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(a) 3D Diffusion Policy (DP3) vs. Diffusion Policy: Better, Faster, Stronger.

Abstract—Imitation learning provides an efficient way to teach
robots dexterous skills; however, learning complex skills robustly
and generalizablely usually consumes large amounts of human
demonstrations. To tackle this challenging problem, we present
3D Diffusion Policy (DP3), a novel visual imitation learning ap-
proach that incorporates the power of 3D visual representations
into diffusion policies, a class of conditional action generative
models. The core design of DP3 is the utilization of a compact
3D visual representation, extracted from sparse point clouds
with an efficient point encoder. In our experiments involving
72 simulation tasks, DP3 successfully handles most tasks with
just 10 demonstrations and surpasses baselines with a 24.2%
relative improvement. In 4 real robot tasks, DP3 demonstrates
precise control with a high success rate of 85%, given only 40
demonstrations of each task, and shows excellent generalization
abilities in diverse aspects, including space, viewpoint, appear-
ance, and instance. Interestingly, in real robot experiments,
DP3 rarely violates safety requirements, in contrast to baseline
methods which frequently do, necessitating human intervention.
Our extensive evaluation highlights the critical importance of 3D
representations in real-world robot learning. Code and videos are
available on 3d-diffusion-policy.github.io .

I. INTRODUCTION

Imitation learning provides an efficient way to teach robots
a wide range of motor skills, such as grasping [68 160, 82,
legged locomotion [40], dexterous manipulation [1} [16], hu-
manoid loco-manipulation [54]], and mobile manipulation [57}

Number of Demonstrations

50

(b) We evaluate DP3 in diverse simulated and real tasks.

Fig. 1: 3D Diffusion Policy (DP3) is a visual imitation learning algorithm that marries 3D visual representations with diffusion policies,
achieving surprising effectiveness in diverse simulation and real-world tasks, with a practical inference speed.

12]. Visual imitation learning, which takes high-dimensional
visual observations such as images or depth maps, eases the
need for task-specific state estimation and thus gains the
popularity [10, (60l 82} [11}, [20]].

However, the generality of visual imitation learning comes
at a cost of vast demonstrations [16} 10, [11]. For example, the
state-of-the-art method Diffusion Policy [10] necessitates 100
to 200 human-collected demonstrations for each real-world
task. To collect the required extensive number of demonstra-
tions, the entire data-gathering process can span several days
due to its long-horizon nature and failure-prone process. One
solution is online learning [16], where the policy continues to
evolve through interaction with environments and a learned
reward function from expert demonstrations. Nevertheless,
online learning in real-world scenarios introduces its own
challenges, such as safety considerations, the necessity for
automatic resetting, human intervention, and additional robot
hardware costs. Therefore, how to enable (offline) imitation
learning algorithms to learn robust and generalizable skills
with as few demonstrations as possible is a fundamental
problem, especially for practical real-world robot learning.

To tackle this challenging problem, we introduce 3D Dif-
fusion Policy (DP3), a simple yet effective visual imitation
learning algorithm that integrates the strengths of 3D visual
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representations with diffusion policies. DP3 encodes sparsalyailable on https://github.com/YanjieZe/3D-Diffusion-Palicy.
sampled point clouds into a compact 3D representation using

a straightforward and ef cient MLP encoder. Subsequently, Il. RELATED WORK

DP3 denoises random noise into a coherent action sequencepiffusion Models in Robotics

conditioned on this compact 3D representation and the robotD.f_r . .
poses. This integration leverages not only the spatial under- tiusion models, a category qf ggneratwe models that
standing capabilities inherent in 3D modalities but also trperogresswely transform r‘_andgm noise |r_1to a data sample, have
expressiveness of diffusion models. achieved great success in high- delity image generation [23,

To comprehensively evaluate DP3, we have developedB% 51, 62]. Owing to their impressive expressiveness, diffu-

. X Iy . ; gion models have recently been applied in robotics, including
simulation benchmark comprising 72 diverse robotic tasis elds such as reinforcement learning [70, 2], imitation
from 7 domains, alongside 4 real-world tasks including Cha\garnin [10, 39, 50, 72, 64, 41] rewar% Iea'rnin’ 25 37]
lenging dexterous manipulation on deformable objects. Ourraspingg [7’1 6’6 él] ,and' mot,ion planning [5% 27’] In,
extensive experiments demonstrate that although DP3 is cﬁ% work wé foc’us or,1 representing visuomotor p;oliciés as
ceptually straightforward, it exhibits several notable adva?:bnditionél diffusion models, referred to asiffusion poli
tages ove.r 2D-based dlf‘f.USIOH policies and other basglmes:cies following the framework established in [10, 39]. Unlike
1) Efciency & Effectiveness. DP3 not only achieves prior methods that primarily focus on images and states as

superior accuracy but also does so with signi cantlggngitions, we pioneer in incorporating 3D conditioning into
fewer demonstrations and fewer training steps. diffusion policies.

