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Abstract. 3D policy learning promises superior generalization and cross-embodiment
transfer, but progress has been hindered by training instabilities and severe overfitting,
precluding the adoption of powerful 3D perception models. In this work, we systemati-
cally diagnose these failures, identifying the omission of 3D data augmentation and the
adverse effects of Batch Normalization as primary causes. We propose a new architecture
coupling a scalable transformer-based 3D encoder with a diffusion decoder, engineered
specifically for stability at scale and designed to leverage large-scale pre-training. Our
approach significantly outperforms state-of-the-art 3D baselines on challenging manipu-
lation benchmarks, establishing a new and robust foundation for scalable 3D imitation
learning. Project Page: https://r3d-policy.github.io/
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1 Introduction

The landscape of robotic imitation learning has been significantly shaped by the success of 2D-
centric policies, notably Diffusion Policy [7] and ACT [50], which introduced powerful paradigms
like diffusion-based action decoding and action chunking. These techniques have been scaled
up in modern Vision-Language-Action (VLA) models [3, 4, 21, 56]. However, the reliance on
2D projections of an inherently 3D world introduces a fundamental limitation that hinders
generalization to novel viewpoints [43] and complicates cross-embodiment skill transfer [29]. In
response, 3D policy learning [19,48,49] is emerging as a compelling alternative. By reasoning over
a canonical 3D scene representation, such policies can naturally fuse multi-view camera inputs,
achieve inherent viewpoint invariance, and establish a consistent world frame that facilitates
robust skill transfer across different robot morphologies.

Despite its promise, progress in 3D policy learning has been impeded by significant, of-
ten counterintuitive challenges. Pioneering studies like DP3 [49] have identified a discrepancy
in performance scaling, where a lightweight PointNet backbone outperformed more complex
and powerful architectures. Furthermore, as shown in section 3.2 and section 5.2, training
3D policies can be quite unstable, especially when model capacity increases. These two is-
sues—unexpected scaling and unstable training—severely hinder the adoption of modern
3D architectures [42,53,54] for better 3D policy learning.

In this paper, we systematically address these challenges to unlock the potential of 3D pol-
icy learning. We begin with a comprehensive analysis of existing frameworks, identifying and
remedying instabilities that have previously limited performance. We reveal two crucial over-
sights. First, the common implementation of DP3 [49] omits data augmentation, a standard
technique for stabilizing training and mitigating overfitting. Second, we identify that Batch
Normalization significantly degrades the performance of more powerful 3D backbones.
⋆ Equal contribution. † Corresponding author.

1

ar
X

iv
:2

60
4.

15
28

1v
1 

 [
cs

.C
V

] 
 1

6 
A

pr
 2

02
6

https://r3d-policy.github.io/
https://arxiv.org/abs/2604.15281v1


Motivated by these insights, we propose a novel architecture and a set of recipes for scaling
3D policy learning. Our approach integrates a high-capacity, LayerNorm-only 3D encoder
inspired by recent advances in 3D segmentation [54], coupled with a Diffusion Transformer [30]
for action decoding. Crucially, our architecture preserves the spatial resolution of 3D
features rather than collapsing them into a global vector. These designs allow the model
to fully leverage scaled-up 3D encoders while ensuring training stability, consistent inference
behavior, and superior spatial reasoning. Besides, such designs also enable pretraining of
the 3D encoder on 3D segmentation tasks, which accelerates convergence and boosts final
performance. Finally, we introduce an auxiliary task to jointly decode end-effector poses
and joint angles; by maintaining spatial resolution throughout the decoding process, this task
enhances the model’s proprioceptive awareness and joint control precision.

Our main contributions are as follows:

– We identify critical training practices—3D data augmentation and removing Batch
Normalization—that enable the stable training of large-scale 3D policies and prevent the
overfitting issues.

– We propose a novel 3D policy architecture that integrates a scalable transformer-based
point cloud encoder with a diffusion-based action decoder. This design explicitly enables
pre-training of the encoder on large-scale 3D segmentation tasks to facilitate knowledge
transfer.

– We conduct extensive experiments showing that our model significantly outperforms
state-of-the-art 3D imitation learning baselines on both simulated and real-world manip-
ulation tasks. We also analyze the impact of encoder capacity, decoder depth, and
camera configurations, providing valuable empirical references for designing future 3D
policies.

2 Related Work

2.1 2D Policy Learning

Early visuomotor policy learning primarily relied on 2D visual inputs, focusing on imitation and
end-to-end action prediction from RGB observations. Diffusion-based approaches such as Dif-
fusion Policy [7], RDT-1B [27], and CF-SDP [46] demonstrate stable behavior cloning through
generative modeling in pixel space, while transformer-based architectures like ACT [50] and
Perceiver-Actor [36] leverage spatiotemporal attention for long-horizon manipulation. In paral-
lel, recent 2D VLA models further extend visuomotor learning to multimodal settings. Systems
such as OpenVLA [21], OpenVLA-OFT [20], π0 [3], RT-2 [56], RT-X [29], RoboFlamingo [25],
Octo [38], GR-1 [41], and UniVLA [4] integrate large vision–language backbones with robot ac-
tion policies, enabling semantic grounding and instruction following via language-conditioned
control. Despite the rapid progress of these 2D models, their reliance on image-space represen-
tations inherently limits spatial understanding. Without explicit depth or 3D cues, they often
exhibit weak geometric reasoning, poor viewpoint generalization, and reduced robustness in
cluttered or spatially complex environments. These limitations motivate the development of
depth-aware and geometry-aware formulations that bridge 2D perception with 3D understand-
ing.
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2.2 Policy Learning with Implicit 3D

