via an equivariant image encoder and an equivariant temporal U-Net. For eye-
in-hand control, we replace its image encoder with a standard ResNet [12], so only proprioception
and denoising remain equivariant. (3) ACT [74]: A transformer-based behavior cloning method. To
ensure a fair comparison, all experiments in the following sections, including ablations and method
variants, consistently apply SO(2) data augmentation during training by rotating the end-effector
pose in both proprioception and actions, equivalent to jointly rotating the gripper and scene.



Table 1: Success rates (%) on MimicGen tasks with 100 and 200 demonstrations, averaged over 3
seeds. We report both overall mean and per-task performance. The best result is highlighted in bold,
and the second best is underlined. Full results with standard deviations are in Appendix F.

Mean Stack DI Stack Three D1 ~ Square D2 Threading DO Three Pc. DO Hammer Cl. D1

Method 100 200 100 200 100 200 100 200 100 200 100 200 100 200

ISP-SO(3) 65.2 (+11.6) 75.0 (+10.5) 99 100 70 88 35 51 90 92 71 79 66 73
ISP-SO(2) 65.0(+11.4) 73.1(+8.6) 98 100 75 88 32 51 85 87 75 80 71 73

DiffPo 53.6 64.1 a 96 43 71 12 25 77 87 73 73 59 63
EquiDiff 53.0 64.5 96 99 61 80 9 19 89 92 74 79 59 74
ACT 23.0 40.9 45 71 12 37 3 10 36 53 28 50 35 63

Mug CI. D1 Coffee D2 Kitchen D1 Pick Place DO  Coffee Prep. DI  Nut Asse. DO

Method 100 200 100 200 100 200 100 200 100 200 100 200
ISP-SO(3) 54 59 64 6 75 19 42 66 4l 61 75 82
ISP-SO(2) 56 61 59 63 65 172 46 61 47 56 74 84
DiffPo 49 6 53 55 6l 71 36 48 37 52 51 62
EquiDiff 51 62 47 6l 55 67 28 46 27 39 40 56
ACT 25 31 21 3’ 21 51 9 14 8 16 37 49

Results Table | reports the maximum success rates across all methods and configurations. In
terms of performance, ISP-SO(3) achieves the best results in 21 out of 24 task settings, consistently
outperforming the baselines. The remaining three settings show only marginal differences (within
1-2%), all within the standard error margins. Similarly, ISP-SO(2) outperforms baselines in 20
settings, which further validates the effectiveness of our design. With only 100 demonstrations, our
model exceeds the best-performing baseline by an average of 11.6%. With 200 demonstrations,
the advantage remains similar at 10.5%. Importantly, our model trained with 100 demonstrations
surpasses all baselines trained with 200 demonstrations and additional data augmentation, clearly
demonstrating superior data efficiency. These results collectively highlight that the explicit modeling
of equivariance is the key factor driving both the improved performance and enhanced sample
efficiency of our method. Appendix F provides the full experimental results with standard deviations
across three random seeds.

Ablation Study To assess the contribu- Table 2: Ablation study results. A red cross indicates
tion of each component of our method, we that the corresponding module is removed in that variant.
conduct an ablation study on four repre-
sentative tasks with 100 demonstrations:
Stack Three D1, Square D2, Coffee D2,
and Nut assembly D0. We evaluate the fol-
lowing variants of ISP-SO(3), each corre-
sponding to a core module in our design:
(1) Sphere: With or without the spherical
projection and spherical convolutions for
extracting SO(3)-equivariant features from images. (2) EquiEnc: With or without the proposed
equivariant image encoder that captures SO(2)-invariant features (Proposition 2). (3) EquiU: With
or without an equivariant temporal denoising U-Net in the diffusion module. The results are sum-
marized in Table 2. Removing the spherical projection leads to the largest performance drop of
9.2%, highlighting its critical role in capturing symmetries, despite the use of data augmentation.
Disabling the equivariant image encoder and the equivariant U-Net results in drops of 6.8% and
6.7%, respectively. These results demonstrate that all three components: spherical lifting, invariant
encoding, and equivariant denoising, are essential for the overall effectiveness of our method. In
addition, we further investigate the role of Equivariance Correction (Proposition 1) by comparing
delta and absolute control strategies in Appendix G.