2) Generalizability. The 3D nature of DP3 facilitates gen-
eralization capabilities across multiple aspects: spad®, Visual Imitation Learning

3 \éle;/vp%mt,l mstanceAan'd appegrancg. . Imitation learning offers an efcient way for robots to
) Safe deployment. An interesting observation in Ouracquire human-like skills, typically relying on extensive

real-world e_xperlments is that DP3. seldom gives erratacoservation-action pairs from expert demonstrations. Given the
commands n real-worlpi _tasks, unlike basehpe methg ﬁallenges in accurately estimating object states in the real
which pften do and exhibit unexpected behaviors, POSINGr1d, visual observations such as images have emerged as
potential damage to the robot hardware. a practical alternative. While 2D image-based policies [38,
We conduct several analyses of our 3D visual represent, 10, 35, 16, 56, 68, 15] have predominated the eld, the
tations. Intriguingly, we observed that while other baselinggni cance of 3D is increasingly recognized [60, 82, 80, 14,
methods, such as BCRNN_[35] and IBC [11], benet from3, 28, 69].
the incorporation of 3D representations, they do not achieveRecent 3D-based policies, including PerAct [60], GNFac-
enhancements comparable to DP3. Additionally, DP3 consigr [82], RVT [14], ACT3D [13], and NeRFuser [74], have
tently outperforms other 3D modalities, including depth anflemonstrated notable advancements in low-dimensional con-
voxel representations, and surpasses other point encoders fiketasks. However, these works face two primary challenges:
PointNeXt [46] and Point Transformer [84]. These ablatiofn) impractical setting. These methods convert the imitation
studies highlight that the success of DP3 is not just due [@arning problem into a prediction-and-planning paradigm
the usage of 3D visual representations, but also because of§fhg keyframe pose extraction. While effective, this formu-
careful design. lation is less suitable for high-dimensional control tasks. (2)
In summary, our contributions are four-fold: Slow inference.The intricate architectures of these methods
1) We propose 3D Diffusion Policy (DP3), an effectiveesult in slow inference speeds. For instance, PerAct [60]
visuomotor policy that generalizes across diverse aspetigs at an inference speed of 2.23 FPS, making it hard to
with few demonstrations. address tasks that require dense commands, such as highly
2) To reduce the variance brought by benchmarks and tastghamic environments. Another closely related work 3D Dif-
we evaluate DP3 in a broad range of simulated and reéikser Actor [28] runs at 1.67 FPS mainly due to the usage of
world tasks, showing the universality of DP3. attention to language tokens and the difference in the task
3) We conduct comprehensive analyses on visual repﬁattind‘. Compared to this line of works, we endeavor to
sentations in DP3 and show that a simple point cloudevelop a universal and fast 3D policy capable of tackling
representation is preferred over other intricate 3D repre-

sentations and is better suited for diffusion policies over The inference speed depends on a number of factors, such as the number
. of camera views used, the input observation size in pixels, the number of
other policy backbones. diffusion timesteps and the temporal horizon of prediction. Since the two
4) DP3is able to perform real-world deformable object maapers tested on different setups, the authors of 3D Diffuser Actor [28] used
nipulation using a dexterous hand with 0n|y 40 demorP3's code to set it up on CALVIN, a multi-task language-conditioned setup.

