
Enhancing Visuomotor Manipulation Control with a Predictive-Dynamics-Aware
World-Model-Conditioned Diffusion Policy

Sangho An1†, Geunha Kim2† and Jun Moon1∗

1Department of Electrical Engineering, Hanyang University,
222 Wangsimni-ro, Seongdong-gu, Seoul 04763, Korea

2Department of Artificial Intelligence Systems, Hanyang University,
222 Wangsimni-ro, Seongdong-gu, Seoul 04763, Korea

(shan1005@hanyang.ac.kr, rlarmsgk2@hanyang.ac.kr, junmoon@hanyang.ac.kr)
† Equal contribution, ∗ Corresponding author

Abstract: Recent visuomotor policies have achieved strong performance in robotic manipulation. Specifically, diffusion
policy further improves action generation in various tasks. However, the diffusion policy mainly relies on image-based ob-
servation features and does not explicitly learn a dynamics-aware representation that summarizes temporal scene progres-
sion or object interactions. Therefore, we propose a world-model-conditioned diffusion policy (WM-DP) for visuomotor
manipulation. WM-DP extends the original diffusion policy by concatenating a latent feature generated by a world model.
Through this design, we study whether a simple early-stage world model conditioning structure can improve real-world
manipulation performance without adding architectural complexity. We evaluate WM-DP on real-world pick-and-place
tasks using objects with different physical properties. We also evaluate the method using a deformable object whose
graspable regions and appearance change depending on its orientation. The results show that our model improves both
success rate and trajectory quality under observed object conditions. Overall, our work suggests that even a GRU-based
world model can provide useful cues for physical interaction and improve diffusion policy in visuomotor manipulation.
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1. INTRODUCTION

Recent visuomotor control methods have shown im-
pressive performance in robotic manipulation by directly
mapping visual observations to continuous robot ac-
tions [1–3]. In particular, imitation-learning-based poli-
cies and diffusion-based policies have enabled accurate
and smooth manipulation behaviors in a wide range of
object-centric tasks [4, 8, 13, 14]. These results demon-
strate the strong potential of visual policies for end-to-
end robotic control, but they also reveal that reliable ac-
tion prediction still requires an understanding of temporal
scene evolution and robot–object interaction dynamics.

This remains challenging because the same visual ob-
servation can lead to different actions depending on ob-
ject pose, contact timing, and the previous motion of the
robot. Therefore, a visuomotor policy needs to under-
stand the current scene while also using temporal con-
text from recent history. This issue is also related to the
multi-modal demonstrations, where similar scenes may
correspond to different reaching directions, grasp poses,
or recovery motions. While diffusion policy [8] alleviates
the averaging problem of standard behavior cloning by
generating action sequences through conditional denois-
ing, its standard CNN-based formulation [5] still relies
mainly on image features and does not explicitly encode
temporal scene progression or recent action tendencies.

A single observation is insufficient to fully represent
temporal information such as object motion, contact tim-
ing, and recent interaction history. To provide this miss-
ing information, we condition the diffusion policy on a la-
tent feature produced by a world model. The world model

receives recent observations and produces a latent repre-
sentation that contains dynamics-related information. We
do not use the world model as a learned simulator. It does
not generate imagined rollouts or replace the diffusion
policy structure. Instead, we use its latent feature only as
an additional condition for the denoising network. This
feature is concatenated with the base observation condi-
tion, allowing our model to generate actions using both
visual information and recent dynamics cues.

We evaluate the proposed method on simple yet
dynamics-sensitive manipulation tasks. From an object-
centric perspective, we further demonstrate that the pro-
posed method can generate effective grasping angles ac-
cording to the object orientation. Across both tasks, the
proposed method shows improved performance over the
standard diffusion policy.

2. RELATED WORK

2.1 Diffusion Models
Diffusion models have been widely used for modeling

complex and high-dimensional distributions. They were
first popularized in image generation through denoising-
based generation methods such as DDPM [6] and score-
based models [7]. In diffusion models, a neural net-
work is trained to remove noise step by step and re-
cover a clean sample from a noisy input. Although dif-
fusion models were originally developed for image gen-
eration [11], their denoising-based formulation has been
broadly extended to other domains, ranging from dif-
fusion transformer [9], diffusion-based language mod-
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Fig. 1. Structure of the world-model-conditioned diffusion policy. The proposed WM-DP augments the original
observation condition with the world model latent hwm

t . The concatenated condition C̃t is then used by the denoising
network to generate the action sequence At.

els [10], and AlphaFold [12] to diffusion-policy-based vi-
suomotor control. When the sample is defined as a robot
action trajectory, the same denoising process can be used
for action generation.

