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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

g 

Figure 1: We propose the first SO(3)-equivariant
policy learning framework based on a single eye-
in-hand RGB image, where the predicted action
sequence transforms equivariantly under the same
group action g ∈ SO(3) applied to the whole scene.

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
visual details in the regions where the end-
effector interacts with the environment. More-
over, it is used in a growing number of large
robot datasets [27, 28, 42, 29, 2, 46].

Despite recent advances in equivariant learn-
ing [66, 63], there remains a lack of effective
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-ef�cient 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-
ratesSO(3)-equivariance into eye-in-hand visuomotor learning. Our method �rst 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-ef�cient closed-loop control directly
from raw eye-in-hand inputs. To the best of our knowledge, this is the �rst 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 introduceImage-to-Sphere Policy(ISP), the �rst 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 globalSO(3)-equivariance and localSO(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
�exible and scalable alternative to traditional systems that rely on multiple �xed, 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-inef�cient 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 ef�ciency [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 anSO(2)-equivariant architecture
to enhance Diffusion Policy [5]. EquiBot [70] adopts anSIM(3)-equivariant structure, and ET-
SEED [58] performs trajectory-levelSE(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 �xed 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 �ll
this gap, ISP models symmetry in the eye-in-hand RGB setting, preservesSO(3)-equivariance, and
can integrate with other frameworks to enhance their effectiveness without additional preprocessing.
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3 Background

3.1 Representations ofSO(3)

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

• Degree-0 trivial representation� 0: Maps everyg 2 SO(3) to the identity transformation onR.
This is used for rotation-invariant quantities, such as scalar sensor readings or gripper states.

• Degree-1 standard representation� 1: Mapsg 2 SO(3) to a3 � 3 rotation matrix acting on
v 2 R3 via � 1(g)v = gv, capturing vector features like positions and directions.

• Higher degree irreducible representations� ` : For ` 2 N, the representation� ` : SO(3) !
GL(R2` +1 ) is given by the WignerD-matrix of degreè . 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 Coef�cients

Spherical harmonicsY m
` : S2 ! R form an orthonormal basis for square-integrable functions on the

2-sphere and realize the irreducible representations ofSO(3). Any spherical function� : S2 ! Rd

can thus be expanded as:

�( �; � ) =
1X

` =0

X̀

m = � `

cm
` Y m

` (�; � ); (1)

wherecm
` are the corresponding Fourier coef�cients. The mapping� 7! f cm

` g is known as the
Spherical Fourier Transform. Under a rotationR 2 SO(3), each coef�cient vectorc` 2 R2` +1

transforms linearly via the representation� ` :

c0
` = � ` (R) � c` : (2)

This enables ef�cient 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 observationO and diffusion timestepk, the policy predicts
a noise estimate� k from a corrupted action sequenceak = a0 + � k using a denoiser network� .
The model is trained to minimize the denoising objectiveL diff = Ea0 ;k;� k

�
k�( O; ak ; k) � � k k2

�
: 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 groupG. Speci�cally, for compact groups such as
SO(3), the denoiser� is required to satisfy the equivariance constraint:

�( g � O; g � ak ; k) = g � �( O; ak ; k) 8g 2 G: (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 sequenceO = f ot � k+1 ; :::; ot g at
timestept, the learned policy predicts an action chunkA = f at +1 ; :::; at + n g, wherek andn are the
observation length and prediction horizon, respectively. Each observationo = ( I; P ) consists of an
RGB imageI from the wrist camera, proprioceptive inputP 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) AnSO(3)-equivariant observation encoder
extracts features from the RGB input, projects them onto the sphere, and applies an equivariance
correction using the gripper orientationRx to account for the camera's dynamic viewpoint (red arrow).
The corrected spherical signal� corr(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 coef�cientsc` on SO(3) and fused (yellow
block). (b) The encoded spherical signals are transformed back to the spatial domain via inverse
Fourier transform, sampling �nite group elements as the conditioning vector forSO(3)-equivariant
denoising. The noisy action sequence is processed in the same way, through equivariant linear layers
and projected onto the same group elements.