. d . h | high-di . They equipped DP3 with attention to language tokens, identical to their model
strations, demonstrating that complex high- |menS|on@L fair comparison. They used two cameras to unproject and obtain a point

tasks could be handled with little human data. cloud. They ran both DP3 and 3D Diffuser Actor on the same NVIDIA 2080

DP3 hasi th f . 3D tati Ti GPU. Inference for 3D Diffuser Actor takes 600ms and predicts 6 action
emphasizes the power of marrying representatiofigys. inference for DP3 takes 581ms and predicts 4 action steps. As a result,

with diffusion policies in real-world robot learning. Code ishe control frequency of 3D Diffuser Actor on CALVIN is higher than DP3's.
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a broader spectrum of robotic tasks, encompassing both higli-the tasks, which is different from previous works [10, 18]

dimensional and low-dimensional control tasks. that set up multiple cameras around robots. This is primarily
) ) chosen for its practical applicability in real-world tasks.
C. Learning Dexterous Skills Representing 3D scenes with point cloudsThe 3D

Achieving human-like manipulation skills in robots hascene could be represented in different ways, such as RGB-
been a longstanding objective pursued by robotics research@&smages, point clouds, voxels [7], implicit functions [36],
Reinforcement learning has been a key tool in this eand 3D gaussians [29]. Among them, DP3 uses sparse point
deavor, enabling robots with dexterous hands to masterclauds as the 3D representation. As evidenced in our ablations
variety of tasks, such as pouring water [47, 81], openingee Table IV), point clouds are found to be more ef cient
doors [49, 21, 8], rotating objects [44, 76, 78, 45], reorientingopmpared to other explicit representations, such as RGB-D,
objects [18, 7, 6], spinning pens [33], grasping tools [1Hepth, and voxels.
executing handovers [83, 24], and building Legos [9]. Imi- For both simulation and the real world, we obtain depth
tation learning offers another pathway, with approaches lik@mages with sizeB4 84 from a single camera. We then
DIME [3] and DexMV [47] translating human hand move-convert depth into point clouds with camera extrinsics and
ments into robotic actions through retargeting and enabliigrinsics. We do not use color channels for better appearance
learning from human videos. Our work, however, divergegeneralization.
from these speci ¢ design-centric methods. We demonstratePoint cloud processing.Since the point clouds converted
that enabling the acquisition of these complex skills witfrom depth may contairedundantpoints, such as points from
minimal demonstrations could be achieved by improving thie table and the ground, we crop out these points and only
imitation learning algorithm itself. leave points within a bounding box.

We further downsample points by farthest point sampling
(FPS, [42]), which helps cover the 3D space suf ciently and

Given asmall set of expert demonstrations that containeduces the randomness of point cloud sampling, compared to
complex robot skill trajectories, we want to learn a visuomotamiform sampling. In practice, we nd downsamplirid.2 or
policy : O 7! A that maps the visual observation®2 O 1024 points is suf cient for all the tasks in both simulation
to actionsa 2 A, such that our robots not only reproducend the real world.
the skill but also generalize beyond the training data. To this Encoding point clouds into compact representationsWe
end, we introduc&D Diffusion Policy (DP3), which mainly then encode point clouds into compact 3D representations
consists of two critical parts: (dferception. DP3 perceives with a lightweight MLP network, as shown in Figure 2. The
the environments with point cloud data and processes themgwork, termed a®P3 Encodey is conceptually simple: it
visual observations with an ef cient point encoder into visuatonsists of a three-layer MLP, a max-pooling function as an
features; (b)Decision. DP3 utilizes the expressive Diffusionorder-equivariant operation to pool point cloud features, and a
Policy [10] as the action-making backbone, which generatprojection head to project the features into a compact vector.
action sequences conditioning on our 3D visual features. AmyerNorm layers are interleaved to stabilize training [22].
overview of DP3 is in Figure 2. We will detail each part inThe nal 3D feature, denoted ag, is only 64 dimension.

Il. METHOD

the following sections. As shown in our ablation studies (see Table V), this simple
o encoder could even outperform pre-trained point encoders
A. A Motivating Example such as PointNeXt [46], aligning with observations from [20],

To better illustrate the generalization ability of DP3, we rsivhere a properly designed small encoder is better than pre-
give a straightforward example. We use the MetaWorld Reatriained large encoders in visuomotor control tasks.
task [77] as our testbed. In this task, the goal is for the gripper
to accurately reach a designated target point. To evaluate
the effectiveness of imitation learning algorithms in not only Conditional action generation. The decisionmodule in
tting training data but also generalizing to new scenarios, weP3 is formulated as a conditional denoising diffusion
visualize the training points and the successful evaluation model [23, 10, 39] that conditions on 3D visual features
points in 3D space, as shown in Figure 3. We observe ttid robot poses), then denoises a random Gaussian noise
with merely ve training points, DP3 reaches points distributethto actionsa. Speci cally, starting from a Gaussian noia€
over the 3D space, while for 2D-based methods, Diffusidhe denoising network performsK iterations to gradually
Policy [10] and IBC [11] learn to reach within a plane-likedenoise a random nois into the noise-free actiog?,
area, and BCRNN [35] fa_ils to Cover_the_space. This _example ak =, o « aSkvig + «N©OD: (D)
demonstrates the superior generalization and efciency of
DP3, particularly in scenarios where available data is limitedthereN (0; 1) is Gaussian noise,x, k, and g are functions

