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Abstract

Visual imitation learning is effective for robots to learn ver-
satile tasks. However, many existing methods rely on be-
havior cloning with supervised historical trajectories, lim-
iting their 3D spatial and 4D spatiotemporal awareness.
Consequently, these methods struggle to capture the 3D
structures and 4D spatiotemporal relationships necessary
for real-world deployment. In this work, we propose 4D
Diffusion Policy (DP4), a novel visual imitation learning
method that incorporates spatiotemporal awareness into
diffusion-based policies. Unlike traditional approaches that
rely on trajectory cloning, DP4 leverages a dynamic Gaus-
sian world model to guide the learning of 3D spatial and
4D spatiotemporal perceptions from interactive environ-
ments. Our method constructs the current 3D scene from a
single-view RGB-D observation and predicts the future 3D
scene, optimizing trajectory generation by explicitly model-
ing both spatial and temporal dependencies. Extensive ex-
periments across 17 simulation tasks with 173 variants and
3 real-world robotic tasks demonstrate that the 4D Diffu-
sion Policy (DP4) outperforms baseline methods, improving
the average simulation task success rate by 16.4% (Adroit),
14% (DexArt), and 6.45% (RLBench), and the average real-
world robotic task success rate by 8.6%.

1. Introduction

Visual Imitation learning has emerged as an effective

method for training robots to perform complex tasks, such

as object grasping [18, 35, 38], legged locomotion [28, 45],

dexterous manipulation [12, 29], and mobile manipula-

tion [6, 34]. Recent advances in computer vision have fur-

ther enhanced visual imitation learning, enabling impres-
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Figure 1. Spatial-temporal awareness in the 4D Diffusion
Policy (DP4). Previous methods train perception and decision-

making with trajectory supervision, but trajectory cloning fails to

capture the 3D spatial and 4D spatiotemporal relationships. In

contrast, DP4 constructs the current 3D scene with 3D spatial su-

pervision from a single RGB-D view and predicts future 3D scene

candidates using 4D spatiotemporal supervision, optimizing tra-

jectory generation by effectively capturing both 3D structures and

4D dependencies.

sive performance across various applications [3, 13, 33, 35].

Progress in computer vision has enabled sophisticated vi-

sual imitation learning methods that demonstrate excellent

performance across various applications [3, 13, 33, 35].

However, real-world robotic deployment demands robust

generalization to unseen scenarios, necessitating a deeper

understanding of the spatiotemporal physical rules that gov-

ern dynamic environments.

Despite their success, existing visual imitation learning
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methods struggle to capture the 3D structure of environ-

ments and 4D spatiotemporal dependencies of interactive

tasks. These limitations arise mainly because current ap-

proaches rely on behavior cloning from static, supervised
trajectories. Such methods often fail to infer the essential

physical properties needed for spatial reasoning, object in-

teraction, and environment-aware decision-making.

In this work, we propose 4D Diffusion Policy (DP4),

a novel visual imitation learning method that integrates

spatial-temporal awareness into diffusion-based policies.

Unlike prior works that passively mimic demonstrations ex-

clusively from supervised trajectories, DP4 actively learns

from a dynamic Gaussian world model [19, 41], which ex-

plicitly encodes 3D spatial structures and 4D spatiotempo-

ral variations as part of the imitation learning process. Thus,

as illustrated in Fig. 1, DP4 extends conventional imitation

learning pipelines in the following ways:

• 3D spatial perception is learned via Gaussian Splatting
(3DGS) [19] , ensuring accurate reconstruction of the cur-

rent scene’s geometry from point cloud inputs.

• 4D spatiotemporal awareness is enforced by future 3DGS
reconstruction, where the system learns to predict and

adaptively refine future environmental states based on the

agent’s planned trajectories.

• Trajectory generation is conditioned on these structured
spatial-temporal representations, allowing the diffusion

policy model to reason over future states rather than just

replicating past behaviors.

So our method first converts RGB-D observations into

3D point clouds, from which we extract global and local

spatiotemporal representations. These serve as conditions

for the diffusion policy model to guide next-step trajectory

generation. To strengthen structured perception:

• We present a novel Gaussian regressor that learns to re-

construct the 3D scene from point cloud inputs, ensuring

spatially consistent representations.