at 2 R10 as the absolute end-effector pose including a position inR3, an orientation represented as a
6D rotation vector inR6 (see [75]), and a gripper open state inR1. 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,
anSO(3)-equivariant observation encoder (Figure 2a) and anSO(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 ensureSO(3)-equivariance, producing
the conditioning vector for the diffusion process. The diffusion module is designed as anSO(3)-
equivariant function of the conditioning vectors and noisy inputs. As a result, the entire policy is
end-to-endSO(3)-equivariant. In the following subsections, we �rst describe our observation encoder,
which extractsSO(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 anSO(3)-equivariant observation encoder that maps 2D
images and robot proprioception into a 3D feature representation. The observationx 2 X consists of
two parts, an eye-in-hand RGB imageI , that captures visual information, and proprioceptive data,
P 2 R7, 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. RepresentingP is relatively easy.
Following [65, 70, 51], we embed end-effector pose inSO(3) using the standard representation and
gripper state using the trivial representation (Section 3.1). In contrast, encoding the 2D image inputI
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 �rst proposed in the
context of object pose estimation [30, 16]. This enables us to reason aboutSO(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 orientationR 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 imageI from
the observationx using a standardSO(2)-equivariant image encoder� . Next, the resulting feature
map� (I ) is mapped onto the sphere using a learnable orthographic projection (see Appendix A
for details). This converts a “�at” image into a spherical signal�( x) : S2 ! Rd that is easier to
manipulate inSO(3). We represent this spherical signal in the spectral domain as truncated Fourier
coef�cients 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�( x) stays constant while the world
and actions rotate, thereby breaking globalSO(3)-equivariance. We accommodate this by rotating
the spherical signal by an amount corresponding to theSO(3) orientation of the gripper. We call
this theequivariance correctionfactor, and it is illustrated in Figure 3. On the left of Figure 3, we
see two scenes that are the same except for anSO(3) rotation ofg. 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 (R1 andR2) 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.
De�nition 1 (Equivariance Correction). LetG be a group acting on the input spaceX and output
spaceY . For a functionf : X ! Y , anEquivariance-Correction mapis anyC: X ! G satisfying
C(g�x) f (g�x) = gC(x) f (x) for all g2 G; andx 2 X: The corrected functionf corr(x) = C(x) f (x)
is thereforeG-equivariant.

Notice that De�nition 1 impliesf (x) andf (gx) are in the same orbit. Equivariance Correction is
similar to acanonicalization mapc : X ! G, wheref cano = c(x)f (c(x) � 1x) transforms the input
to a canonical frame, then transforms the output back to the original frame. Whenf (x) = f (gx),
Equivariance Correction is a special case of canonicalization wheref (c(x) � 1x) = f (x) is invariant,
so it only transforms the output to restore equivariance without altering the input.

We now show that De�nition 1 is satis�ed when the correction map is chosen to be the end-effector
rotation. Letx 2 X denote the robot observation at a given timestep, which includes an eye-in-hand
RGB imageI and the corresponding camera (end-effector) poseRx 2 SO(3) in the world frame.
Let �( x) denote the spherical signal derived from the imageI , expressed in the camera frame, and
let � be a representation ofSO(3) acting on�( x).
Proposition 1 (Equivariance Correction via End-Effector Pose). The mapC: (I; R x ) 7! Rx , which
assigns each camera image to its corresponding camera poseRx 2 SO(3) is an equivariance
correction. The corrected signal� corr(x) = � (C(x))�( x) = � (Rx )�( x) is in a world-aligned
frame. Thus, the mapping� corr is SO(3)-equivariant: for any global rotationg 2 SO(3), we have
� corr(g�x) = � (g) � corr(x):
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Proof. Let g 2 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 asRx 7! Rgx = gRx . For the corrected signal, we therefore obtain

� corr(gx) = � (Rgx )�( gx) = � (g)� (Rx )�( x) = � (g)� corr(x); (4)

where the second equality follows from the homomorphism property� (gRx ) = � (g)� (Rx ) of the
representation� . Hence the map� corr is SO(3)-equivariant.