Diffusion policy [8] applies this idea to visuomotor
manipulation. Instead of directly predicting a single ac-
tion, it generates a short sequence of future actions condi-
tioned on recent observations. Only the first few actions
are executed, and the policy replans after receiving new
observations. This closed-loop action generation is effec-
tive for manipulation tasks where multiple valid action
trajectories may exist from the same visual observation.

Our method follows the same diffusion-based action
generation framework, but modifies the conditioning in-
put. While the original diffusion policy mainly condi-
tions the denoising network on observations, we addition-
ally provide a hidden feature generated by a world model
branch. This structure allows the policy to use both the
current observation condition and an additional temporal
feature for action generation.

2.2 World Models
World models aim to learn representations of dynam-

ics from observations and actions [15]. Related ideas
have also appeared in earlier model-based control meth-
ods, such as learning latent dynamics directly from raw
images [16] and using probabilistic dynamics models for
sample-efficient reinforcement learning [17]. Recently,
this idea has been extended to broader areas such as em-
bodied AI, autonomous systems, and video-based predic-
tion, where temporal scene progression and physical in-
teraction are important [22]. In robot manipulation, such
representations can provide useful cues about object mo-
tion, contact, and recent interaction history.

A common way to model these temporal dynamics

is to use a state-space model (SSM), where the hidden
state summarizes the recent history of observations and
actions. Recurrent state-space models (RSSMs) [18–21]
further combine recurrent hidden states with latent vari-
ables, allowing the model to represent dynamics in a
compact latent space [18]. Recently, this latent-dynamics
formulation has been widely used in world-model-based
reinforcement learning.

Some methods use world models as learned simula-
tors for imagined rollouts or additional policy training.
DiWA [24], for example, uses a world model to generate
imagined trajectories for offline policy improvement. In
contrast, our method does not use the world model as a
simulator and does not perform reinforcement learning or
policy fine-tuning. Instead, we use a world model as an
auxiliary conditioning branch for diffusion policy, pro-
viding dynamics-aware cues to the denoising network.

3. METHODOLOGY

3.1 World Model Conditioning
In this work, we adopt an earlier version of the world

model concept and integrate it into our diffusion policy
framework. Instead of using a large-scale world founda-
tion model or a complex dynamics model, we implement
the world model branch with a simple GRU-based struc-
ture [23]. This design choice was made for two reasons.
First, we wanted to examine whether the basic idea of
world-model-based conditioning is effective for improv-
ing diffusion policy. Second, the model should remain
lightweight so that it does not introduce a large computa-
tional burden during real-world robot execution.

The GRU-based world model receives the observation
history and updates its hidden state over time. The result-
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ing hidden feature is used as a compact latent represen-
tation of recent dynamics. Rather than using the world
model to generate imagined rollouts or reconstruct fu-
ture observations, we directly use this latent feature as an
additional conditioning input for the denoising network.
Therefore, the proposed method can provide dynamics-
aware cues to the policy while maintaining a simple and
practical architecture.

3.2 Network Architecture
The overall pipeline of the proposed WM-DP is shown

in Fig. 1. At each time step, the robot receives visual
observations from the camera inputs and robot propri-
oceptive states, including the gripper state. These in-
puts are used as the main condition for diffusion policy.
Each image observation is resized to a fixed resolution of
224× 224× 3 before being passed to the policy.

In parallel, the recent observation history is given to
the GRU-based world model branch. The world model
updates its hidden state and produces a latent feature
hwm
t , which represents temporal and dynamics-related

information from recent observations. This feature is
then concatenated with the original observation feature
to form the augmented condition C̃t.

The augmented condition is defined as:

hwm
t = fwm(Ot),

C̃t = [Oobs
t ;hwm

t ], pθ(At | C̃t).

The denoising network receives C̃t and generates an
action sequence At. As in the original diffusion policy,
only the first few actions are executed on the robot, and
the policy replans after receiving the next observation.
Through this pipeline, WM-DP preserves the visual con-
ditioning structure of diffusion policy while additionally
using the temporal dynamics cue from the world model.

Following the original diffusion policy, we also use
FiLM conditioning [25]. FiLM modulates intermediate
feature maps by applying condition-dependent scale and
shift parameters. Specifically, given a feature representa-
tion x, FiLM generates two condition-dependent param-
eters, γ and β, and transforms the feature as:

FiLM(x) = γ ⊙ x + β.

In our network, the augmented condition C̃t, which in-
cludes both the current observation feature and the world
model feature, is used to provide conditioning informa-
tion to the denoising network through FiLM layers. This
allows the denoising network to adapt its action genera-
tion process according to the current observation, tempo-
ral dynamics cue, and diffusion step.