• We enforce temporal consistency by deforming the cur-

rent scene’s 3DGS into the predicted future state, super-

vising this process using ground-truth RGB-D reconstruc-

tions from the future scene.

We evaluate DP4 extensively across 17 simulated tasks

(173 variants) from four benchmarks, along with three
real-world tasks, including the challenging task of dex-
terous manipulation of deformable objects. Our experi-

ments show that DP4 significantly outperforms state-of-the-

art multi-task visual imitation methods, achieving a +16.4%

success rate on Adroit, +14% on DexArt, +6.45% on RL-

Bench, and +8.6% improvement in real-world robotic tasks.

Our work bridges the gap between visual imitation learn-

ing and spatial-temporal physical reasoning, demonstrating

the importance of structured world models in improving

generalization and robustness in real-world robotic appli-

cations, with these contributions:

• Spatiotemporal-centric visual imitation learning: Un-

like existing methods that overlook 3D perception and

dynamic interactions, DP4 explicitly models 3D spatial

structures and 4D temporal dynamics, improving gener-

alization in dynamic environments.

• 4D Diffusion Policy with structured awareness: We in-

troduce a diffusion-based visual imitation learning frame-

work that generates trajectories based on learned spatial-

temporal world representations.

• Dynamic Gaussian World Model for structured supervi-
sion: Our model actively learns from real-world interac-

tions, ensuring the embedding of 3D spatial and 4D tem-

poral reasoning into policy learning.

• State-of-the-art performance across diverse tasks: DP4

sets unprecedented success rates across 17 simulated and

real-world robotic tasks, setting a new benchmark for im-

itation learning in dynamic environments.

2. Related Work
Visual imitation learning [20–22] is an effective method

for equipping robots with skills, typically relying on numer-

ous expert demonstrations as observation-action pairs. Re-

cent advanced visual imitation learning methods commonly

employ 2D images[1, 5, 7, 26, 33, 38] as state representa-

tions for their rich global information and ease of acquisi-

tion from raw sensory inputs, whereas 3D representations

(e.g., point clouds and object geometries) [47, 48] are used

for their explicit spatial structure, enhancing the spatial rea-

soning. However, these methods overlook the spatiotempo-

ral dynamics of scenes arising from behavior-environment

interactions. DP4 overcomes this limitation by employing

a dynamic Gaussian world model to derive scene-level 3D

structures from current scene reconstruction and 4D spa-

tiotemporal dynamics from future scene reconstruction.

Diffusion models as policies Building on their success in

image and video generation [4, 14, 44], diffusion models

have emerged as effective policy frameworks in robotics [5,

27, 29, 43, 47]. They are primarily applied in reinforce-

ment learning and visual imitation learning, with Diffusion

Policy [5] and variants [40, 47] achieving state-of-the-art

results by fusing visual inputs (e.g., 2D images, 3D point

clouds) with complex, multi-modal action spaces. Nev-

ertheless, these approaches often underutilize visual per-

ception, relying heavily on behavior cloning from super-

vised trajectories. In contrast, DP4 introduces a Gaussian

world model that reconstructs current scenes from RGB-

D data via volumetric rendering for 3D spatial understand-

ing, and employs a deformation Gaussian field to predict

future scene distributions through environment interaction,

enabling comprehensive 4D spatiotemporal perception.

World model Recent advances demonstrate that world

models effectively encode scene dynamics by predicting

future states from current states and actions, with appli-
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Figure 2. The framework of our 4D Diffusion Policy (DP4). From a single-view RGB-D observation, we construct 3D point clouds and

extract global and local features to enrich both holistic and focused perceptions. These multi-level representations condition the diffusion

policy model to generate trajectories based on current robot states. We introduce a Gaussian world model in DP4 to capture 3D structures

and 4D spatiotemporal relationships. The current observation’s 3D Gaussian Splatting (3DGS) is derived via a generalizable Gaussian

regressor from point clouds and multi-level features. By enforcing consistency between ground-truth and rendered RGB-D images from this

3DGS, we enhance 3D spatial awareness. Additionally, future 3DGS are predicted from current states using policy-generated trajectories,

with rendered RGB-D consistency fostering 4D spatiotemporal awareness. This improved spatiotemporal representation significantly

benefits complex tasks such as object grasping and dexterous manipulation.

cations in autonomous driving [15, 16, 39] and robotic

manipulation [24, 32, 42]. Early works [8–11, 15, 23]

employed latent space autoencoding for future prediction,

yielding strong results in both simulated and real envi-

ronments. Nonetheless, learning accurate latent represen-

tations is data-intensive and generally confined to sim-

ple tasks due to limited implicit feature capacity. To ad-

dress these challenges, this study integrates Gaussian Splat-

ting [19], known for its efficiency and rendering quality, into

world model construction. The resulting 4D Diffusion Pol-

icy leverages a dynamic Gaussian world model to capture

scene-level 3D structure and 4D spatiotemporal dynamics.