To overcome the geometric limitations of 2D inputs, recent works have explored a spectrum of
depth- and multi-view–aware representations that bridge 2D perception with 3D understand-
ing. A first line of approaches focuses on deriving implicit or lifted geometric structure from
monocular RGB observations. GP3 [33] constructs geometry-aware policies via multi-view fu-
sion, while VO-DP [28] leverages semantic–geometric cues to achieve implicit depth reasoning
without explicit 3D supervision. Lift3D [18] further lifts large-scale 2D pretrained models into a
3D-aligned feature space, enhancing robustness under spatial variations. Leveraging multi-view
consistency, 3D-MVP [34] and FVP [17] introduce multi-view pretraining strategies that enable
visual backbones to learn geometry-aware representations from synthetic or real multi-view
data. Meanwhile, VLA frameworks such as DepthVLA [47], SpatialVLA [35], 3D-CAVLA [2],
and Spatial Forcing [23] introduce depth cues or egocentric spatial encodings to improve geomet-
ric grounding within multimodal policy models. These methods constitute the emerging 2.5D
regime—mitigating projection artifacts and enhancing geometric reasoning, yet still limited by
partial 3D awareness and incomplete spatial consistency between perception and action.

2.3 3D Policy Learning

Recent advances in 3D policy learning encompass diffusion-based, transformer-based, flow-
based, and VLA formulations. Diffusion-based approaches such as 3D Diffusion Policy (DP3) [49],
3D Diffuser Actor [19], AC-DiT [5], and AnchorDP3 [51] incorporate point-cloud or volumetric
encodings into transformer-augmented diffusion frameworks to enhance spatial reasoning and
generalization. Transformer-based architectures, including FP3 [45], Act3D [12], and RVT [14],
emphasize scalable multi-view representation learning and 3D spatial aggregation for manipu-
lation. Recently, studies extend 3D policy learning into the VLA domain, such as 3D-VLA [52],
GeoVLA [37], PointVLA [22], and BridgeVLA [24]. They integrate 3D geometric or depth-
aware spatial representations into large VLA frameworks. Flow-based formulations such as 3D
FlowMatch Actor [13] and ManiFlow [44] combine diffusion and flow mechanisms to improve
motion smoothness and sample efficiency. Despite these advances, current 3D policies still face
challenges in training stability, computational cost of dense 3D encoding, and redundant 3D rep-
resentations—motivating our work’s focus on a lean transformer-based 3D diffusion formulation
with scalable training.

3 Revisiting 3D Policy Learning

To enable the scaling of 3D policy learning, we first conduct a systematic investigation into why
prior methods fail to benefit from more powerful 3D backbones. Our analysis reveals a critical
insight: performance is dictated not by architectural novelty, but by several subtle yet decisive
implementation details. In this section, we present these findings and distill them into a set of
actionable training principles designed to guide future research.
Experimental Setup. We utilize RoboTwin 2.0 [6], a simulation benchmark, as our testbed to
revisit these design choices. We select five representative bimanual tasks and report success rates
as our primary metric. Additionally, we provide learning curves to evaluate learning stability.
For comprehensive experimental settings, please refer to section 5.
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3.1 Overcoming the Scaling Paradox: From BN to LN

Prior work such as DP3 [49] suggests that lightweight PointNet [31] backbones perform bet-
ter than more powerful ones. To investigate this “scaling paradox”, we replace the PointNet
backbone with a high-capacity encoder used in Uni3D [53]. This architecture employs Farthest
Point Sampling (FPS) to sample center points and k-Nearest Neighbors (k-NN) to extract
neighborhood patches, which are then processed by a Transformer initialized from 2D Vision
Transformers [10].

Our initial experiments confirm the findings in DP3: naively adopting this stronger backbone
leads to a significant performance degradation. However, further investigation identifies Batch
Normalization (BN) as the primary culprit. BN layers often struggle with the high variance
and small batch sizes typical of imitation learning.

To validate this insight, we compare four configurations: DP3 with PointNet (BN vs. LN)
and DP3 with Uni3D (BN vs. LN). As shown in Tab. 1, replacing BN with Layer Normalization
(LN) allows the Uni3D backbone to not only become trainable but to significantly outperform
PointNet. Notably, LN doesn’t degrade PointNet’s performance, suggesting it’s a more robust
default for 3D policies.

Table 1: Lessons in BN vs. LN.
We use DP3 [49] default hyperparameters for

training.

Method
Beat

Hammer
Move
Card

Place
Shoe Avg.

DP3 (PointNet+BN) 0 3 0 1.0

DP3 (PointNet+LN) 79 57 43 59.6

DP3 (Uni3D+BN) 0 0 0 0.0

DP3 (Uni3D+LN) 86 60 48 64.7

Table 2: Different encoder sizes (using
RoboTwin 2.0 [6] default 1024 points).

Tasks
tiny

(53MB)
small

(115MB)
base

(366MB)

Move Playingcard 85 92 83
Turn Switch 56 55 50
Place Shoe 87 68 70
Open Microwave 100 93 77
Beat Block Hammer 91 76 85

Average 83.8 76.8 73.0

3.2 Mitigating Overfitting through Data Augmentation

3D policy training is notoriously vulnerable to overfitting [49], often compelling researchers to
report peak performance over a range of checkpoints rather than final convergence. We address
it by introducing a data augmentation pipeline consisting of three key strategies. 1. FPS Ran-
domization: Following PointNet++ [32], we randomize the point order in each training step
for backbones utilizing FPS. This prevents the model from relying on the deterministic order
induced by the sampling algorithm, making the encoder learn more robust spatial representa-
tions. 2. Point Cloud Color Jitter: Inspired by image augmentations in Qt-Opt [9], we apply
color jittering directly to the point cloud’s RGB channels. We introduce random variations in
brightness (range [−0.125, 0.125]), contrast (range [0.5, 1.5]), and saturation (range [0.5, 1.5]).
3. Additive Noise and Dropout: We apply modest Gaussian noise to both point cloud co-
ordinates and proprioceptive vectors. Furthermore, we employ random point dropout, forcing
the network to maintain accurate predictions even from incomplete scene representations.