Sphere EquiEnc EquiU‘ Sta. Cof. Nut. Squ.‘ Mean

v v’ 1633 61.3 59.0 23.3/51.8 (-9.2)
X V' 166.0 57.3 61.3 32.0|54.2 (-6.8)
v X 168.7 58.7 58.0 32.0|54.3 (-6.7)
v V' 170.0 64.0 75.3 34.7| 61.0

NN\ X%

The Benefits of Pretraining While our method already benefits from explicit equivariance, we
further explore whether incorporating a pretrained image encoder can provide additional performance
gains. Intuitively, pretraining can introduce stronger geometric priors and yield higher-quality visual
features, especially beneficial in data-limited regimes. To evaluate this effect, we conduct experiments
on the MimicGen using 100 demonstrations and the same evaluation protocol described above. We
compare the ISP-SO(2) with two variants: Pretraining, which initializes the image encoder with an



Table 3: Success rates (%) on MimicGen tasks with 100 demonstrations, comparing pretrained and
scratch initialization of the equivariant image encoder. Results are averaged over three seeds. Values
in parentheses indicate the performance difference between the two settings.

Method Mean Stack D1~ Stack Three D1  Square D2 Threading DO Three Pc. DO Hammer CI. D1
ISP-SO(2) (Pretraining)  72.1(+7.1) 98.0 (=) 81.3(+6.6) 56.0 (+24.0) 91.3 (+6.6) 76.7 (+2.0) 72.7 (+2.0)
ISP-SO(2) (Scratch) 65.0 98.0 74.7 32.0 84.7 74.7 70.7

Mug CL. DI Coffee D2 Kitchen D1 Pick Place DO Coffee Pre. D1 Nut Assembly DO
ISP-SO(2) (Pretraining) 54.0 (-2.0)  66.7 (+8.0) 64.0 (-0.7) 563 (+10.6)  63.3 (+16.6) 85.0 (+11.3)
ISP-SO(2) (Scratch) 56.0 58.7 64.7 45.7 46.7 73.7

w - : A =

(1) Box-Pipe Disassembly  (2) U-Pipe Disassembly (3) 3D-Pipe Disassembly (4) Grocery Bag Retrieval

Figure 6: Real-world environments for evaluation. A GoPro camera is mounted on the robot’s wrist
to capture eye-in-hand observations. In each subfigure, the left image shows the initial state, while
the right image shows the goal state. See Appendix H for detailed task descriptions.

ImageNet-1k [50]-pretrained equivariant ResNet-18, and Scratch, which trains the entire model from
random initialization. Table 3 reports the maximum evaluation success rates.

Results show that ISP-SO(2) (Pretraining) surpasses ISP-SO(2) (Scratch) by 7.1%, indicating consis-
tently improved final performance across most tasks. Moreover, the pretrained version with only 100
demonstrations achieves comparable performance to training from scratch with 200 demonstrations,
further highlighting its data efficiency. These findings demonstrate the effectiveness of pretraining in
providing richer and more stable visuomotor representations. Although the performance gains are
marginal or absent in a few tasks, this suggests that naive pretraining may not always align perfectly
with the downstream visuomotor learning objective. Developing pretraining strategies that are tailored
to equivariant visuomotor policy representations is, therefore, a promising future direction.

5.2 Real World

Physical Setups Our real robot experiments use a Universal Robot URS equipped with a Robotig-85
Gripper and custom-designed soft fingers. A GoPro camera is mounted on the wrist, following prior
setups [6, 11, 35]. Demonstrations are collected via the Gello teleoperation interface [68], with
observations and actions recorded at 5 Hz. Following [5, 65], we employ DDIM [55] to reduce the
number of denoising steps to 16. Figure 6 illustrates the four real-world manipulation tasks. The first
three tasks involve pipe disassembly, each focusing on different challenges in closed-loop control:
background-object segmentation (Box-Pipe), long-horizon control (U-Pipe), and handling complex
3D geometries (3D-Pipe). The fourth task involves retrieving objects from a deformable grocery bag,
for which wrist-mounted camera observations are the only reliable source of visual information due
to severe occlusions and limited external visibility. We compare ISP-SO(3) against the Diffusion
Policy [5]. Further details on the physical setup, task visualization, goal specification, and practical
guidelines for data collection are provided in Appendix H and Appendix I.

Results Table 4 reports success rates over 20 trials per task. Our method consistently outperforms the
Diffusion Policy [5] baseline, with significant improvements on Box-Pipe (80% vs. 10%) and 3D-Pipe
(75% vs. 15%). The former benefits from more precise visual representations that distinguish the gray
pipe from the gray box background, while the latter showcases the advantage of SO(3)-equivariant
features for reasoning over complex 3D geometries. The U-Pipe task also shows a notable gain
(85% vs. 65%), demonstrating the sustained and stable performance of our equivariant method in
the long-horizon task. On the Grocery Bag task, which heavily relies on eye-in-hand perception,
our method achieves a 95% success rate. This shows its high stability and robustness. These results
confirm the effectiveness of our equivariant design in addressing diverse manipulation challenges in
the real world. See Appendix J for a detailed failure analysis. We further evaluate the computational
efficiency of ISP in real-world settings, with a comprehensive discussion provided in Appendix K. In
addition, we discuss potential limitations and practical considerations of equivariance in Appendix L.