3. Methodology
In this section, we introduce 4D Diffusion Policy (DP4),

a novel visual imitation learning method that emphasizes

spatial-temporal awareness in diffusion policies. DP4 em-

ploys 3D Gaussian Splatting for informative supervision,

enabling the learning of 3D spatial and 4D spatiotemporal

perceptions in interactive environments. The DP4 frame-

work is illustrated in Figure 2.

3.1. Problem Setup
Visual imitation learning allows robots to efficiently de-

velop human-like skills using observation-action pairs from

expert demonstrations. The intelligent agent must interac-

tively predict subsequent continuous trajectories based on

the current observation. The visual observation at time step

t, denoted O(t) = (C(t),D(t)), is derived from expert

demonstrations, where C(t) and D(t) represent single-view

RGB and depth images, respectively. Using the visual ob-

servation O(t), the visuomotor policy learning model pre-

dicts the optimal action a(t) at current time step and gener-

ates subsequent optimal continuous action sequence a(t+1).

To effectively train a visuomotor policy learning model,

expert demonstrations are supplied as offline datasets for vi-

sual imitation learning, consisting of sample triplets with vi-

sual observations and expert actions [26, 40]. Current meth-

ods utilize robust visual representations, such as Diffusion

Policy and 3D Diffusion Policy, to derive informative la-

tent features for optimal action prediction. However, these

methods heavily depend on behavior cloning with super-

vised historical trajectories. This approach struggles to fully
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capture 3D structures and often overlooks 4D spatiotem-

poral dynamics. Consequently, the predicted actions fre-

quently fail to achieve complex human goals, particularly

when accurate object interactions are absent. In this study,

we introduce the 4D Diffusion Policy, which employs a dy-

namic Gaussian world model to extract 3D structures from

current scene reconstruction and 4D spatiotemporal dynam-

ics from future scene reconstruction.

3.2. Multi-level 3D Spatial Awareness
To capture complex 3D structures in the interactive phys-

ical world, DP4 achieves multi-level spatial perception by

generating 3D representations from local point clouds and

global voxel grids. These 3D representations are derived

from an RGB-D image captured by a single-view camera

with known extrinsic and intrinsic parameters, enhancing

practical applicability in real-world settings. DP4 avoids

impractical setups, such as using multiple cameras during

training and inference or requiring extensive prior environ-

mental visual data. In both simulated and real-world set-

tings, we acquire depth images from a single camera and

convert them into complete point clouds using the camera’s

extrinsic and intrinsic parameters.

Learning 3D representations To generate the 3D local

representation, DP4 crops the point clouds, retaining only

points within a specified bounding box. This allows DP4 to

focus on critical scene elements (e.g., the robot arm) and ex-

clude redundant points (e.g., the ground). DP4 encodes the

cropped point clouds into compact 3D local representations

using a lightweight MLP network, called the 3D Local En-

coder. To obtain the 3D global representation, DP4 converts

the point clouds at step t into a 1003 voxel. The 3D Global

Encoder encodes this voxel, outputting the 3D global repre-

sentation v(t) ∈ R
1003×64.

Enhance 3D spatial awareness To enhance the represen-

tation v(t) with global structure and texture information, we

employ a Generalizable Gaussian Regressor, which takes

the deep volume v as the scene representation to derive the

Gaussian world model based on Gaussian Splatting [19].