The impact of these augmentations is evidenced by our training and validation curves. In
Fig. 1, we observe that without augmentation, there are significant fluctuations in the learning
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Fig. 1: Comparison of learning curves with vs.
without data augmentation.
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Fig. 2: Success rates with varied decoder depth
(each point is averaged over 5 ckpts).

curves and a marked decline in success rates as training progresses. The introduction of data aug-
mentation not only stabilized the training process but also significantly improved success rates.
This improvement arises because the policy leverages a broader range of out-of-distribution
data, thereby enhancing its generalization capabilities.

4 Improving 3D Policy Architecture

4.1 Architecture Inspired by Advanced 3D Learning

We propose a unified perspective on 3D perception and 3D policy learning, observing that both
domains rely on the effective interaction between geometric features and task-specific queries. In
3D segmentation, for instance, architectures like Point-SAM [54] utilize a two-way Transformer
to iteratively update point cloud tokens and prompt tokens via cross-attention. This process
enriches prompt tokens with geometric context while conditioning point features on prompt-
specific information to highlight regions of interest. Diffusion-based policies [7] share a similar
underlying logic: observation tokens are cross-attended to noisy action queries, which are then
iteratively denoised.

Leveraging this architectural synergy, we design a scalable 3D policy that adapts proven
perception backbones for robotic control. In the following sections, we detail our high-capacity
point cloud encoder (section 4.3), our spatially-aware Diffusion Transformer action decoder
(section 4.5), and an auxiliary task (section 4.6) designed to enhance proprioceptive grounding.
Fig. 3 illustrates the complete architecture.

4.2 Preliminaries

Problem Setup. We define To as the observation horizon and Ta as the action prediction
horizon. At each timestep t, the observation Ot consists of a point cloud Pt ∈ RNP×6 (with
point colors) and a proprioceptive state qt ∈ RNq , where NP is the number of points and Nq

is the dimensionality of the robot’s configuration space. Input point clouds are sampled or
padded to a fixed size NP . The goal is to learn a policy that predicts a sequence of actions
at = {at, at+1, . . . , at+Ta−1}.
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Fig. 3: Pipeline architecture: our 3D policy architecture consists of a point cloud encoder encoding
input point clouds and a diffusion transformer to decode actions. The encoder can be pre-trained on
3D segmentation tasks.

Diffusion Formulation. We model the policy using a conditional diffusion process. Follow-
ing [7], the model learns to refine a noise sequence a(K) ∼ N (0, I) into a clean action sequence
a(0) over K iterations. At each iteration k, the model predicts the noise or the denoised ac-
tion conditioned on the observation Ot−To+1:t. In our work, we employ a Diffusion Transformer
(DiT) as the noise prediction network ϵθ.

4.3 High-Capacity 3D Geometric Encoder

Our architecture utilizes a powerful 3D encoder inspired by recent advances in point cloud
segmentation [54]. Following the insights from section 3, the encoder is a Transformer-based
backbone that exclusively uses Layer Normalization (LN) to ensure scaling stability.

The encoding process begins by partitioning the input point cloud P ∈ RNp×3 into a set of
local patches. Specifically, we use Farthest Point Sampling (FPS) to select NC center points and
k-Nearest Neighbors (k-NN) to group their local neighborhoods. Each patch is then projected
into a D-dimensional latent embedding via a lightweight PointNet [31] with LN. These patch
embeddings are augmented with positional embeddings of patch centers and then processed
through a series of self-attention layers initialized from a pre-trained 2D Vision Transformer
(ViT) [10].

Crucially, our encoder outputs a set of NC structured point tokens, F geo ∈ RNC×D, repre-
senting the fine-grained geometry of the scene. This stands in contrast to prior work DP3 [49]
where features are typically collapsed into a single global descriptor. Even in similar archi-
tectures like Uni3D [53], a [CLS] token is usually appended to extract a global feature. We
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Fig. 4: Difference between decoders used in DP3 [49] and ours. DP3 uses a global feature extracted
from the input point cloud, and conditions the denoising process via FiLM. Ours uses dense features,
and conditions the denoising process through cross-attention. Figure b) details the structure of a single
attention block.

intentionally omit this global pooling, instead preserving the full spatial resolution of the patch
tokens to provide the downstream decoder with a dense geometric representation.

4.4 Pretraining Encoder on 3D Segmentation Tasks

Besides, since we borrow the encoder structure from 3D segmentation [54], we are able to
pretrain our encoder on large-scale 3D scene datasets like ScanNet [8], ARKitScenes [1], and
PartNeXt [40]. Pre-training the 3D visual encoder serves two primary purposes. First, it injects
rich, generalizable geometric priors that substantially reduce the number of task-specific samples
required when fine-tuning on robot-centric datasets. Second, pre-training on diverse sources
improves robustness to distributional shifts encountered in real-world robotic environments
(e.g., sensor noise, partial observations, varying scene complexity).

4.5 Spatially-Aware Action Decoding

The action decoder is formulated as a Diffusion Transformer [30] that operates on a sequence of
noisy actions a

(k)
t = (a

(k)
t , a

(k)
t+1, . . . , a

(k)
t+Ta−1) at diffusion iteration k. Rather than conditioning

the denoising process on a global latent vector, our decoder performs cross-attention directly
between the action queries and the full set of geometric tokens.

The decoder processes three types of tokens, all projected into a shared D-dimensional space:

1. Geometric Tokens: The historical sequence of point cloud tokens from the observation
horizon, Fgeo = {F geo

t−To+1, . . . , F
geo
t } ∈ R(To·NP )×D.