(a) Lighting Change (b) Background Clutter (c) Partial Camera Occlusion
Figure 7: Real-world perturbation scenarios used to evaluate the robustness and generalization of our
method on the Box-Pipe Disassembly task.

Robustness to Real-World Pertur- Table 4: Real-world task performance over 20 trials. The
bations To further evaluate the ro- number of demonstrations used for training each task is shown
bustness and generalization ability in the second row.

of our policy, we conducted addi-
tional real-world experiments on the
Box-Pipe Disassembly task under  # Demos 65 65 65 60

various domain shifts. First, we al- "o o5 37500 16/20) 85%(17/20) 75%(15/20) 95%(19/20)

tered the lighting conditions by in-  nepo 151 109(2/20) 65%(13/20) 15%(3/20) 75%(15/20)
troducing a strong white point light

source near the workspace, which substantially changed the shadows and color temperature of the
scene (Figure 7a). Second, we perturbed the background by placing multiple household objects
on the table to create clutter (Figure 7b). Finally, to test robustness against partial occlusion, we
repeatedly and briefly blocked the eye-in-hand camera by rapidly waving different objects (e.g., a toy
golf club and a flower) in front of it during policy rollout (Figure 7c). Using the same initial states
and 20 rollouts per condition as in the previous real-world experiments, ISP-SO(2) achieves success
rates of 85% under lighting changes, 75% with background clutter, and 85% under partial camera
occlusion. For reference, the performance of ISP-SO(3) without perturbations is 80%. These results
demonstrate that the proposed method generalizes well to real-world disturbances and maintains
strong task performance under challenging visual conditions.

Box-Pipe U-Pipe 3D-Pipe  Grocery Bag

6 Conclusion

In this paper, we propose Image-to-Sphere Policy (ISP), the first SO(3)-equivariant policy learning
framework for eye-in-hand visuomotor control using only monocular RGB inputs. By lifting 2D
image features onto the sphere and introducing an equivariance correction mechanism to compensate
for dynamic camera viewpoints, our method achieves global SO(3)-equivariance and local SO(2)-
invariance without relying on depth sensors or multi-camera setups. This design enables robust
and sample-efficient policy learning in dynamic, real-world settings. Extensive experiments in both
simulation and real-world tasks demonstrate that ISP consistently outperforms strong baselines,
achieving higher success rates with fewer demonstrations. Our work provides a general and effective
algorithmic solution that is both deployable and scalable for eye-in-hand visuomotor learning.

Limitations Our method has several limitations for future investigation. First, we only consider
a single wrist-mounted RGB camera. While this view provides fine-grained local information, it
lacks the global scene context that an agent-view camera could offer. Effectively combining these
complementary perspectives remains an important challenge. Second, our approach models rotational
equivariance but does not address translational equivariance. This limits the model’s ability to
generalize to object translations within the scene. Extending the equivariance correction to handle
camera translations is a promising direction for future work. Third, the use of equivariant networks
increases training time. Although inference remains efficient, reducing training overhead through
more lightweight architectures would further enhance practicality. Fourth, our current method focuses
on single-arm manipulation. Extending the framework to bimanual systems, where coordination
between two arms is required, is a natural next step. Finally, our method does not yet leverage
vision-language models. Integrating high-level semantic understanding through vision language
models could further improve generalization and task understanding in more diverse environments.
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A Orthographic Projection Details

The orthographic projection in our method follows the approach of [30], which lifts 2D feature maps
onto the unit sphere in the camera frame through a signal remapping operation. Unlike traditional
geometric projections that rely on explicit camera calibration or depth information, our projection is
entirely learned and does not depend on a predefined 3D center or physical camera parameters.

In practice, the spherical signal is sampled on a HEALPix grid, which provides an equal-area,
hierarchical discretization of the sphere. For each point on the sphere, we apply a learnable weighted
aggregation over the entire 2D feature map to compute its corresponding signal value. This design
allows the network to flexibly determine how spatial features are mapped onto the sphere, rather than
relying on fixed projection kernels. This is particularly useful for wide FOV images, where classical
orthographic lifting can introduce distortions near image boundaries. By learning the mapping, the
model can implicitly compensate for such distortions. However, this also means that robustness to
changes in camera intrinsics (e.g., different FOVs or lens distortions) is not explicitly enforced. A
promising future direction is to train the projection module under diverse intrinsic settings to support
the model to learn a more general and transferable projection function.