A concrete realization of� with the spherical–harmonic coef�cients and WignerD-matrices is given
in Appendix B, where the proposition reduces to the rotation of coef�cient 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 anSO(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 toSO(2) Rotation of the Eye-in-hand Camera). Let g 2 SO(2) be a
rotation about the camera's optical axis. Then, under the transformation(I; R x ) 7! (g � I; R x g� 1),
the corrected signal de�ned in Proposition 1 remains invariant:� corr(g � x) = � corr(x).

Proof. Assume the image encoder� is SO(2)-equivariant, i.e.,� (g � I ) = g � � (I ) for all g 2 SO(2).
Because spherical projection and spherical Fourier transform preserve equivariance, the spherical
signal satis�es�( g � x) = g � �( x). Meanwhile, the camera pose transforms asRx 7! Rx g� 1, since
applying anSO(2) rotationg in the camera frame corresponds to right-multiplying its world-frame
orientationRx by g� 1 (i.e., rotating the camera relative to itself). The corrected signal is:

� corr(g � x) = � (Rx g� 1) �( g � x) = � (Rx g� 1) � (g) �( x) = � (Rx ) �( x) = � corr(x): (5)

Thus, the corrected signal is invariant under anySO(2) rotations of the eye-in-hand camera.

By combining Propositions 1 and 2, we obtain a two-level symmetry in the encoder: the features are
globally SO(3)-equivariant and locallySO(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-endSO(3)-equivariance by requiring the denoising
network� to satisfy: �( g � O; g � ak ; k) = g � �( O; ak ; k) for all g 2 SO(3): To achieve this, we
extend the 2D denoising model fromEquiDiff [65] to 3D. EquiDiff applies a shared 1D temporal
U-Net [49] independently to each group element inCn � 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 �nite subgroup and perform sampling accordingly. DenoteH � SO(3) the subgroup
that the diffusion process is equivariant to (e.g., the icosahedral groupI 60). DenoteS � SO(3) a set
that is closed underH , i.e.,HS = S. Intuitively, S could be viewed as copies of the rotations inH ,
each with different offset angles to capture a denser discrete signal. Given a signal	 : SO(3) ! Rd,
we �rst sample	( S) = f 	( si ) : si 2 Sg and then evaluate the U-Net pointwise on each sample
�(	( S)) = f �(	( si )) : si 2 Sg, where both the input and output can be treated as copies of the
regular representations ofH . Sinceg 2 H permutes the order of	( S) and�(	( S)) identically,
the entire process isH -equivariant. Because the spherical convolution layers output a signal on
SO(3), we can �exibly choose any �nite groupH and sampling setS for discretization. In our
implementation, we use bothC8 � SO(2) andI 60 � SO(3) as choices ofH . 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 theSO(3)-equivariant diffusion model (Sec-
tion 4.2), our policy has end-to-end symmetry to global sceneSO(3) rotations. This signi�-
cantly improves its sample ef�ciency 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.

Figure 4: Illustration of translation
invariance and rotation equivariance-
to-invariance transition.

The bene�t ofSO(2) camera-rotation invariance (Proposi-
tion 2) is subtle. Under a rotation of the gripper with respect
to the workspace, noa priori constraint can be placed on how
the action trajectory should transform. However, our diffu-
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
providing a structured geometric bias. Figure 4 illustrates the
bene�t of this design. In both states (a) and (b), the gripper
(triangle) aims to reach the same goal pose (star), but in (b) it
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 sub�gure of Figure 5). To capture suf�cient scene
context, we enlarge the camera's �eld of view (FOV) to approximate a typical �sheye 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 �xed 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.

BaselinesOur experiments aim to validate the bene�ts 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 anSO(2) -equivariant variant, which is symmetric only about
rotations in the plane of the table. Although theSO(3) version has more symmetry, theSO(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 (modi�ed) [65]: Designed for �xed-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, consistentlyapply 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.
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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 inbold,
and the second best is underlined. Full results with standard deviations are in Appendix F.