The Generalizable Gaussian Regressor is learned by ren-

dering RGB and depth images from the constructed Gaus-

sian world model. The entire neural rendering process is

described below. Define v(t)x ∈ R
128 as the sampled 3D

feature at point x from the 3D global representation v(t).
v(t)x is obtained through trilinear interpolation, given the

discretized nature of the 3D global representation v(t). The

Generalizable Gaussian Regressor uses the 3D coordinates

x and the feature v
(t)
x to parameterize the Gaussian prim-

itive as θ(t) = (μ(t), c(t), r(t), s(t), σ(t)), representing the

position, color, rotation, scale, and opacity of the Gaussian

primitive. To render a single view, we project Gaussian

primitives onto the 2D plane using differential tile-based

rasterization. The pixel value p is rendered using alpha-

blend rendering:

C(t)(p) =

N∑
i=1

α
(t)
i c

(t)
i

i−1∏
j=1

(1− α
(t)
j ),

D(t)(p) =
N∑
i=1

α
(t)
i d

(t)
i

i−1∏
j=1

(1− α
(t)
j ),

(1)

where α
(t)
i = σ

(t)
i exp− 1

2 (p− μ
(t)
i )�Σ−1

i (p− μ
(t)
i ) de-

fines the 2D density of Gaussian points during the splatting

process, C(t) and D(t) represent the rendered RGB image

and depth, respectively, N is the number of Gaussians per

tile, d
(t)
i is the z-value obtained by transforming coordi-

nate u from world to camera coordinates, and Σi denotes

the covariance matrix derived from the Gaussian parame-

ters’ rotation and scale. Our Generalizable Gaussian Re-

gressor and 3D representation are optimized to reconstruct

RGB and depth images from a single view by minimizing a

3D loss function:

L3D =
∑
p

‖C(t)(p)−C∗(t)‖22+‖D(t)(p)−D∗(t)‖22, (2)

where C∗(t) and D∗(t) represent the ground truth color and

depth at time step t. This 3D loss allows the 3D representa-

tion to emphasize local visual features while incorporating

global structural knowledge and texture information.

3.3. 4D Spatiotemporal Awareness
To emphasize 4D spatiotemporal awareness in the diffusion

policy, DP4 integrates dynamics into the Gaussian world

model described in Section 3.2. This model parameter-

izes the Gaussian mixture distribution for dynamic Gaus-

sian splatting, enabling future scene reconstruction via pa-

rameter propagation. Thus, the model gains valuable super-

vision in interactive environments by ensuring consistency

between reconstructed and real feature scenes. Specifically,

the model learns environmental dynamics by predicting the

future state s(t+1) from the current state s(t) and action a(t)

at time step t.
In the dynamic Gaussian world model, we define the cur-

rent state as the visual observation at the current time step,

with actions representing the robot components. These ob-

servations and actions predict visual scenes for the next time

step, representing the future state. Building on the Gaus-

sian world model, DP4 uses a deformable MLP pφ to esti-

mate changes in Gaussian parameters during time propaga-

tion and a Gaussian renderer R to generate RGB and depth

images for the future state:

Δθ(t) = pφ

(
θ(t), a(t)

)
,

θ(t+1) = θ(t) +Δθ(t),

C(t+1)(p), D(t+1)(p) = R
(
θ(t+1),p

)
,

(3)
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where C(t+1)(p) and D(t+1)(p) represent the predicted

RGB and depth images at time step t+1, θ(t) represents the

3D Gaussian primitive parameters at time step t, w denotes

the camera pose used to project the Gaussian primitives, and

R is the rendering process from Equation 1. DP4 employs

multi-head neural networks as the Gaussian regressor, with

each head predicting distinct features of the Gaussian pa-

rameters. By estimating changes in position and rotation

between time steps, we derive the Gaussian parameters for

the future step. The Gaussian renderer then projects the

propagated Gaussian distribution onto the single view to

reconstruct the future scene. To model 4D spatiotemporal

relationships in the physical world, we enforce consistency

supervision between reconstructed and real scenes at time

step t+1, embedding scene-level spatiotemporal dynamics

into the Gaussian parameters. Specifically, the training ob-

jective aligns predicted future scenes, derived from current

observations and actions, with real scenes, as formulated

below:

L4D =
∑

p

‖C(t+1)(p)−C∗(t+1)‖22+‖D(t+1)(p)−D∗(t+1)‖22,

(4)

where C(t+1) and D(t+1) represent the real future counter-

parts. This additional task of predicting future scenes from

current observations via the dynamic Gaussian world model

serves as a spatiotemporal enhancement penalty. Training

with this task, the multi-level 3D representation learns to

encode physical properties and develop awareness of 4D

spatiotemporal dynamics.