B Spectral Realization of the Equivariance Correction

In this section, we provide a concrete spectral realization of the equivariance correction introduced in
Proposition 1, using the spherical-harmonic coefficients and Wigner D-matrices.

Proof. Let x be the observation with camera pose R, € SO(3) and let ¢,(z) € R**! denotes
spherical harmonic coefficients. Under a global rotation g € SO(3) applied to both the scene and the
camera, the camera pose transforms as R, — R, = gR,. Since the signal ®(z) is expressed in the
local (camera) frame, the spherical coefficients remain unchanged under the global transformation,
s0 ¢o(gx) = co(z). Applying Equation 2 with the updated camera pose, the corrected coefficients at
g are:

Cé,corr(gx) = De(Rgz)CZ(gx) = DZ(QRI)CZ(:E>' (6)
Since the Wigner D-matrices D’ form a group representation of SO(3), they satisfy the homomor-
phism property: D(gR,) = D*(g) D*(R,). Substituting this, we obtain:

Cé,corr(gx) = Dé(g) DZ(R$)Cg(JJ) @)

Recognizing that ¢ corr(¥) = D*(R.) co() by Proposition 1, we conclude:
Cé,corr(gx) = De(g) Cf,corr(x) ®)
Thus, the corrected coefficients ¢ corr () transform equivariantly under the group action g € SO(3).
O

This result shows that equivariance correction can be implemented spectrally by left-multiplying the
spherical harmonic coefficients with Wigner D-matrices according to the camera orientation. This
aligns the signal, originally expressed in the camera frame, to a common world frame for consistent
and equivariant downstream processing across varying viewpoints.

C Implementation of Our Policy

Our model consists of an SO(3)-equivariant observation encoder followed by an SO(3)-equivariant
diffusion module, both implemented using escnn [3] and e3nn [57].

Given an observation x € X, the SO(2)-equivariant image encoder A first maps the RGB image
I into a regular representation, which is then mapped to a trivial representation \(I) € R™*"xw,
where n, h, and w denote the number of channels, height, and width, respectively. These 2D features
are lifted to the sphere via orthographic projection, producing a signal ®(x) on S2. To account for
varying viewpoints, we use the gripper orientation R, as an equivariance correction factor to align
the spherical signal into a common reference frame. In our setup, the wrist-mounted camera is rigidly
attached to the gripper, so the gripper orientation provides a fixed proxy for the camera pose. This
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approximation is sufficient for aligning the image features with the proprioceptive signals, and any
minor misalignments can be further handled by the equivariant convolution layers. The corrected
signal is then processed by a sequence of S? — SO(3) and SO(3) — SO(3) spherical convolution
layers to generate the signal ¥(x) on SO(3). The proprioceptive state is encoded using the irreps pg
and p1, and passed through SO(3)-equivariant linear layers to yield Fourier coefficients of the same
type as W(x). These are then concatenated with the image signal to form the global conditioning
vector e, € R%*de where u is the number of channels and d,, is the feature dimension. Similarly,
the noisy action chunk a” is embedded into e, € R**%*" where d, denotes the number of action
feature channels and n the number of time steps. An inverse FFT is applied to sample both e, and e,
onto discrete subgroups, either the icosahedral group Isy C SO(3) or the cyclic group Cs C SO(2),
producing e, € RP*% ¢, € RPX4aX" where p = 60 or 8 is the number of group elements. For
each group element g € Ig or g € Cs, a shared SO(3)- or SO(2)-equivariant 1-D temporal U-Net
processes the action sequence ef, conditioned on the observation e and diffusion step k. This
design follows the point-wise equivariant processing strategy proposed in [65], ensuring equivariance
across group elements. Finally, an equivariant decoder maps the denoised representation to the noise
estimate €”.

D Simulation Settings

(1) Stack D1 (2) Stack Three D1 (3) Square D2 (4) Threading DO
(5) Three Pc. Assembly DO (6) Hammer Cleanup D1 (7) Coffee D2 (8) Mug Cleanup D1
(9) Kitchen D1 (10) Pick Place DO (11) Coffee Preparation D1 (12) Nut Assembly DO

Figure 8: The twelve simulation tasks from the MimicGen [40] simulator. In each subfigure, the left
image shows the task scene, while the right image shows the corresponding eye-in-hand view.