Mean Stack D1 Stack Three D1 Square D2 Threading D0 Three Pc. D0 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 91 96 43 77 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 77 12 37 3 10 36 53 28 50 35 63

Mug Cl. D1 Coffee D2 Kitchen D1 Pick Place D0 Coffee Prep. D1 Nut Asse. D0

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

ISP-SO(3) 54 59 64 69 75 79 42 66 41 61 75 82
ISP-SO(2) 56 61 59 63 65 72 46 61 47 56 74 84
DiffPo 49 61 53 55 61 71 36 48 37 52 51 62
EquiDiff 51 62 47 61 55 67 28 46 27 39 40 56
ACT 25 37 21 35 21 51 9 14 8 16 37 49

Results Table 1 reports the maximum success rates across all methods and con�gurations. 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 ef�ciency. These results collectively highlight that the explicit modeling
of equivariance is the key factor driving both the improved performance and enhanced sample
ef�ciency of our method. Appendix F provides the full experimental results with standard deviations
across three random seeds.

Table 2: Ablation study results. A red cross indicates
that the corresponding module is removed in that variant.

Sphere EquiEnc EquiUSta. Cof. Nut. Squ. Mean

% ! ! 63.3 61.3 59.0 23.351.8 (-9.2)
! % ! 66.0 57.3 61.3 32.054.2 (-6.8)
! ! % 68.7 58.7 58.0 32.054.3 (-6.7)
! ! ! 70.0 64.0 75.3 34.7 61.0

Ablation Study To assess the contribu-
tion of each component of our method, we
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
extractingSO(3)-equivariant features from images. (2)EquiEnc: With or without the proposed
equivariant image encoder that capturesSO(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.

The Bene�ts of Pretraining While our method already bene�ts 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 bene�cial 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
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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 D0 Three Pc. D0 Hammer Cl. 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. D1 Coffee D2 Kitchen D1 Pick Place D0 Coffee Pre. D1 Nut Assembly D0

ISP-SO(2) (Pretraining) 54.0 (-2.0) 66.7 (+8.0) 64.0 (-0.7) 56.3 (+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

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 sub�gure, 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, andScratch, 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 �nal 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 ef�ciency. These �ndings 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 SetupsOur real robot experiments use a Universal Robot UR5 equipped with a Robotiq-85
Gripper and custom-designed soft �ngers. 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 �rst
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 speci�cation, and practical
guidelines for data collection are provided in Appendix H and Appendix I.

ResultsTable 4 reports success rates over 20 trials per task. Our method consistently outperforms the
Diffusion Policy [5] baseline, with signi�cant improvements on Box-Pipe (80% vs. 10%) and 3D-Pipe
(75% vs. 15%). The former bene�ts from more precise visual representations that distinguish the gray
pipe from the gray box background, while the latter showcases the advantage ofSO(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
con�rm 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
ef�ciency 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.
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(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.

Table 4: Real-world task performance over 20 trials. The
number of demonstrations used for training each task is shown
in the second row.

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

# Demos 65 65 65 60

ISP-SO(3) 80%(16/20) 85%(17/20) 75%(15/20) 95%(19/20)
DiffPo [5] 10%(2/20) 65%(13/20) 15%(3/20) 75%(15/20)

Robustness to Real-World Pertur-
bations To further evaluate the ro-
bustness and generalization ability
of our policy, we conducted addi-
tional real-world experiments on the
Box-Pipe Disassembly task under
various domain shifts. First, we al-
tered the lighting conditions by in-
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 (Fig-
ure 7b). Finally, to test robustness against partial occlusion, we repeatedly and brie�y blocked the
eye-in-hand camera by rapidly waving different objects (e.g., a toy golf club and a �ower) 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.