i of k and depend on the noise scheduler. This process is also

B. Perception called thereverse procesg23].

We now detail theperceptionmodule in DP3. DP3 focuses Training objective. To train the denoising network , we
on only utilizing asingle-viewcamera for policy learning for randomly sample a data poiaf from the dataset and do a

Decision



Fig. 2: Overview of 3D Diffusion Policy (DP3). Above:ln the training phase, DP3 simultaneously trains its perception module
and decision-making process in an end-to-end manner using expert demonstrations. During evaluation, DP3 determines action:
based on visual observations from the environmBelow: DP3 perceives its environment through single-view point clouds.
These are transformed into compact 3D representations by a lightweight MLP encoder. Subsequently, DP3 generates action:

conditioning on these 3D representations and the robot's states, using a diffusion-based backbone.
TABLE I: Main simulation results. Averaged over 72 tasks, DP3 achiew#@s2% relative improvement compared to Diffusion

Policy, with a smaller variance. Success rates for individual tasks are in Appendix C.

Adroit Bi-DexHands DexArt DexDeform DexMV HORA  MetaWorld MetaWorld MetaWorld MetaWorl Average
Algorithm n Task 3) (6) 4) (6) ) 1) Easy (28) Medium (11) Hard (6) Very Hard (b) (72)
DP3 68:3 70:2 68:5 87.8 99:5 71:0 90:9 61:6 31:7 49:0 74:4 29:9 (" 24:2%)
Diffusion Policy 317 61:3 49:.0 90:5 95:0 49:0 836 311 9:0 26:6 59:8 35:9

TABLE II: Comparing DP3 with more baselines in simulation.We include IBC, BCRNN, and their 3D variants, termed as
IBC+3D and BCRNN+3D. The 3D variants use our DP3 Encoder for a fair comparison.

Adroit MetaWorld DexArt
Algorithm n Task ‘ Hammer  Door Pen | Assembly Disassemble Stick—Pu#h Laptop Faucet Toilet BuckeJ Average
DP3 100 o 62 4 43 6 99 1 69 4 97 4 83 1 63 2 82 4 46 2 74:4
Diffusion Policy 48 17 50 5 25 4 15 1 43 7 63 3 69 4 23 8 58 2 46 1 44:0
BCRNN 0o 0o 9 3 34 32 12 45 11 33 1o 55 0o 9:8
BCRNN+3D 8 14 0o 8 1 15 11 6 0o 29 12 26 2 38 10 24 11 14:5
IBC 0o 0o 9 2 0o 11 16 2 32 71 14 1 0o 5.0
IBC+3D 0o 0o 10 1 18 9 35 50 6 11 7 2 15 1 0o 10:4

where  and g are noise schedule that performs one step
noise adding [23].

Implementation details. We use the convolutional network-
based diffusion policy [10]. We use DDIM [62] as the noise
scheduler and use sample prediction instead of epsilon predic-

. T . tion for better high-dimensional action generation, with 100
Fig. 3: Generalization in 3D space W|th'few dataWe use timesteps at training and 10 timesteps at inference. We train
I\_/IetaWc_)rId R_each as an example task, given only 5 demonsti%-oo epochs for MetaWorld tasks due to its simplicity and
tions (V|suaI|zeq by ) We evaluate 1000 t|m_es to cover the?:OOO epochs for other simulated and real-world tasks, with
3D space and visualize thesuccessful evaluation pointdP3 batch size 128 for DP3 and all the baselines.
learns the generalizable skill in 3D spadaiffusion Policy
and IBC [11] only succeed in partial spac8C-RNN [35] IV. SIMULATION EXPERIMENTS
fails to learn such a simple skill with limited data. Number of

successful trials from left to righ® / 285/ 327/ 415 A. Experiment Setup
Simulation benchmark. Though the simulation environ-

diffusion process [23] on the data point to get the noise H%e”ts are increasingly relallstm.nowadays [34, 73, 65, 8.5]’

k iteration k. The training objective is to predict the noise™ notable gap between simulation and real-world scenarios

added to the original data persists [80, 30, 7]. This discrepancy underscores two key as-
' pects:(a) the importance of real robot experiments ghjithe