3.4. Diffusion-based Decision
The multi-level 3D representation, including local and

global 3D representations, is optimized to predict the

robot’s optimal actions. We model this process as a con-

ditional denoising diffusion framework, conditioned on the

multi-level 3D representation r and the robot state q, which

converts randomly sampled Gaussian noise into actions a.

Starting with sampled Gaussian noise aK , the denoising

network εθ performs K iterations to progressively convert

it into the noise-free action a0.

ak−1 = αk

(
ak − γkεθ

(
ak, k, r, q

))
+ σkN (0, I), (5)

where N (0, I) represents the sampled Gaussian noise, and

αk, γk, and σk are functions of k defined by the noise sched-

uler. To train the denoising network εθ, we randomly sam-

ple a data point a0 from the dataset and use a diffusion pro-

cess to generate the noise εk at iteration k. The training

objective is to predict the noise added to the data.

Laction = MSE
(
εk, εθ(ᾱka

0 + β̄kε
k, k, r, q)

)
, (6)

where ᾱk and β̄k are noise schedule that performs one step

noise adding.

The overall learning objective for DP4 is as follows:

LDP4 = Laction + λ3DL3D + λ4DL4D , (7)

where λ3D and λ4D balance the 3D loss for current scenes

and the 4D loss for future scenes across different objectives.

We train DP4 using a joint training strategy. Empirical ob-

servations show that this strategy enhances information fu-

sion while learning shared features. During training, we in-

troduce a warm-up phase, freezing the deformable mapper

for the first 500 iterations to establish a stable multi-level 3D

compact representation and Gaussian regressor. After the

warm-up phase, we simultaneously train the entire Gaus-

sian world model and the diffusion-based decision module.

After optimization, DP4 generates optimal actions with spa-

tiotemporal awareness, including both 3D spatial and 4D

spatiotemporal perceptions.

4. Experiments
4.1. Experiment Setup
Simulations For simulation experiments, we gathered 22

tasks across various domains, covering a wide range of

robotic skills. These tasks span challenging scenarios, such

as bimanual, deformable object, and articulated object ma-

nipulation, as well as simpler tasks like parallel gripper ma-

nipulation. The tasks include Adroit tasks [30] (Door, Pen,

Hammer), DexArt tasks [2] (Laptop, Faucet, Bucket, Toi-

let), and RLBench tasks [17] (10 challenging tasks, each

with at least two variations, totaling 166).

Real robot We used a KINOVA GEN2 robot with a Re-

alsense D455 depth camera mounted in an eye-to-hand con-

figuration. In an indoor environment, we arranged several

bottles and cups to enable the agent to generalize manipu-

lation skills across scenes, designing three tasks, including

Grasping bottles, Pouring the water from the bottle into the
cup and stacking cups. The RealSense D455 camera records

the entire scene and robot state from a third-person perspec-

tive. This setup supplies RGB-D observations for policy

training and RGB and depth supervision for constructing

the dynamic Gaussian world model.

Expert demonstration Expert trajectories for ManiSkill

and Adroit are collected using RL-trained agents, using

VRL3 [37] for Adroit and PPO [31] for other domains. We

generate successful trajectories with RL agents and ensure

that all visual imitation learning algorithms use identical

demonstrations. Additionally, we collect 20 demonstrations

for each RLBench task using the motion planner.

Baselines The main objective of DP4 is to highlight the

importance of 3D spatial and 4D spatiotemporal awareness

in diffusion policies. To this end, our primary baseline is the

point cloud-based 3D Diffusion Policy (DP3) [47]. Addi-

tionally, we incorporate comparisons with other visual im-

itation learning methods: IBC [7], BCRNN [26], Diffusion
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Policy (DP) [5], PerAct [35], GNFactor [46], and Mani-

Gaussian [25]. Note that image and depth resolutions for all

2D and 3D methods remain consistent across experiments,

ensuring fair comparisons.

Evaluation metric Each experiment is conducted using

three seeds. For Adroit and DexArt simulation tasks, we as-

sess 20 episodes every 200 epochs and calculate the mean of

the top five success rates. For RLBench tasks, we evaluate

25 episodes per task at the final checkpoint for 10 challeng-

ing tasks. We report the mean and standard deviation of

success rates across the three seeds.