6 Conclusion

In this paper, we proposeImage-to-Sphere Policy (ISP), the �rst 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 globalSO(3)-equivariance and localSO(2)-
invariance without relying on depth sensors or multi-camera setups. This design enables robust
and sample-ef�cient 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 �ne-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 ef�cient, 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 prede�ned 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 �exibly determine how spatial features are mapped onto the sphere, rather than
relying on �xed 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 coef�cients and WignerD-matrices.

Proof. Let x be the observation with camera poseRx 2 SO(3) and letc` (x) 2 R2` +1 denotes
spherical harmonic coef�cients. Under a global rotationg 2 SO(3) applied to both the scene and the
camera, the camera pose transforms asRx 7! Rgx = gRx . Since the signal�( x) is expressed in the
local (camera) frame, the spherical coef�cients remain unchanged under the global transformation,
soc` (gx) = c` (x). Applying Equation 2 with the updated camera pose, the corrected coef�cients at
gx are:

c`; corr(gx) = D ` (Rgx ) c` (gx) = D ` (gRx ) c` (x): (6)

Since the WignerD-matricesD ` form a group representation ofSO(3), they satisfy the homomor-
phism property:D ` (gRx ) = D ` (g) D ` (Rx ). Substituting this, we obtain:

c`; corr(gx) = D ` (g) D ` (Rx ) c` (x) (7)

Recognizing thatc`; corr(x) = D ` (Rx ) c` (x) by Proposition 1, we conclude:

c`; corr(gx) = D ` (g) c`; corr(x) (8)

Thus, the corrected coef�cientsc`; corr(x) transform equivariantly under the group actiong 2 SO(3).

This result shows that equivariance correction can be implemented spectrally by left-multiplying the
spherical harmonic coef�cients with WignerD-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 anSO(3)-equivariant observation encoder followed by anSO(3)-equivariant
diffusion module, both implemented usingescnn [3] ande3nn [57].

Given an observationx 2 X , theSO(2)-equivariant image encoder� �rst maps the RGB image
I into a regular representation, which is then mapped to a trivial representation� (I ) 2 Rn � h � w ,
wheren, h, andw denote the number of channels, height, and width, respectively. These 2D features
are lifted to the sphere via orthographic projection, producing a signal�( x) onS2. To account for
varying viewpoints, we use the gripper orientationRx as anequivariance correctionfactor 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 �xed proxy for the camera pose. This
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approximation is suf�cient 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 ofS2 ! SO(3) andSO(3) ! SO(3) spherical convolution
layers to generate the signal	( x) onSO(3). The proprioceptive state is encoded using the irreps� 0
and� 1, and passed throughSO(3)-equivariant linear layers to yield Fourier coef�cients of the same
type as	( x). These are then concatenated with the image signal to form the global conditioning
vectoreo 2 Ru� do , whereu is the number of channels anddo is the feature dimension. Similarly,
the noisy action chunkak is embedded intoea 2 Ru� da � n , whereda denotes the number of action
feature channels andn the number of time steps. An inverse FFT is applied to sample botheo andea
onto discrete subgroups, either the icosahedral groupI 60 � SO(3) or the cyclic groupC8 � SO(2),
producingeo 2 Rp� do ; ea 2 Rp� da � n ; wherep = 60 or 8 is the number of group elements. For
each group elementg 2 I 60 or g 2 C8, a sharedSO(3)- or SO(2)-equivariant 1-D temporal U-Net
processes the action sequenceeg

a , conditioned on the observationeg
o and diffusion stepk. 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� k .

D Simulation Settings

Figure 8: The twelve simulation tasks from the MimicGen [40] simulator. In each sub�gure, 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 sub�gure, 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 to3 � 84 � 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 �rst 8 steps are executed during evaluation. During
training, input images are randomly cropped to a resolution of76 � 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 �nd that using a resolution of76 � 76 is
insuf�cient for �ne-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 to224� 224. Speci�cally, starting from
the original720� 720RGB image captured using a GoPro with the Max Lens Mod, we apply a
center crop of size480� 480, followed by resizing to224� 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 D0