2. Proprioception Tokens: The robot states Fprio = {F prio
t−To+1, . . . , F

prio
t } ∈ RTo×D, where

each F prio
t is generated by an MLP from qt.

3. Action Tokens: The noisy action sequence Fact = {F act
t , . . . , F act

t+Ta−1} ∈ RTa×D, where
each token F act

t is embedded from a
(k)
t via an MLP.

To incorporate temporal context, we add learnable temporal embeddings to all tokens based
on their relative timestep within To or Ta. Additionally, a sinusoidal embedding representing
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the diffusion iteration k is prepended to the action sequence. The DiT architecture uses the
observation tokens (Fgeo,Fprio) as the context for cross-attention, while the action tokens Fact

serve as the primary queries to be denoised. The final updated action tokens are decoded into
action chunks via an MLP.

A key contribution of this design is the preservation of spatial resolution. By maintain-
ing the spatial structure of the 3D features throughout the decoding process, the model retains
the precise geometric relationships between the robot and the environment. This avoids the in-
formation bottlenecks inherent in global pooling, allowing the Diffusion Transformer to attend
to specific task-relevant regions—such as a handle or a container edge—during the denoising
iterations. This results in significantly more precise action predictions, particularly for tasks
requiring fine-grained spatial reasoning.

4.6 Multi-Objective Decoding for Proprioceptive Grounding

To further regularize the learning process and improve control accuracy, we introduce an auxil-
iary task to decode task-space actions (end-effector poses) along with joint-space actions. Since
the end-effector pose is inherently linked to the joint configuration via forward kinematics, this
auxiliary objective acts as a “free lunch” that provides additional supervision without extra
data collection.

Specifically, we include an auxiliary set of action tokens eeFact = {eeF act
t , . . . ,

eeF act
t+Ta−1} ∈ RTa×D, embedded from noisy 7D task-space actions, consisting of 3D translation

(xyz) and 4D quaternions (wxyz) represented in the base frame. During the diffusion process,
the model simultaneously denoises both joint-space and task-space tokens. Notably, we employ
a causal attention mask within the self-attention layers of the decoder: while task-space tokens
attend to joint-space tokens, the joint-space tokens do not attend to the task-space ones. This
unidirectional information flow ensures that the auxiliary task provides features for propriocep-
tive grounding without interfering with or degrading the primary joint-control objective.

By leveraging the preserved spatial features, the model learns to ground its proprioception
within the 3D scene. This multi-objective optimization encourages the network to develop a
more robust internal representation of the robot’s state relative to the environment, ultimately
leading to higher joint control precision and better task-space alignment.

4.7 Network Scaling in Policy Learning

During the network design process, we systematically analyzed the impact of different encoder
sizes and decoder depths on policy performance.

Table 3: Encoder size and number of demonstra-
tions used in training (averaged on 5 RoboTwin
2.0 [6] “Easy” tasks).

Encoder Size 50 demos 100 demos 200 demos

Ours
(PointSAM-tiny) 83.8 95.3 97.8

Ours
(PointSAM-small) 76.8 89.0 92.4

Ours
(PointSAM-base) 73.0 86.5 88.2

Table 4: Encoder size (8192 points).

Encoder Size
tiny

(53MB)
small

(115MB)
base

(366MB)

Move Playingcard 65 87 72
Turn Switch 47 56 64
Place Shoe 75 79 85
Open Microwave 79 98 92
Beat Block Hammer 74 89 88

Average 68.0 81.8 80.2
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Encoder Size: We have already concluded that more advanced encoders with layer nor-
malization, such as Uni3D [53], perform better than PointNet [31]. However, for the same type
of encoder, using different ViT sizes as backbone results in significant differences in training
efficiency and memory usage. Therefore, we investigated the impact of using different ViT sizes
in the encoder on performance. Experimental results in Tab. 2 and Tab. 4 show that selecting
proper encoder sizes when dealing with different sizes of point clouds is crucial. We find that
under the standard RoboTwin 2.0 [6] setting which parse the scene into 1024 points, ViT-tiny
(53MB) is the optimal choice. While in real-world experiments (see section 5.3) which uses
8192 points as input, a larger encoder such as ViT-small(115MB) is preferred. These results
indicate that as the density of the point cloud increases, it is necessary to appropriately scale
the ViT size within the visual encoder to ensure sufficient representational capacity for process-
ing larger-scale point cloud data. Note that we pre-train each encoder using the corresponding
number of points as input.

In Tab. 3, under the 1024-point setting, we also scale the ViT sizes when dealing with
different numbers of demonstrations for training. While we observe significant performance
improvements across all encoder sizes as the number of policy training demonstrations increases,
the ViT-tiny backbone consistently achieves the best results at 50, 100, and 200 demonstrations.

Decoder Depth: We observed that the recent 3D policy ManiFlow [44] consistently uses a
12-layer DitX [30] decoder across all benchmarks and settings. However, networks with exces-
sively deep layers can lead to severe overfitting. Therefore, we analyzed the impact of different
decoder depths (in our method, it refers to the number of attention blocks detailed in Fig. 4 b)
on policy performance. As shown in Fig. 2, when using the standard RoboTwin 2.0 [6] configu-
ration (50 demonstrations for training), we found that decoders with 4 and 8 attention blocks
showed significant performance advantages, and further increasing the decoder size beyond 8
blocks did not lead to performance improvements. Considering the trade-off between perfor-
mance and efficiency, we adopted a decoder with 4 attention blocks in subsequent experiments.

5 Experiment

5.1 Simulation Experiments

Fig. 5: Simulation Settings: The point clouds shown below are generated by cropping the table and
the ground, followed by downsampling to 1024 points each.