L=MSE ¥ (a+ « <kvig ; (2) necessity of large-scale diverse simulation tasks for more sci-



enti ¢ benchmarking. Therefore, for simulation experiments/ABLE 1l Task suite of DP3, including Adroit [49], Bi-
we collect in total72 tasks from7 domains, covering diverse D€xHands [8], DexArt [5], DexDeform [31], DexMV [47],

robotic skills. These tasks range from challenging scenari

BORA [44], MetaWorld [77], and our real robot tasks. ActD:

like bi-manual manipulation [8], deformable object manipula® highest action dimension for the domain. #Demo: Number
tion [31], and articulated object manipulation [5], to simpleP! €xpert demonstrations used for each task in the domain.
tasks like parallel gripper manipulation [77]. These tasiArt: articulated objects. Deform: deformable objects.

are built with different simulators including MuJoCo [65],

Simulation Benchmark (72 Tasks)

Sapien [73], IsaacGym [34], and PlasticineLab [26], ensurinGomain

Robo Object Simulator ActD  #Task #Demo
our benchmarking is not limited by the choice of simulator g0 Shadow  Rigid/Art MuJoCo 28 3 10
Tasks in MetaWorld [77] are categorized into various dif culty Bi-DexHands Shadow  Rigid/Art IsaacGym 52 6 10
. . . . exAr Allegro Art Sapien 22 4 100
levels based on [55]. A brief overview is shown in Table Ill. pexpeform  Shadow  Deform  PlasticineLab 52 6 10
The 3D observations are visualized in Figure 4. DexMV Shadow  Rigid/Fluid  Sapien 30 B 10
HORA Allegro Rigid IsaacGym 16 1 100
MetaWorld Gripper Rigid/Art MuJoCo 4 50 10
Real Robot Benchmark (4 Tasks)
Task Robo Object ActD #Demo Description
Roll-Up Allegro  Deform 22 40 Wrap plasticine to make a roll-up
Dumpling  Allegro  Deform 22 40 Wrap plasticine and pinch with ngers
Drill Allegro Rigid 22 40 Grasp the drill and touch the cube
Pour Gripper Rigid 7 40 Pick the bowl, pour, and place

Fig. 4: 3D visual observations in simulation.We sample
some simulated tasks and show the downsampled point clouds
in these tasks.

Expert demonstrations. Human-teleoperated data is used 2)
in DexDeform; Script policies are used in MetaWorld; Tra-
jectories for other domains are collected with agents trained
by reinforcement learning (RL) algorithms, where we use
VRL3 [67] is used for Adroit; PPO [53] is used in all other
domains. We generate successful trajectories with RL agents
and ensure all imitation learning algorithms are using the same
demonstrations. The success rates for experts are given i
Appendix C.

Baselines.The primary focus of this work is to underscore
the signi cance of the 3D modality in diffusion policies. To
this end, our main baseline is the image-based diffusion pol-
icy [10], simply referred to a®iffusion Policy Additionally,
we incorporate comparisons with IBC [11], BCRNN [35],
and their 3D variations. However, given that these algorithms
showed limited effectiveness in our challenging tasks, we eval-
uate them on only 10 tasks (see Table II). We emphasize thaf)
the image and depth resolution for all 2D and 3D methods are
the sameacross all experiments, ensuring a fair comparison.

Evaluation metric. We run 3 seeds for each experiment
with seed numbel0;1;2. For each seed, we evaluate 20
episodes every 200 training epochs and then compute the
average of the highest 5 success rates. We report the mean
and std of success rates across 3 seeds.

nearly 30 tasks, whereas Diffusion Policy does in fewer
than 15 tasks. Additionally, DP3 did not record any
task with a success rate below 10%, in contrast to
Diffusion Policy, which had more than 10 tasks below
10%. Note that most of the tasks are only trained with
10 demonstrations.

Learning ef ciency. While we train all the algorithms
for 3000 epochs to guarantee convergence, we observe
that DP3 typically reaches convergence within approx-
imately 500 epochs across all tasks, as illustrated in
Figure 5. In contrast, Diffusion Policy tends to converge
at a much slower pace or converge into sub-optimal
results.