Figure 8 illustrates the twelve tasks in the MimicGen simulation. In each subfigure, the left image
shows the full environment scene from the agent’s view, while the right image is the eye-in-hand
RGB observation used by the model. Following prior work [40, 65], we set the resolution of the
eye-in-hand image to 3 x 84 x 84 and adopt the same maximum episode length. To enable the
wrist-mounted camera to capture more contextual information, we increase its FOV from 75 to 130
degrees, similar to that of a typical wide-angle camera.

E Training Details

For the simulation experiments, we follow the hyperparameter settings from prior work [65, 5]. In
detail, we use an observation window of two history steps for ISP-SO(3) and one step for ISP-SO(2).
In both cases, the denoising network outputs a sequence of 16 action steps, which are used for
optimization during training, while only the first 8 steps are executed during evaluation. During
training, input images are randomly cropped to a resolution of 76 x 76, while a center crop is
applied at evaluation time. We train all models using the AdamW [38] optimizer with Exponential
Moving Average, and adopt the DDPM [15] framework with 100 denoising steps for both training
and evaluation. For all baselines, we retain their original hyperparameter settings for evaluation
and only adjust the number of training steps to ensure consistency across methods. All methods are
trained on the same dataset and evaluated using three random seeds.
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For the real-world experiments, we use the same hyperparameters as in the simulation, except that
we replace DDPM with DDIM [55] for both training and evaluation, and reduce the number of
denoising steps to 16 at evaluation time. However, we find that using a resolution of 76 x 76 is
insufficient for fine-grained manipulation in the real world, as the extremely wide FOV from the
GoPro camera causes each pixel to correspond to a relatively large spatial region in the original
setting. To address this, we increase the input resolution to 224 x 224. Specifically, starting from
the original 720 x 720 RGB image captured using a GoPro with the Max Lens Mod, we apply a
center crop of size 480 x 480, followed by resizing to 224 x 224. In addition, we apply standard
data augmentations, including random cropping, rotation, and color jitter, to improve the robustness
of both our method and the baselines.

All models are trained on single GPUs using compute clusters and workstations equipped with
multiple high-performance consumer-grade GPUs.

F Full Simulation Experiment Results with Standard Deviations

Table 5 presents the same results as Table 1, with standard deviations included.

Table 5: Maximum success rates (%) on MimicGen tasks with 100 and 200 demonstrations across
different methods, averaged over three random seeds. The + indicates standard deviation.

Stack D1 Stack Three D1 Square D2 Threading DO

Method 100 200 100 200 100 200 100 200

ISP-SO(3) 993 +1.2 1000+0.0 70.0+£2.0 88.0 £2.0 347+42 513+£23 900+£20 920=£0.0
ISP-SO(2) 98.0+£2.0 1000+£00 747 +£7.6 88.0 £2.0 320£00 507+£50 84712 873£3.1

DiftPo 90.7£42 96.0+£20 433+£42 767+42 1204+£20 253+3.1 7734+103 86.7+7.0

EquiDiff 96.0£0.0 987+12 613£50 80.0=£2.0 87+12 193+£12 887+£58 920+£20

ACT 453+£76 773+£23 120£20 367+£99 27+£12 10.0£20 36.0+£69 533+£6.1
Three Pc. Assembly DO Hammer Cleanup D1 Mug Cleanup D1 Coffee D2

Method 100 200 100 200 100 200 100 200

ISP-SO(3) 70.7+12 793+12 66.0+£00 733+£12 540£87 587+£23 640+00 68.7+3.1
ISP-SO(2) 747+12 80.0£20 70.7+£12 733+23 56.0£20 607+£12 587431 633+£42

DiffPo 727+ 3.1 7334+£23 587+£76 633+117 493+83 61.0£17 533+£31 547142
EquiDiff 740£5.3 787+12 593142 740+£20 507+£23 620+£00 473+£31 613+£23
ACT 28.0+40 500+53 347423 62.7+58 2474+31 373+£58 207431 347423
Kitchen D1 Pick Place DO Coffee Preparation D1 Nut Assembly DO
Method 100 200 100 200 100 200 100 200

ISP-SO(3) 753 +3.1 793 +42 420+ 44 657+55 407+£23 613+£23 753+£25 820+£75
ISP-SO(2) 64.7+23 720+20 457+£80 61.0+£5.6 46.7+46 56.0+£00 737£76 843%15

DiffPo 60.7 £ 8.1 70.7+£3.1 363 %21 477+ 15 373+£12 520+£53 5134+38 623£15
EquiDiff 553+£12 66.7+23 27.7+£29 463 £ 3.5 273+£12 387+£23 400+40 563£3.1
ACT 213£12 50.7 £3.1 87+15 13.7£25 73+23 160£20 367+£12 49.0+20

G Invariance via Delta Control vs. Equivariance via Rotation Correction

One of the core components of our method is the rotation correction step, which aligns the spherical
signals to a common reference frame to preserve SO(3)-equivariance throughout the policy pipeline.
A natural alternative is to remove this step and instead express actions in the moving gripper frame,
referred to as delta actions in [6], which can also be interpreted as a sequence of incremental
transforms. This formulation leads to an SE(3)-invariant system, as both perception and action
are expressed relative to the gripper’s local frame. This raises an important question: Is rotation
correction necessary if delta actions can achieve similar symmetry properties through invariance?