Simulation Environment. We evaluate our method on two widely-used simulation bench-
marks, RoboTwin 2.0 [6] and ManiSkill2 [15]. RoboTwin 2.0 [6] is a scalable benchmark for
evaluating robust bimanual manipulation across 50 tasks. It features an “Easy” setting with
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Table 5: Success Rate (%) on RoboTwin 2.0 [6] benchmark.

(a) RoboTwin 2.0 “Easy” Setting

Method \Task
Beat

Hammer
Move
Card

Turn
Switch

Open
Micro.

Place
Shoe Avg.

DP+eVGGT [39] 17 4 29 69 9 25.6
Spatial Forcing [23] 47 60 37 85 22 50.2
DP3 [49] 72 68 46 61 58 61.0
RDT [27] 77 43 35 37 35 45.4
DP [7] 42 47 36 5 23 30.6
ManiFlow [44] 94 74 43 98 56 73.0
Ours 91 85 56 100 87 83.8

(b) RoboTwin 2.0 “Hard” Setting

Method \Task
Beat

Hammer
Lift
Pot

Adjust
Bottle

Burger
Fries

Press
Stapler Avg.

ACT+eVGGT [39] 7 2 20 10 14 10.6
DP+eVGGT [39] 18 14 52 26 20 26.0
DP3 [49] 8 10 62 18 15 22.6
RDT [27] 9 12 50 20 20 22.2
ManiFlow [44] 31 65 96 72 44 61.6
Ours 37 67 98 95 27 64.8

Table 6: Success Rate (%) on ManiSkill2 [15] benchmark.

Method \Task
Pick
Cube

Stack
Cube

PegIns.
Grasp

PegIns.
Align

PegIns.
Insert Average

DP+SPuNet [55] 71 4 82 9 1 33.4
DP+PointNet [55] 70 0 83 16 1 34.0
ACT+PonderV2 [55] 87 35 65 23 2 42.4
DP3 [49] 57 14 41 3 0 23.0
Ours 97 24 97 75 21 55.2

clean environments and a “Hard” setting that challenges policy robustness and generalization
via strong domain randomization (e.g., random irrelevant objects, varying lighting and textures,
larger pose variances). ManiSkill2 [15] is a unified benchmark for manipulation skills, supported
by a large-scale dataset of over 4 million demonstration frames.
Experiment Setup. For RoboTwin 2.0 [6], we curated five distinct tasks for the “Easy” and
“Hard” configurations, respectively. We follow the official setting to use 50 demos for each task
using point clouds cropped to 1024 points.
For ManiSkill2 [15], we selected three representative tasks spanning both short and long
horizon scenarios to evaluate the model’s performance across varying temporal scales. For the
“PegInsertionSide” task, we followed the method in Point Cloud Matters [55], splitting the
task into three subtasks: “PegInsertion-Grasp”, “PegInsertion-Align”, and “PegInsertion-Insert”,
which represent three states of this long-horizon task. For the “PickCube” task, we visualized the
goal point as a green sphere within the point cloud for better representing of the goal position.
For each ManiSkill2 [15] task, we collected 1000 demonstrations with cropped point clouds (with
the ground removed). In addition, we downsample point cloud to 1024 points using Farthest-
Point-Sampling. Fig. 5 shows visualizations of the selected tasks and their corresponding point
clouds. We report the success rate as the evaluation metric for these two benchmarks.
Experimental Results. As shown in Tab. 5 and Tab. 6, our method outperforms the 2D image-
based, 2.5D RGBD-based, and 3D pointcloud-based baselines across two simulation benchmarks
with following highlights:
Generalization. As illustrated in Fig. 5, the RoboTwin 2.0 “Hard” setting introduces sig-
nificant challenges to models’ generalization capabilities, featuring random distractors, massive
objects, diverse textures, variable table heights, and lighting interference. Despite these complex-
ities, our method demonstrates superior robustness. In Tab. 5b, we achieve the highest success
rates, demonstrating strong generalization ability in complex, unstructured environments.
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Fine-grained Manipulation Task “PegInsertion” is challenging since it requires high spatial
understanding of the environment to adjust the pose of the peg and accurate action generation
to insert the peg into the hole. As shown in Tab. 6, while baselines suffer significant performance
drops during the fine-grained Align and Insert stages (e.g., 23% and 2% for ACT+PonderV2),
our method maintains success rates of 75% and 21%, respectively. Utilizing spatially aware
dense features conditioning designs, our methods preserve the spatial resolution of 3D features,
yielding better 3D understanding of fine-grained geometric details required for high-precision
tasks.

5.2 Ablation Study

Table 7: Ablation Study on Different Methods and Components (%).

Methods
Place
Shoe

Move
Card.

Beat
Hammer

Turn
Switch Average

Pretrained PointSAM (Global Feat. Cond.) 60 76 86 28 62.50
Pretrained PointSAM (Dense Feat. Cond.) 92 70 94 54 77.50
Train-from-Scratch PointSAM (Dense Feat. Cond.) 60 58 90 55 65.75
(Ours) Pretrained-PointSAM (Dense) + Aux. EE 87 85 91 56 79.75
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(a) Diffusion conditioned on global feature vs. attention-
based spatially-aware dense feature.
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(b) Pretrained encoder vs. train-from-scratch encoder.

Fig. 6: Ablation study on different encoder design choices.

Here are some conclusions drawn from ablation studies (Tab. 7 and Fig. 6):

– Replacing the global feature conditioning with our attention-based spatially aware dense
feature conditioning yields a significant performance improvement (Tab. 7) and more stable
training (Fig. 6a).

– Encoder pretraining is effective, yielding better performance compared to training from
scratch (Fig 6b).

– Incorporating auxiliary end-effector (EE) prediction yields a modest improvement in the
average success rate.