) Ef cient scaling with demonstrations. As shown in

Figure 6, we nd that in Adroit tasks, both DP3 and
Diffusion Policy perform reasonably while DP3 achieves
a comparable accuracy with fewer demonstrations. For
some MetaWorld tasks above theasylevel such as
Assembly and Disassemble, DP3 could achieve higher
accuracy when demonstrations are suf cient. This un-
derscores that the 3D modality is not just bene cial but
essential for certain manipulation tasks.

Competitive inference speedAs depicted in Figure 1,
DP3 achieves an inference speed marginally surpassing
Diffusion Policy. Contrary to the prevailing assumption
that 3D-based policies are slower [60, 82, 72], DP3
manages to achieve ef cient inference speeds, primarily
attributed to the utilization of sparse point clouds and
compact 3D representations.

C. Ablations

B. Ef ciency and Effectiveness

We select 6 tasks to conduct more ablation studies: Hammer

DP3 shows surprising ef ciency across diverse tasks, mainfi4), Door (D), Pen P) from Adroit and AssemblyA), Disas-

re ected in the following three perspectives:

semble DA), Stick-Push §P) from MetaWorld. These tasks

1) High accuracy. Summarized results are in Figure 1(a)nclude both high-dimensional and low-dimensional control
and results for each domain are in Table I. We obsertasks, and each task only uses 10 demonstrations. We use the
that DP3 achieves a success rate exceeding 90%ainbreviations of these tasks in the tables for simplicity.



Fig. 5: Learning ef ciency. We sample 12 simulation tasks and show the learning curves of DP3 and Diffusion Policy. DP3
demonstrates a rapid convergence towards high accuracy. In contrast, Diffusion Policy exhibits a slower learning progress and
achieves notably lower convergence in most tasks.

Fig. 6: Ef cient scaling with demonstrations. We sample 10 simulation tasks and train DP3 and Diffusion Policy with
an increasing number of demonstrations. DP3 addresses all these tasks well and generally improves the accuracy with more
demonstrations. Diffusion Policy also scales well on some tasks while still falling short of accuracy.

Choice of 3D representations.In DP3, we deliberately PointNet [42], PointNet++ [43], PointNeXt [46], and Point
select point clouds to represent the 3D scene. To compdmansformer [84]. We also include the pre-trained models of
different choices of 3D representations, we implement othBointNet++ and PointNeXt. Surprisingly, we nd that none of
3D representations, including RGB-D, depth, and voxel. Whese complex models and the pre-trained ones are competitive
also compare with oracle states, which include object statés,DP3 Encoder, as shown in Table V.
target goals, and robot velocity besides robot poses. The RGB-

D and depth images are processed using the same imageT&¥BLE V: Ablation on point cloud encoders.We replace

coder as Diffusion Policy, while voxel representations empldyP3 Encoder with other widely used encoders, including
the VoxelCNN, as implemented in [7]. As demonstrated iRointNet [42], PointNet++ [43], PointNeXt [46], and Point
Table 1V, these alternative 3D representations fall short dfansformer [84]. We also include the pre-trained encoders.

DP3. We note that RGB-D and depth images are close and nétoders | H D 3 A DA SP | Average
comparable to point clouds, indicating that the proper usage ofs Encoder 100 0 62 4 436 99 1 69 4 97 4| 783
. . . . .. ointNet 46 8 34 8 14 4 0o 0o 0o 157
depth information is essential. Additionally, we observe than?mNem 0o 0o 133 00 00 0o 22
point clouds and oracle states are very competitive, showingfnex oo Qo s Do 00 00 23
I I 1 I PointNet++ (pre-trained)) 5 o 19 12 17 6 0o 0o 0o 6:8
that point clouds might help learn an optimal policy from Do et (e e n e o 0y oo B

demonstrations.
. . Gradually modifying a PointNet. To elucidate the perfor-
TABLE IV: Ablation on 3D representations.We replace the ,,nce disparity between DP3 Encoder and a commonly used
visual observation and the corresponding encoder in DP3ﬁBint cloud encodere.g, PointNet, we gradually modify a
evaluate different 3D representations. PointNet to make it aligned with a DP3 Encoder. Through

Repr. | H D P A DA SP | Average  extensive experiments shown in Table VI, we identify that the
Oracle State| 99 2 61 2 44 3 941 72 7 918 | 768 T-Net and BatchNorm layers in PointNet are primary inhibitors
Pointcloud | 100 o 62 4 436 99 1 69 4 97 4 78:3 ; ; [ ;