Method 100 200 100 200 100 200 100 200

ISP-SO(3) 99.3� 1.2 100.0� 0.0 70.0� 2.0 88.0� 2.0 34.7� 4.2 51.3� 2.3 90.0� 2.0 92.0� 0.0
ISP-SO(2) 98.0� 2.0 100.0� 0.0 74.7� 7.6 88.0� 2.0 32.0� 0.0 50.7� 5.0 84.7� 1.2 87.3� 3.1
DiffPo 90.7� 4.2 96.0� 2.0 43.3� 4.2 76.7� 4.2 12.0� 2.0 25.3� 3.1 77.3� 10.3 86.7� 7.0
EquiDiff 96.0� 0.0 98.7� 1.2 61.3� 5.0 80.0� 2.0 8.7 � 1.2 19.3� 1.2 88.7� 5.8 92.0� 2.0
ACT 45.3� 7.6 77.3� 2.3 12.0� 2.0 36.7� 9.9 2.7� 1.2 10.0� 2.0 36.0� 6.9 53.3� 6.1

Three Pc. Assembly D0 Hammer Cleanup D1 Mug Cleanup D1 Coffee D2

Method 100 200 100 200 100 200 100 200

ISP-SO(3) 70.7� 1.2 79.3� 1.2 66.0� 0.0 73.3� 1.2 54.0� 8.7 58.7� 2.3 64.0� 0.0 68.7� 3.1
ISP-SO(2) 74.7� 1.2 80.0� 2.0 70.7� 1.2 73.3� 2.3 56.0� 2.0 60.7� 1.2 58.7� 3.1 63.3� 4.2
DiffPo 72.7� 3.1 73.3� 2.3 58.7� 7.6 63.3� 11.7 49.3� 8.3 61.0� 1.7 53.3� 3.1 54.7� 4.2
EquiDiff 74.0� 5.3 78.7� 1.2 59.3� 4.2 74.0� 2.0 50.7� 2.3 62.0� 0.0 47.3� 3.1 61.3� 2.3
ACT 28.0� 4.0 50.0� 5.3 34.7� 2.3 62.7� 5.8 24.7� 3.1 37.3� 5.8 20.7� 3.1 34.7� 2.3

Kitchen D1 Pick Place D0 Coffee Preparation D1 Nut Assembly D0

Method 100 200 100 200 100 200 100 200

ISP-SO(3) 75.3� 3.1 79.3� 4.2 42.0� 4.4 65.7� 5.5 40.7� 2.3 61.3� 2.3 75.3� 2.5 82.0� 7.5
ISP-SO(2) 64.7� 2.3 72.0� 2.0 45.7� 8.0 61.0� 5.6 46.7� 4.6 56.0� 0.0 73.7� 7.6 84.3� 1.5
DiffPo 60.7� 8.1 70.7� 3.1 36.3� 2.1 47.7� 1.5 37.3� 1.2 52.0� 5.3 51.3� 3.8 62.3� 1.5
EquiDiff 55.3� 1.2 66.7� 2.3 27.7� 2.9 46.3� 3.5 27.3� 1.2 38.7� 2.3 40.0� 4.0 56.3� 3.1
ACT 21.3� 1.2 50.7� 3.1 8.7� 1.5 13.7� 2.5 7.3� 2.3 16.0� 2.0 36.7� 1.2 49.0� 2.0

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 preserveSO(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 asdelta actionsin [6], which can also be interpreted as a sequence of incremental
transforms. This formulation leads to anSE(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 D0. Speci�cally, 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 D0

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 UR5 robot equipped with a Robotiq-85 gripper and
custom-designed soft �ngers. 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 PerspectiveAlthough gripper-relative control guarantees invariance under single-
camera setups, it does not generalize seamlessly to multi-camera or hybrid sensing con�gurations,
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 �exible 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. InBox-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. InU-Pipe Disassembly, four
pipe �ttings are arranged in a U-shape and initialized with random rotations. In3D-Pipe Disassembly,
two pipes are connected with independently randomized 3D orientations. InGrocery 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
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