5.3 Real-World Experiments

Experimental Design for 3D Spatial Understanding. We further evaluate 3D Policies
on a real-world robotic manipulation platform. We use an xArm6 robot arm with two Intel
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Fig. 7: Real-world setup. Fig. 8: Illustration of real-world settings and 3 real-world ma-
nipulation tasks.

RealSense D435 RGB-D cameras (1 eye-to-hand and 1 eye-in-hand). We design 3 real-world
tasks (see Fig. 8) to validate the 3D understanding capabilities of policies. Specifically, they
are a pose-constrained pick-and-place tasks—(a) Place Kettle on Stove—where successful
execution entails grasping at the thin handle of the kettle and placing the kettle at designated lo-
cations with strictly defined spatial poses, an articulated-object manipulation task—(b) Open
Drawer , and a soft-body manipulation task—(c) Fold Towel . During the evaluation of each
task, we introduce varied object poses (random position and orientation) to test the generaliz-
ability of all methods.

We collect 50 teleoperated demonstrations for training each task. Raw depth maps from
sensors are enhanced using CDM [26]; multi-view clouds are transformed to the robot base
frame, cropped, and subsampled to 8,192 points via Farthest-Point-Sampling (FPS). We com-
pare our method (using ViT-tiny, the same as simulation experiment settings) against baselines
including DP3 [49], DP [7], ManiFlow [44], Pi0 [3] using the exact same real-time fused point
cloud input. Each data point is evaluated on 50 trials. See results in Tab. 8.

Table 8: Success Rates (%) on Different Types of Real-World Tasks.

Task Type Task DP [7] Pi0 [3] DP3 [49] ManiFlow [44] Ours

Pick and Place Place Kettle 64 46 40 36 76
Articulated Object Open Drawer 46 48 28 46 64
Soft-body Object Fold Towel 36 62 54 60 66

Average 48.7 52.0 40.7 47.3 68.7

Number of Camera Views: Previous 3D policies like DP3 [49] and ManiFlow [44] often
rely on a single eye-to-hand camera setting, thereby underutilizing the inherent capacity
of point cloud representations to naturally fuse multi-view observations. To further
investigate, we evaluate the performance of all methods under two distinct settings: single-view
(using only one eye-to-hand camera) and two-view configurations. Given that the pre-training of
Pi0 [3] relies on two views, only its two-view evaluation results are reported. Results are reported
in Tab. 9, where all the methods show improvements when adding a second camera, and our
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Table 9: Point Cloud from Single Camera View vs. Two Camera Views.

Task
DP [7] Pi0 [3] DP3 [49] ManiFlow [44] Ours

Single Two Single Two Single Two Single Two Single Two

Place Kettle 28 64 - 46 18 40 20 36 40 76
Open Drawer 36 46 - 48 12 28 40 46 52 64
Fold Towel 28 36 - 62 48 54 54 60 62 66

Average 30.7 48.7 - 52.0 26.0 40.7 38.0 47.3 51.3 68.7

method outperforms all baselines under both settings. In single-view experiments, we observe
policies exhibit larger errors in tasks requiring fine-grained positional control (e.g., grasping a
kettle handle or precisely aligning the kettle within a circular stove burner), and are prone to
freezing mid-execution. Our spatially aware dense feature conditioning design not only yields
better utilization of multi-view geometry, but also maintain robust performance with limited
viewpoints.

Robustness to external interference: Point cloud color information is necessary for
certain tasks (e.g., placing a “blue” block on top of a “red” block). However, in real-world
scenarios, point cloud colors are easily affected by changes of scene lighting at different times.
To evaluate robustness to color variations, we introduce disco light illumination (see Fig. 7)
that dynamically changes scene colors during evaluation, and test all methods under such
environmental interference. In Tab. 10, we observe performance degradation of all methods,
however, our method maintains good performance and shows strong robustness under dynamic
lighting conditions.

Table 10: Success Rate (%) under Normal and Disco Light.

Task
DP [7] Pi0 [3] DP3 [49] ManiFlow [44] Ours

Nor. Disc. Nor. Disc. Nor. Disc. Nor. Disc. Nor. Disc.

Place Kettle 64 44 46 40 40 32 36 32 76 58
Open Drawer 46 34 48 38 28 22 46 36 64 56
Fold Towel 36 32 62 54 54 38 60 54 66 62

Average 48.7 36.7 52.0 44.0 40.7 30.7 47.3 40.7 68.7 58.7

6 Conclusion

In conclusion, we address critical stability bottlenecks in 3D policy learning by proposing a
robust transformer-diffusion architecture. Our approach significantly outperforms state-of-the-
art baselines, establishing a scalable and effective foundation for generalizable 3D imitation
learning.
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A More Real-world Experiments

To further illustrate the performance of our approach across more diverse tasks, we provide
supplementary experiments on three additional tasks beyond those in the main paper, and
summarize the results on all 6 tasks in Tab. A. As demonstrated, our approach achieves con-
sistently strong performance across a total of six tasks spanning four distinct task types.

Table A: Success Rates (%) on 6 Real-World Tasks in 4 Types.

Long-Horizon Pick & Place Articulated Soft Body

Model
Stack Three

Blocks
Place
Cup

Fit
Banana

Place
Kettle

Open
Drawer

Fold
Towel

Avg.

DP3 [49] 2 12 42 40 28 54 29.7
DP [7] 12 58 48 64 46 36 44.0
Ours 12 82 64 76 64 66 60.7

B Real-World Implementation Details

B.1 Task Details for 6 Tasks (with 4 distinct Task Types)

Tasks description and success criteria:

– Place Cup: A vertically standing cup is initially placed in the right-half region of a 60 cm
× 40 cm foam board, with yaw uniformly randomized over 360◦ around the axis normal
to the board. Success: the cup is grasped and placed upright into either the left or right
target hole and released stably. Typical failures: the cup misses the hole (stops short or
collides with the rim), or tips over instead of standing inside the hole.