Image 48 17 50 & 254 151 43+ 63 3| 407 to its efciency. By omitting these two elements, PointNet
Depth 39 15 491 12s 154 152 623 | 320 attains an average success rate7@f3, competitive t078:3
ol e St Tl ny opr ail 5i achieved by our DP3 Encoder.One plausible explanation for

the T-Net is that our control tasks use the xed camera and
Choice of point cloud encoders.We compare DP3 do not require feature transformations from the T-Net. Further
Encoder with other widely used point encoders, includingplacing high-dimensional features with a lower-dimensional



one would not hurt the performance muci26 ! 723)
but increase the speed. We would explore the reason for the
failures of other encoders in the future.

TABLE VI. Gradually modifying a PointNet to a DP3-
style encoder.Conv: use convolutional layers or linear layers.
w/ T-Net: with or without T-Net. w/ BN: with or without
BacthNorm layers. 1024 Dim: set feature dimensions before
the projection layer to be 1024 or 256. Average success rates

for 6 ablation tasks are reported. . . ) .
Fig. 7: Learning curves of DP3 with sample prediction and

Encoders | Conv w/T-Net w/BN 1024 Dim| Average  gpsilon prediction. With sample prediction, DP3 generally

PointNet I I I I 15:7 converges faster, while epsilon prediction is also competitive.
% ! ! ! 157
! % ! ! 16:0
% % ! ! 26:0
% ! ! % 18:2
Turnaroud! ! % % ! 725
% % ! % 19:8
% ! % % 26:8
% % % % 72:3

Design choices in DP3Besides the 3D representations, the
effectiveness of DP3 is contributed by several small design
choices, as shown in Table VII. (a) Cropping point clouds
helps largely improve accuracy; (b) Incorporating LayerNorm
layers could help stabilize training across different tasks [22,
4]; (c) Sample prediction in the noise sampler brings faster
convergence, also shown in Figure 7; (d) The projection head
in DP3 Encoder accelerates the inference by projecting fea-
tures to the lower dimension, without hurting accuracy; (e) Re-
moving color channels ensures robust appearance generaliza-
tion; (f) In low-dimensional control tasks, DPM-solver++ [32]
as the noise sampler is competitive to DDIM, while DPM-
solver++ could not handle high-dimensional control tasks well.

TABLE VII: Ablation on design choices in DP3Most of the
design choices would not affect the accuracy but bring other
bene ts such as appearance generalization by removing color.

Designs | H D P A DA SP | Average
DP3 100 o 62 4 436 99 1 69 4 97 4 78:3 H . H
wio cropping | 981 693 141 199 326 402 | 453 Fig. 8: (a) Our robots and objects. (b) Our real'Wor_ld
wio ;:%enfgo';g g | 000 %64 44 %62 3 9| 10 experiment setup. We use an Allegro hand and a gripper
wlo projection 100 o 612 47 3 99 1 608 99 2 | 777 based on Franka arms and include diverse everyday objects in
w/ color 100 1 67 3 46 4 76 8 75 5 68 3 72:0

3 6

02 1 | 483 our manipulation tasks. A RealSense L515 camera is applied
to capture visual observations.

DDIM! DPM-solver++ | 12 4 95 26 5 93 58

V. REAL WORLD EXPERIMENTS 2) Dumpling. The Allegro hand rst wraps the plasticine
A. Experiment Setup and then pinchs it to make dumpling pleats.

Real robot benchmark. DP3 is evaluated across 4 tasks on 3) Drill. The Allegro hand grasps the drill up and moves
2 different robots, including an Allegro hand and a gripper. We  towards the green cube to touch the cube with the drill.
use one RealSense L515 camera to obtain real-world visuaft) Pour. The gripper grasps the bowl, moves towards the
observations. All the tasks are visualized in Figure 10 and  Plasticine, pours out the dried meat oss in the bowl,
summarized in Table lll. Our real-world setup and everyday  and places the bowl on the table.
objects used in our tasks are shown in Figure 8. We now briephe randomization in each task is shown in Figure 9. For Roll-
describe our tasks: Up and Dumpling, the plasticine's shape and the appearance
1) Roll-Up. The Allegro hand wraps the plasticine multipleof the objects placed upon the plasticine are randomized. For
times to make a roll-up. Drill and Pour, the variations come from the random positions



of the cube, drill, and bowl. the image-based diffusion policy excels in the Drill task but
Notably, our tasks using the multi- nger hand are carefullfails entirely in Roll-Up. In contrast, the depth-based policy

designed to show its advantage over the parallel gripper: dghieves a notable success ratel0% in Roll-Up.