Implementation details We implement a convolutional

network-based diffusion policy using DDIM[36] as the

noise scheduler, preferring sample prediction to enhance

high-dimensional action generation. Training employs 100

timesteps, while inference uses 10. Models are trained for

3,000 epochs with a batch size of 32 on both simulated and

real-world tasks. Loss hyperparameters λ3D and λ4D are set

to 0.1 and 0.01, respectively (see Section 4.4 for details).

For fair comparison with DP3[47], we adopt the same 3D

Local Encoder: a three-layer MLP, max-pooling for order-

equivariant aggregation, and a projection head generating

compact 3D local features, with LayerNorm inserted for

training stability. All experiments run on an NVIDIA H100

80GB GPU and a 192-vCPU Intel Xeon Platinum 8468.

4.2. Quantitative Comparison
We compare our DP4 with previous state-of-the-art meth-

ods on the Adroit, DexArt, and RLBench simulation tasks.

Adroit simulation Table 1 presents the success rates for

the Adroit simulation tasks. DP4 achieves an overall suc-

cess rate of 84.7%, significantly outperforming 2D-based

methods, including IBC [7], BCRNN [26], and Diffusion

Policy [5], while surpassing 3D-based methods such as

3D Diffusion Policy [47]. Experimental results demon-

strate that DP4 completes complex tasks more accurately

by leveraging spatiotemporal perception.

DexArt simulation Table 2 presents the success rates

for various DexArt simulation tasks. The DP4 achieves

a success rate of 82.5%, significantly outperforming 2D-

based methods (e.g., IBC, BCRNN, and Diffusion Policy)

by 33.5% and 3D-based methods (e.g., 3D Diffusion Pol-

icy) by 14.0%. Experimental results demonstrate that DP4

integrates 3D spatial and 4D spatiotemporal perception of

the physical world with diffusion policies, achieving higher

success rates across multiple tasks.

RLBench simulation We compare DP4 with previous

state-of-the-art methods on the RLBench task suite. Ta-

ble 3 presents a comparison of average success rates across

tasks. DP4 achieves state-of-the-art performance with av-

erage success rates of 63.3% and 39.9%, significantly out-

performing prior methods, including both perception-based

and generative approaches. Leveraging supervision from

Method Hammer Door Pen Overall

IBC [7] 0±0 0±0 9±2 3.0

BCRNN [26] 0±0 0±0 9±3 3.0

DP [5] 48±17 50±5 25±4 41.0

DP3 [47] 100±0 62±4 43±6 68.3

DP4 (ours) 100±0 80±2 75±3 84.7

Table 1. Success rates (%) on the Adroit simulation. We com-

pare our DP4 with more baselines in the Adroit simulation. The

baselines include Implicit Behavioral Cloning (IBC), BCRNN,

Diffusion Policy (DP), and 3D Diffusion Policy (DP3).

Method Laptop Faucet Bucket Toilet Overall

IBC [7] 3±2 7±1 14±1 0±0 6.0

BCRNN [26] 3±3 1±0 5±5 0±0 2.3

DP [5] 69±4 23±8 58±2 46±1 49.0

DP3 [47] 83±1 63±2 82±4 46±2 68.5

DP4 (ours) 92±2 84±1 90±1 64±2 82.5

Table 2. Success rates (%) on the DexArt simulation. We com-

pare our DP4 with more baselines in the DexArt simulation. The

baselines include Implicit Behavioral Cloning (IBC), BCRNN,

Diffusion Policy (DP), and 3D Diffusion Policy (DP3).

Method close
jar

open
drawer

sweep to
dustpan

meat off
grill

turn
tap Overall

PerAct [35] 18.7±8.2 54.7±18.6 0.0±0.0 40.0±17.0 38.7±6.8 30.4
GNFactor [46] 25.3±6.8 76.0±5.7 28.0±15.057.3±18.9 50.7±8.2 47.5
ManiGaussian [25] 28.4±5.4 76.3±6.2 64.5±13.460.2±18.2 56.2±6.8 57.1
DP4 (ours) 35.4±2.282.2±3.4 72.0±5.2 64.4±6.862.4±2.8 63.3