– Fit Banana on Plate: A plate is fixed on the same 60 cm × 40 cm foam board, centered
on the mid-line and shifted 10 cm to the right; a banana-shaped object is placed 10–15 cm
to the left of the plate, with yaw uniformly randomized over 360◦. Success: the banana
is grasped, placed fully inside the plate area, and released without touching the outer
boundary. Typical failures: the banana is not fully on the plate, drifts to the edge, or
collides with the plate rim.

– Stack Three Blocks: Three wooden blocks are initialized near the centers of three 20 cm ×
40 cm cells obtained by partitioning the 60 cm × 40 cm foam board along its long side; each
block center is jittered within ±5 cm, and block orientations remain nearly fixed. Success:
all three blocks are sequentially transported to the central stacking region to form a stable
three-block tower. Typical failures: misaligned placement causing tower collapse, leaving
one block unmoved, or stopping after only a partial stack.

– Place Kettle on Stove: A kettle is randomly positioned within a 20 cm × 20 cm rectan-
gular region, with orientation facing forward and rotating within ±60◦. Success: the kettle
is grasped by its handle, placed on the stove such that the kettle center aligns with the blue
target region on the stove, and released stably. Typical failures: failure to grasp the kettle
handle, placement position offset.
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– Open Drawer: A drawer stack (three drawers) is placed within an L-shaped region com-
posed of a 70 cm × 20 cm rectangle plus a 20 cm × 20 cm rectangle, with orientation rotated
90◦. The front-facing drawer must be opened. Success: the drawer is grasped by its handle
and pulled open to at least 50% of its full extension. Typical failures: failure to grasp the
handle, drawer pulled only a short distance.

– Fold Towel: A towel is randomly positioned on a tablecloth within a 70 cm × 50 cm region,
with orientation parallel to the table edge and rotating within ±30◦. Success: the towel is
grasped and folded such that both sides align. Typical failures: failure to grasp the towel,
misaligned sides after folding.

Episode Termination and Failure Definition. Each trial runs for up to 60 seconds. A trial is
marked as failure if:

– the robot becomes stuck with no meaningful motion, or
– the task is not successfully completed within the 60-second limit.

Evaluation Protocol. Each method is evaluated for 50 trials per task. All methods share
identical sensing, fusion, cropping, and control settings.

B.2 Point cloud processing and visualization

Point Cloud Processing Pipeline. For each demonstration episode, we reconstruct a unified
colored point cloud in the robot base frame using a standardized multi-view RGBD pipeline:

1. RGBD information pre-processing: For each camera, raw RGB and (optionally CDM
(Camera Depth Model [26])-enhanced) depth maps are undistorted and back-projected
into 3D using calibrated intrinsics.

2. Unified coordinate transformation: Point clouds from eye-to-hand view and eye-in-
hand view are individually back-projected and transformed into the base frame using the
camera extrinsics obtained from hand-eye calibrations using EasyHeC++ [16].

3. Multi-view merging: The two transformed point clouds are concatenated into a single
dense colored cloud containing 200k − 400k points.

4. Workspace cropping: A fixed workspace box removes irrelevant background:
x ∈ [−0.5, 0.82], y ∈ [−0.7, 0.8]

5. Geometry-preserving downsampling: The cropped cloud is reduced to 8,192 points
using farthest point sampling (FPS) during training, which preserves coverage of ma-
nipulable surfaces and object geometry.

6. Real-time inference: During deployment, point clouds are generated online at ∼30 Hz.
CDM is disabled for latency; raw RGB–D frames are fused, transformed, merged, cropped,
and uniformly sampled to 8,192 points.

Point Cloud Visualization. We include representative visualizations to illustrate the point clouds
used during training and inference.

Training Setup. We collect 50 human teleoperated demonstrations per task. Raw depth
maps are enhanced using the Camera Depth Model (CDM) [26]. CDM-refined depth is fused
with RGB into colored point clouds, transformed to the robot base frame, merged, workspace-
cropped, and subsampled to 8,192 points via FPS. All models are trained for 1,000
epochs.
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(a) Eye-to-hand view (base frame) (b) Eye-in-hand view (base frame)

(c) Merged + cropped (8192 pts) (d) Zoom-in view of training point cloud

Fig.A: Point cloud processing pipeline. (a–b) point clouds from eye-to-hand view and eye-in-hand
view are individually back-projected and transformed into the base frame. (c) Merged and cropped
point cloud downsampled to 8,192 points via FPS during training. (d) Zoom-in view showing geometric
details.

C Pre-training on large scale 3d datasets

C.1 Pre-training data

Our pre-training corpus is primarily anchored by indoor scene scans (ScanNet [8] and ARK-
itScenes [1]), while being augmented by a synthetic dataset with part-level annotations (Part-
NeXt [40]). To align with the input configuration of the proposed framework, we downsampled
all point cloud samples to 1024 or 8192 points. Specifically, as representing comprehensive in-
door scenes with only 1024 or 8192 points results in excessive sparsity that impedes effective
training, we employed a block partitioning strategy. This involves slicing large-scale scenes into
smaller blocks to preserve local geometric details. Furthermore, the inclusion of PartNeXt is
motivated by its multi-granularity segmentation, which provides rich geometry of individual
objects, thereby facilitating the model’s transferability to robotic perception tasks.