Empirical Evidence To investigate this, we conducted additional experiments comparing absolute
and delta action control on two MimicGen tasks: Square D2 and Nut Assembly DO0. Specifically, we
evaluated (a) a variant of our method without rotation correction that uses delta control, and (b) the
original Diffusion Policy with delta control. Table 6 summarizes the results with 100 demonstrations.
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Table 6: Comparison of absolute and delta control on two MimicGen tasks with 100 demonstrations.
Values in parentheses indicate performance differences relative to ISP-SO(2) (Absolute).

Method Square D2 Nut Assembly DO
ISP-SO(2) (Absolute) 32 74
ISP-SO(2) (Delta, No Rotation Correction) 22 (-10) 57 (-17)
DiffPo (Absolute) 12 (-20) 51 (-23)
DiffPo (Delta) 14 (-18) 22 (-52)

Figure 9: Real-world experimental setup. We use a URS robot equipped with a Robotig-85 gripper and
custom-designed soft fingers. A GoPro camera is mounted on the wrist to capture visual observations.
Demonstrations are collected using the Gello teleoperation interface (bottom right).

We observe that absolute action consistently outperforms delta action. Similar trends have been
reported in prior work, such as EquiDiff [65] and the Diffusion Policy [5], where delta or velocity
control often results in inferior performance.

Generalization Perspective Although gripper-relative control guarantees invariance under single-
camera setups, it does not generalize seamlessly to multi-camera or hybrid sensing configurations,
where additional viewpoints can break this invariance assumption. In contrast, aligning both observa-
tions and actions to a shared world frame establishes a consistent global reference across all sensors.
This property supports more flexible sensor integration and improved generalization in complex
environments with multiple or moving viewpoints.

H Details of the Real-World Experiment

Figure 9 shows our real-world experimental setup. Demonstrations are collected using the Gello
teleoperation interface [68]. While the robot is teleoperated in joint space, we record end-effector
actions, including position, rotation, and gripper state. Visual observations and actions are recorded
synchronously at each timestep.

Figure 10 illustrates the initial state distributions for each task. In Box-Pipe Disassembly, two pipes
with different colors are connected to a junction box, where one pipe shares the same color as the box
may confuse the policy. The orientations of the pipes are randomized. In U-Pipe Disassembly, four
pipe fittings are arranged in a U-shape and initialized with random rotations. In 3D-Pipe Disassembly,
two pipes are connected with independently randomized 3D orientations. In Grocery Bag Retrieval,
a toy banana is randomly placed inside a deformable plastic bag. The robot must reach into the
bag, identify and retrieve the banana, and place it into a transparent container with minor positional

19



(a) Box-Pipe Disassembly (b) U-Pipe Disassembly (c) 3D-Pipe Disassembly (d) Grocery Bag Retrieval

Figure 10: Distribution of random initial states used in the real-world experiments.

variation. All subfigures in Figure 10 show averaged visualizations across multiple randomized
initializations.

We visualize one episode for each task in Figure 1 1. These tasks emphasize different aspects. The
pipe disassembly tasks require precise, closed-loop control to smoothly extract the pipes. This makes
them particularly challenging for open-loop policies. The Grocery Bag Retrieval task highlights the
importance of the eye-in-hand camera, as the target object is difficult to perceive and localize using
only external views.

I Practical Guidelines for Data Collection

Before starting data collection on the real robot, it is critical to establish a predefined task execution
strategy to ensure motion simplicity, efficiency, and cross-operator consistency. Such a strategy
typically involves defining consistent action sequences, execution ranges, and task progression
patterns, helping to avoid ambiguous or poorly structured scenarios that may lead to robotic indecision
or an undesirably large amount of multimodal behavior during training.

Based on our experience, during data collection, demonstrations should:
1. Uniformly cover as many task-relevant initial states as possible.
2. Maintain a consistent end-effector speed within and between trajectories without interruption.
3. Avoid unnecessary stops, pauses, or other irregular motion patterns.
4. Synchronize sensing and control to minimize latency-induced artifacts.
5

. Regularly verify alignment between the robot and sensors to prevent drift and maintain data
consistency.