Method slide
block

put in
drawer

drag
stick

push
buttons

stack
blocks Overall

PerAct [35] 18.7±13.6 2.7±3.3 5.3±5.0 18.7±12.4 6.7±1.9 10.4
GNFactor [46] 20.0±15.0 0.0±0.0 37.3±13.218.7±10.0 4.0±3.3 16.0
ManiGaussian [25]24.3±12.8 16.6±3.2 92.3±11.420.4±12.2 12.4±3.2 33.2
DP4 (ours) 33.4±4.422.8±1.294.4±6.2 28.3±6.821.0±2.2 39.9

Table 3. Success rates (%) on the RLBench simulation. We

compare our DP4 with more baselines in the RLBench simula-

tion. Baseline approaches include PerAct, GNFactor, and Mani-

Gaussian.

3D geometry, texture, and 4D spatiotemporal data, DP4 ac-

curately predicts optimal continuous trajectories from a sin-

gle RGB-D observation of the current scene.

4.3. Qualitative Comparison
Visualization of trajectories We present three qualita-

tive examples of action sequences generated by DP3 and

our DP4 in Figure 3. The results show that the previous

agent (DP3) frequently fails to complete tasks, as it imitates

the expert’s motions (e.g., hammering nails, sliding doors,

and spinning pens) without fully understanding the scene.

In contrast, DP4 significantly improves the success rate by

accurately interpreting 3D scene structures (e.g., nail posi-

tions) and 4D dynamics (e.g., pen rotation).

Visualization of Gaussian world model Figure 4 and

Figure 5 show the visualization results. We visualize the

Gaussian world model via single-view rendering, observ-
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3D Diffusion Policy

4D Diffusion Policy (Ours)

3D Diffusion Policy

4D Diffusion Policy (Ours)

3D Diffusion Policy

4D Diffusion Policy (Ours)

Figure 3. Qualitative case study. The red mark indicates a pose

that significantly deviates from the expert demonstration, while

the green mark denotes a pose that aligns with the expert trajec-

tory. The 4D Diffusion Policy (DP4) integrates 3D spatial and

4D spatiotemporal awareness with diffusion policies, successfully

completing the tasks.

ing it captures fundamental spatial structures and spatiotem-

poral dynamics. Although DP4 operates under a realistic

single-view constraint, resulting renderings lack fine detail,

they effectively represent scene-level 3D structures and 4D

dynamics. Crucially, such details have minimal impact on

task success; for example, the nail’s thread is irrelevant to

the hammering task.

4.4. Ablation Study
Component ablation. Ablations are conducted on the

Adroit simulation tasks in Table 4. Without the proposed

components, we use 3D representation without any 3D spa-

tial supervision (RGB and depth (structure)) and 4D spa-

tiotemporal supervision (dynamics). In the experiment on

the Adroit simulation, the performance of the “Hammer”,

“Door”, and “Pen” tasks demonstrated improvements in

success rates with the proposed components, while the in-

ference time remained stable or only slightly increased.

• For the Hammer task: The base model started with a

R
en

d
er

G
ro

un
d
-t
ru
th

Figure 4. Visualization of Gaussian world model. After training

DP4, we visualize its Gaussian world model by rendering a single-

view observation. DP4 uses a Gaussian world model to provide

supervision, facilitating the learning of 3D spatial perception.

94.0% success rate and a completion time of 6.40 sec-

onds. After adding the Gaussian world model with RGB

supervision, success improved to 96.0%, with a minimal

increase in time (6.52 seconds). Introducing 3D spa-

tial loss (RGB and Depth supervision) raised success to

95.0%, with stable time (6.53 seconds). With 4D spa-

tiotemporal supervision (DP4), success reached 98.0%,

and the time increased slightly to 6.56 seconds, indicat-

ing a clear performance gain with a small time increase.

• For the Door task: Initially, the model achieved a 94.0%

success rate and a completion time of 6.40 seconds.

Adding the Gaussian world model with RGB supervi-

sion improved success to 96.0%, with no significant time

change. Incorporating 3D spatial loss (RGB and Depth)

increased success to 98.0%, with a slight increase in

time (6.56 seconds). With 4D spatiotemporal supervi-

sion (DP4), the success rate reached 100.0%, with a min-

imal time increase (6.57 seconds), reflecting significant

improvement from additional supervision.