C.2 Pre-training details

We followed the training protocol established by PointSAM [54] to pre-train our 3D visual
encoder. While PointSAM originally employs Voronoi tessellation for point cloud patchification,
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Fig. B: Real-time fused point cloud used during inference. Point clouds are updated at ∼30 Hz
and follow the same merging, base-frame transformation, and cropping conventions used in the training
pipeline.

we empirically found that a k-Nearest Neighbor (k-NN) based grouping strategy aligns better
with our specific data distribution and objectives; thus, we replaced the Voronoi module with
k-NN to enhance local feature aggregation. Furthermore, the original PointSAM leverages the
Uni3D [53]-large Vision Transformer (ViT-large) backbone to process high-resolution point
clouds. In contrast, since our framework normalizes inputs to a fixed density of 1024 or 8192
points, utilizing such a heavy backbone would introduce unnecessary computational redundancy.
Consequently, we adopted the more lightweight ViT-tiny, ViT-small, and ViT-base variants as
the ViT backbones. Correspondingly, we scaled down the embedding dimensions and related
hyperparameters to match this lightweight architecture. The PointSAM model was trained for
40 epochs on 8 NVIDIA H20 GPUs. We then utilized the pre-training weights to initialize our
encoders.

D Simulation Training Data Pre-processing

We observed that training samples containing static states—defined as consecutive frames
with a joint action difference of zero—cause the policy to overfit to these stationary moments,
resulting in the robot freezing indefinitely during execution. To address this, similar to the
trajectory sampling method in AirExo-2 [11], we filtered out these static frames to improve the
stability and speed of training.
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E Implementation Details in Simulation Experiments

E.1 RoboTwin 2.0 [6] “Easy”

– RDT [27] is pretrained for 100,000 steps with a batch size of 16 per GPU on 8 GPUs, and
all single-task fine-tuning was conducted for 10,000 steps with a batch size of 16 per GPU
on 4 GPUs.

– Pi0 [3] is pretrained for 100,000 steps with a batch size of 32, and all fine-tuning was
performed for 30,000 steps using the same batch size.

– DP [7] is trained for 600 epochs with a batch size of 128 and a planning horizon of 8.
– DP3 [49] is trained for 3,000 epochs with a batch size of 256, using a planning horizon of

8 and a point cloud resolution of 1,024, with precise segmentation of the background and
tabletop.

– Spatial Forcing [23] employs π0 on Robotwin 2.0 [6] as the base model, which uses the
PaliGemma as the VLM backbone. We train Spatial Forcing based on π0 with LoRA on 1
NVIDIA H100 for 30k iterations. To ensure fairness, all training and evaluations follow the
official settings.

– DP+eVGGT utilizes the VGGTS encoder (initialized with distilled weights from RoboTwin
2.0 [6]) as the frozen vision backbone within the UNet-based Diffusion Policy. The model is
configured with a horizon of 8, 3 observation steps, and 6 action steps, using down-sampling
dimensions of [256, 512, 1024]. It was trained for 100 epochs with a batch size of 48.

– Ours is trained for 1000 epochs with a batch size of 256, using a planning horizon of 16
and a point cloud resolution of 1024.

E.2 RoboTwin 2.0 [6] “Hard”

– DP+evggt [39] utilizes the VGGTS encoder (initialized with distilled weights from RoboTwin
2.0 [6]) as the frozen vision backbone within the UNet-based Diffusion Policy. The model is
configured with a horizon of 8, 3 observation steps, and 6 action steps, using down-sampling
dimensions of [256, 512, 1024]. It was trained for 60-80 epochs with a batch size of 48.

– ACT+evggt [39] is trained under a unified setup with a chunk size of 50, batch size of 8,
and single-GPU training for 6,000 epochs. During deployment, we applied temporal_agg
for temporal aggregation to improve execution stability.

– DP3 [49] is trained for 3,000 epochs with a batch size of 256, using a planning horizon of
8 and a point cloud resolution of 1,024, with precise segmentation of the background and
tabletop.

– RDT [27] is pretrained for 100,000 steps with a batch size of 16 per GPU on 8 GPUs, and
all single-task fine-tuning was conducted for 10,000 steps with a batch size of 16 per GPU.

– ManiFlow [44] adopts a Transformer-based architecture (DiTX block) with 12 layers, 8
attention heads, and an embedding dimension of 768. It utilizes a DP3Encoder (PointNet-
based) to process point cloud inputs with 128 downsampled points. The model was trained
for 1,000 epochs with a batch size of 384 on a single 24GB NVIDIA RTX 4090 GPU.

– Ours is trained for 1000 epochs with a batch size of 256, using a planning horizon of 16
and a point cloud resolution of 1024.
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E.3 Maniskill2 [15]

– DP+SPuNet [55] employs the SPuNet34 architecture (adapted from Pointcept) as the
encoder within the official UNet-based Diffusion Policy framework. It is trained for 1,800
epochs with a batch size of 32, a prediction horizon of 16, 8 action steps, and 2 observation
steps. The diffusion network uses down-sampling dimensions of [512, 1024, 2048] and a
diffusion step embedding dimension of 128.

– DP+PointNet [55] utilizes the standard PointNet encoder integrated with the Diffusion
Policy. Adhering to the unified diffusion settings, it is trained for 1,800 epochs using the
AdamW optimizer (weight decay 0.05) and OneCycle scheduler. The policy operates with
a horizon of 16, performed on a single NVIDIA RTX 3090/4090 GPU.

– ACT+PonderV2 [55] combines the Action Chunking Transformer with the PonderV2
backbone (which adopts the SPuNet34 architecture). The ACT policy is configured with 4
encoder layers, 7 decoder layers, a hidden dimension of 512, and a latent dimension of 32
with a KL divergence weight of 10.0. It is trained for 500 epochs with a chunk size of 100
(for ManiSkill2 [15]) and applies temporal ensembling with an exponential decay factor of
k = 0.01 during inference.

– DP3 [49] is trained for 1,000 epochs with a batch size of 2048 without point cloud rgb, using
a planning horizon of 8 and a point cloud resolution of 1,024, with precise segmentation of
the background.

– Ours is trained for 1000 epochs with a batch size of 2048 with point cloud colors, using a
planning horizon of 16 and a point cloud resolution of 1024.
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