After data collection, all trajectories should be automatically or visually inspected to detect potential
issues. In particular, segments exhibiting robotic hesitation or stalling, most commonly near the
beginning and end of each demonstration, as well as episodes containing negative or low-quality
behavior, should be identified and removed. Consistent inspection and pruning of low-quality data
can significantly improve the stability and performance of policy learning.

These practical steps help ensure that the collected data are clean, diverse, and informative, which
can ultimately enhance the robustness and generalization of learned visuomotor policies.

J Real World Experiment Failure Analysis

In the Box-Pipe Disassembly task, one of the primary failure cases arises from the inability to
distinguish between the gray junction box and the gray pipe. For the original Diffusion Policy,
the policy consistently misidentifies the box as the pipe to be disassembled, which triggers the
robot’s emergency stop. While our method occasionally encounters the same issue, the failure rate is
significantly lower. This suggests that our method is more data-efficient and better at learning robust
visual distinctions from limited demonstrations.
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Table 7: Comparison of training and inference efficiency on a single RTX 4090 GPU.

Method Training Speed (rel.) Inference Time (ms) Real-Time Capable

DiffPo 1x 68 Yes
ISP-SO(2) 2.6x slower 63 Yes
ISP-SO(3) 5.4x slower 75 Yes

In the U-Pipe Disassembly task, a common failure mode for our method and the baseline occurs
when pulling the red pipe inadvertently causes a connected pipe to be extracted as well. In such cases,
the robot grasps both pipes simultaneously. We consider this a partial success. However, the baseline
additionally suffers from incorrect orientation predictions under certain initial states, leading to more
frequent failures.

In the 3D-Pipe Disassembly task, our method occasionally fails to identify the correct grasp orien-
tation. In contrast, the baseline struggles consistently with this issue and rarely completes the task
successfully. One major contributing factor is the multimodality of the task. During data collection,
it is difficult to maintain consistency in demonstration strategies because pipes can be grasped in
multiple orientations. Nevertheless, by incorporating 3D symmetries, our method is more robust to
such variations and generalizes better across diverse configurations.

In the Grocery Bag Retrieval task, failure cases primarily result from unsuccessful grasp attempts or
inaccuracies during the placement phase. The deformable nature of the bag and the partial occlusion
of the banana present additional challenges, especially under limited visual feedback.

K Computational Efficiency Analysis

In this section, we provide quantitative comparisons of the computational efficiency of our method
during both training and inference. Our results are measured on a single RTX 4090 GPU.

Training Efficiency Compared to the original Diffusion Policy [5], ISP-SO(2) is approximately
2.6 slower, and ISP-SO(3) is approximately 5.4 x slower during training. This increase is expected
due to the added computational complexity of the equivariant layers. Nevertheless, the training speed
remains practical for large-scale policy learning.

Inference Efficiency Despite the higher training cost, our method maintains high efficiency during
inference, making it well-suited for real-time deployment. Table 7 summarizes the average inference
time of each method in the real-world settings with 16-step DDIM sampling [55]. All methods exhibit
comparable inference speeds. The SO(2) variant is slightly faster than the baseline, primarily due to
its lighter-weight diffusion U-Net and the use of a smaller history observation window. Although the
SO(3) variant is marginally slower, its inference time (~75 ms) remains close to DiffPo (~68 ms),
well within real-time control requirements (e.g., 10 Hz).

L. On Limitations and Practical Considerations of Equivariance

Interaction with Real-World Asymmetries Equivariance may face challenges in manipulation
scenarios where asymmetries in the physical world are important. A representative example is
tasks involving asymmetric robot kinematics, such as left-right differences in reachable workspace.
Although equivariance allows the model to generalize across rotated scenes, joint limits are not
preserved under rotation, which may lead to infeasible or suboptimal actions. Another example
is manipulation involving heavy objects, where gravity breaks rotational symmetry in practice.
An object that is easy to manipulate in one orientation may become unstable or infeasible to lift
when rotated. Despite these challenges, prior work has shown that equivariant models can remain
robust in the presence of symmetry-breaking factors such as visual appearance, camera pose, and
shadows [62]. These asymmetries are already encoded in the input, allowing the model to learn
appropriate behaviors without violating the equivariant structure. While cases where equivariance
leads to performance degradation are relatively uncommon, they do highlight scenarios where
symmetry-breaking mechanisms may be beneficial. A promising future direction is to augment
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equivariant architectures with non-equivariant components or task-specific inductive biases (e.g.,
gravity-aware priors or joint-limit encodings) to better capture real-world asymmetries.