Roll-Up and Dumpling, robots could wrap plasticine withouWfaB|E VIiI: Main results for real robot experiments. Each

requiring extra tools, unlike RoboCook [59]; In Drill, the drill {55k is evaluated with 10 trials.

in the real world is large and heavy, which is quite dif cult

. Real Robot | Roll-Up Dumpling  Drill  Pour | Average

for the gripper to grasp. e — S - 5 T
: Di P 7 4 : :
Expert demonstrations are collected by human teleoper- pigcion poicy (oepthy | 40 20 S
ation. The Franka arm and the gripper are teleoperated bgp3 90 70 80 100 | 85:0 11:2

the keyboard. The Allegro hand is teleoperated with hum Generalization
hands by vision-based retargeting [48, 17]. Since our task$
contain more than one stage and include complex multi- Besides the effectiveness in handling all tasks, DP3 show
nger robots and deformable ObjeCtS, making the proce§§'0ng generalization abilities in the real world. We Categorize
of demonstration collection very time_consuming, we on|She generalization abilities of DP3 into 4 aspeCtS and detalil
provide 40 demonstrations for each task. each aspect as follows.
Baselines.Based on our simulation experimentsl image_ Spatlal genera”zation. As illustrated in our mOtiVating

based and depth-based diffusion policies are still powerf@ample, DP3 could better extrapolate in 3D space. We

thus we select them as baselines for real-world experimerfi§monstrate this property in the real world, as shown in
Different vision modalities are visualized in Figure 11. Table IX. We nd that baselines fail to generahze to all test

positions while DP3 succeed in 4 out of 5 trials.

TABLE IX: Spatial generalization on Pour.We place the
bowl at 5 different positions that are unseen in the training
data. Each position is evaluated with one trial.

Spatial Generalization | 1 2 3 4 5

Diffusion Policy % % % % %
Diffusion Policy (Depth) | % % % % %
DP3 % 1

Appearance generalization.DP3 is designed to process
point clouds without color information, inherently enabling
Fig. 9: Randomization in collected demonstrations for real- it to generalize across various appearances effectively. As
world tasks. Roll-Up: The shape of the plasticine and thélemonstrated in Table X, DP3 consistently exhibits successful
vegetables on it varies in each trajectdumpling: The shape generalization to cubes of differing colors, while baseline
of the plasticine and the distribution of the meat oss on it ar@ethods could not achieve. It is noteworthy that the depth-
different in each trajectonprill : The red and blue rectanglesbased diffusion policy also does not incorporate color as input.
respectively mark the range of positions where the cube afl@wever, due to its lower accuracy on the training object, the
drill can be placedPour: The green rectangle marks the rangability to generalize is also limited.
of positions of the bowl. One solution to improve the appearance generalization abil-
ity of image-based methods is applying strong data augmen-
tation during training [20, 19], which however could impede
Results for our real robot tasks are given in Table Vllithe learning process [79, 19]. More importantly, the primary
Consistent with our simulation ndings, we observe in realebjective of this work is to demonstrate that DP3, even without
world experiments that DP3 could handle all tasks with higie aid of any data augmentation, can effectively generalize,
success rates, given ordy demonstrations. Interestingly, wethereby underscoring the potential of 3D representations in
also observe that while both image-based and depth-baseal robot learning.
diffusion policies have comparatively low average accuracies,Instance generalization. Achieving generalization across
they exhibit distinct strengths in speci ¢ tasks. For instancéjverse instances, which vary in shape, size, and appearance,

B. Effectiveness



	Introduction
	Related Work
	Diffusion Models in Robotics
	Visual Imitation Learning
	Learning Dexterous Skills

	Method
	A Motivating Example
	Perception
	Decision

	Simulation Experiments
	Experiment Setup
	Efficiency and Effectiveness
	Ablations

	Real World Experiments
	Experiment Setup
	Effectiveness
	Generalization
	blackObservation on Deployment Safety

	Conclusion
	Appendix
	Implementation Details
	Task Suite
	More Simulation Experiments
	Simple DP3