• For the Pen task: The base model had a 45.0% success

rate and a completion time of 6.46 seconds. After adding

the Gaussian world model with RGB supervision, success

rose to 48.0%, with time remaining at 6.48 seconds. In-

troducing 3D spatial loss (RGB and depth) led to a slight

decrease in success (47.0%). With 4D spatiotemporal su-

pervision (DP4), success jumped to 75.0%, with a small

increase in time to 6.50 seconds, highlighting the effec-

tiveness of 4D supervision.

Notably, DP4 does not substantially increase model in-

ference time. This is because DP4 does not construct a

Gaussian world model during inference. The 3D spatial

and 4D spatiotemporal awareness from the Gaussian world

model are efficiently integrated into the multi-level 3D rep-

resentation during training.

Hyperparameter analysis We conduct hyperparameter
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Ground-truth
at current time step T

Prediction
at current time step T

Prediction at future time step T+n

T+3 T+6 T+9T

Figure 5. More visualizations of the learned world model. DP4

uses a Gaussian world model to provide supervision, facilitating

the 4D spatiotemporal perceptions in interactive environments.

Results on Adroit Simulation

3D Component 4D Component Performance

RGB Depth Dynamics Hammer Door Pen

94.0/6.40 64.0/6.44 45.0/6.46

� 96.0/6.52 68.0/6.45 48.0/6.48

� 95.0/6.53 68.0/6.46 47.0/6.48

� � 98.0/6.56 75.0/6.51 72.0/6.47

� � � 100.0/6.57 80.0/6.45 75.0/6.50

Table 4. Component ablation studies. We report results for the

Adroit simulation tasks. In the performance metrics, the number

to the left of / represents the success rate (%), and the number to

the right denotes the inference speed (seconds per task).

Figure 6. Hyperparameter analysis of DP4. The effects of λ3D

and λ4D on success rates, respectively.

Method Grasping
Bottles

Stacking
Cups

Pouring
Water

Overall

DP [5] 36.0 44.0 28.0 36.0

DP3 [47] 42.0 62.0 34.0 46.0

DP4 (ours) 48.0 72.0 44.0 54.6

Table 5. Success rates (%) on the real-robot tasks. We compare

our DP4 with additional baselines on the real-robot tasks. We in-

clude the Diffusion Policy (DP) and 3D Diffusion Policy (DP3).

analysis on the Pen task within the Adroit simulation. DP4

uses two key hyperparameters, λ3D and λ4D, to balance the

3D spatial loss for current scenes and the 4D spatiotemporal

loss for future scenes across multiple objectives. As shown

in Figure 6, we analyze the hyperparameters of DP4. We

vary λ3D from 0 to 1 and λ4D from 0 to 0.1, measuring the

corresponding success rates. We find that the success rate

peaks when λ3D = 0.1 and λ4D = 0.01, so we adopt these

values as the hyperparameters.

4.5. Real-Robot Analysis
To assess DP4’s performance on real-world robotic tasks,

we designed three tasks: Grasping Bottles, Stacking Cups,

“Grasping Bottles”

“Pouring Water”

“Stacking Cups”

Figure 7. Visualization of DP4 performance on three real-
world robotic tasks. DP4 demonstrates strong performance in

real-world settings and effectively handles a variety of common

tasks with a single view.

and Pouring Water. We focus on the model’s performance

at key frames, where success is defined as when the error

is below a certain threshold. The results of the real-world

robotic experiments are summarized in Table 5. Experimen-

tal results show that DP4 outperforms the Diffusion Policy

(DP) and 3D Diffusion Policy (DP3) baselines across all

tasks. These results confirm that DP4 effectively integrates

spatiotemporal awareness with diffusion policies, improv-

ing the accuracy of generated trajectories. Additionally, vi-

sualizations of DP4’s performance on real-world tasks are

shown in Figure 7.

5. Conclusion

This paper presents 4D Diffusion Policy (DP4), which inte-

grates spatiotemporal awareness of the physical world with

diffusion-based visual imitation learning. Utilizing a single-

view RGB-D input, DP4 constructs a dynamic Gaussian

world model that provides rich supervision for acquiring

3D spatial and 4D spatiotemporal perceptions from interac-

tive environments. Extensive experiments on simulated and

real-robot tasks validate the effectiveness and superiority.
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