Discretization of Continuous Symmetry Groups In our framework, equivariance is enforced
by sampling finite subgroups of SO(3) (e.g., Igo or Cg) and applying a shared U-Net across the
sampled group elements. This approximation may, in principle, introduce discrepancies for rotations
outside the sampled set. Empirically, however, no significant performance degradation was observed.
In fact, discrete subgroups often lead to superior performance compared to continuous irreducible
representations, consistent with prior findings in equivariant learning [3, 66]. While this approach
reduces the theoretical degree of symmetry, it provides a more scalable and expressive modeling
strategy by avoiding the computational overhead and activation function constraints associated with
continuous irreps. Similar strategies have also demonstrated strong empirical effectiveness in other
robotics applications [65, 20]. To further mitigate potential limitations and improve generalization,
we apply random SO(2) rotations as a data augmentation strategy to the end-effector pose in both
proprioceptive inputs and actions during training. Additionally, subgroup sampling is not restricted to
a single set: multiple sets can be employed in practice to increase angular coverage when necessary.
Finally, while equivariant architectures introduce structural inductive biases, they do not inherently
limit the model’s ability to generalize beyond the sampled rotations. With sufficient data diversity
and augmentation, the network is able to interpolate smoothly across SO(3), thereby alleviating the
potential impact of discretization.

M Broader Impact

This work has several potential social impacts, both positive and negative. On the positive side,
our proposed method enables more data-efficient and generalizable robot policy learning in 3D
environments. This can facilitate the development of more robust and capable household robots,
particularly in settings where labeled demonstrations are limited. Moreover, by leveraging geometric
symmetries and closed-loop visuomotor control from wrist-mounted cameras, our method could
lower the barrier for deploying autonomous robots in unstructured real-world environments, thereby
expanding accessibility and utility.

However, as with many data-driven learning methods, our approach inherits limitations tied to the
quality and intent of the training data. Since the robot policy is learned entirely through imitation,
any unsafe, biased, or suboptimal behavior demonstrated during data collection may be reflected
in the final policy. Furthermore, the increased autonomy enabled by our method underscores the
importance of safety monitoring and responsible deployment, especially in applications involving
human interaction.
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(a) Box-Pipe Disassembly

(b) U-pipe Disassembly
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(c) 3D-Pipe Disassembly

(d) Grocery Bag Retrieval

Figure 11: Visualization of one episode for each task. Each subfigure illustrates a key action step in
the trajectory.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

¢ You should answer [Yes] , ,or [NA] .

* [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to " ", itis perfectly acceptable to answer " " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
" "or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading ‘“NeurIPS Paper Checklist",
* Keep the checklist subsection headings, questions/answers and guidelines below.
* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction clearly state the core claims of the paper,
including our key contributions and the assumptions. These claims are well-supported by
both the theoretical analysis and experimental results presented.

Guidelines:
e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]
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Justification: The paper includes a discussion of the limitations of our method. Specifically,
we clarify the computational efficiency issues introduced by using equivariant networks, and
discuss limitations related to the task settings (e.g., single-arm manipulation and single-view
observations). We also outline potential directions for future research to address these
limitations and extend the applicability of our approach.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

¢ The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: All definitions, propositions, and assumptions are clearly stated, numbered,
and cross-referenced.

Guidelines:

* The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
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Answer: [Yes]

Justification: We will submit the code as supplementary material and release the code
implementation for all experiments in this paper. Detailed descriptions of our method are
also provided in the appendix.

Guidelines:

» The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We include the complete code for data generation and all models in the
supplementary material, ensuring full reproducibility of our results. A public GitHub
repository will be provided with the final version of the paper.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.
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* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: In the Appendix, we provide the training details of our method, along with the
code as well.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We report the full experimental results with standard errors computed over
multiple random seeds.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

 The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
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11.

Answer: [Yes]
Justification: We provide the details of the compute resources in the appendix.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: Our work conforms, in every respect, with the NeurIPS Code of Ethics.
Guidelines:

» The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: We discuss the broader impacts of our work in the appendix, which consists of
both potential positive and negative societal implications.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards
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Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The dataset used in this work is publicly available, and our method does not
pose a high risk of misuse.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We have cited all relevant prior works, datasets, and software packages used in

this paper. License, copyright information, and terms of use will be provided in our GitHub
repository.

Guidelines:

» The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

¢ For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: The related docs will be included in the supplementary material.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.
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14.

15.

16.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: This work does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: This work does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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