4. EXPERIMENTS

We conducted pick-and-place experiments using two
objects with different material characteristics. This setup
was designed to examine manipulation behavior under

Fig. 2. HYlion orientation setup for object-centric grasp-
ing evaluation. The upper row presents the orientations
included in the training demonstrations, and the lower
row presents the orientations used for evaluation, includ-
ing unseen left- and right-rotated cases.

both rigid and deformable object conditions. The experi-
mental setup is summarized in Table 4, and we also eval-
uated the model under unseen object-orientation cases.

4.1 Task Setup
We selected pick-and-place as the experimental task

because it involves physical dynamics and 3D spatial in-
teractions, as shown in Fig. 3. Through this task, we
examine whether world model conditioning can help the
policy capture real-world dynamics.

There were two target objects used for pick-and-place:
a red block and a HYlion doll. Each object has different
physical properties. If the gripper is not well aligned with
a red block, it tends to slide off to the side as the gripper
closes. This means that the red block highly requires pre-
cise gripper alignment.

In contrast, the doll has different characteristics from
the red block. Since the doll is a deformable object, the
robot does not always need to be precisely aligned to
achieve a successful grasp. In some cases, it can suc-
cessfully grasp the target by holding the loop on its head,
the end of its foot, or by pinching part of its body. This
makes it more tolerant to grasping errors compared to
the red block. However, the doll also has an orientation-
dependent appearance because its visible shape changes
depending on its rotation. Therefore, it was used to eval-
uate whether the policy can generalize to diverse object
orientations in real-world tasks.

In addition, we adopted a contact-and-release setting,
where the robot had to grasp the object, move it over the
hurdle, place it inside the basket, and release the grip-
per only after the object made contact with the bottom
surface. Therefore, trials were considered failures if the
object was grasped too shallowly or if the lifting height
was insufficient to clear the hurdle. This setting made the
task more challenging by requiring both stable grasping
and precise object placement.

4.2 Results
We evaluated both policies under identical conditions.

The main evaluation metrics were inference time, success
rate, and performance under unseen 90◦ rotated cases.
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Table 1. Inference time comparison on the manipulation
task.

Method Inference time (ms)
Diffusion Policy 183.6± 14.8

WM-DP (Ours) 253.6± 19.2

Table 2. Success rate on the red block pick-and-place
task. The error term is calculated as the standard error.

Method Success rate(%)
Diffusion Policy 45.0± 7.9

WM-DP (Ours) 72.5± 7.1

Inference time. We measured the inference time of each
method. Inference time is largely determined by the iter-
ative denoising process used in diffusion models. For a
fair comparison, we used the same number of denoising
steps, 80, for both diffusion policy and our model dur-
ing evaluation. For each method, we conducted 10 trials
across 4 different seeds. The results are summarized in
Table 1. These results indicate that WM-DP introduces
only a slight increase in execution time while providing a
substantial improvement in task performance.

Success rate. Table 2 shows that our model achieved
a success rate of 72.5%, corresponding to a 27.5
percentage-point improvement over the diffusion policy
baseline. This substantial improvement can be attributed
to the predictive dynamics provided by world model con-
ditioning, which helped the policy handle the challenging
task conditions intentionally designed in our experiment.
To further examine this result, we analyze the observed
failure patterns and compare the actual trajectories gen-
erated by each method.

For the red block, we observed a characteristic fail-
ure pattern. Although the baseline was often able to ap-
proach the object, the grasping point was not sufficiently
deep. As a result, the object was blocked by the hurdle of
the target basket, leading to task failure. Another major
failure case was inaccurate approach motion. When the
gripper was not properly aligned with the red block, the
object tended to either slip away during gripper closing
or be pushed aside as the gripper approached it.

In contrast, our model reduced these failure patterns
and consistently achieved deeper, more stable grasps. It
also showed better robustness when the object was placed
in more challenging regions of the workspace. In sev-
eral trials, our model even performed a re-grasping mo-
tion, adjusting the grasp before picking up the object.
While the baseline sometimes dropped the object during
transport due to early gripper opening, our model main-
tained a stable grasp until the object contacted the basket.
These results suggest that our model provides more ro-
bust grasping and transport behavior in our tasks.

Object-centric grasping control. For HYlion, which
has different physical characteristics from the red block,

(a)	Real-World	Setup (b)	Image	Observations

Side	Camera

Wrist	Camera

Fig. 3. Real-world setup. The experimental setup was
configured as summarized in Table 4. Two camera views
were used: a side-view camera and a wrist camera.

the success rate in the upright orientation was slightly
higher than that of the red block pick-and-place task.
This result is notable because the target demonstrations
were not concentrated only on the upright orientation; in-
stead, the training dataset included mixed orientations,
such as upright, inverted, and approximately 45-degree
rotated poses. In other words, even though the number
of upright-only demonstrations for HYlion was relatively
limited, the policy still achieved a higher success rate than
in the red block task.

The deformability of the target object also affected the
behavior of the baseline. In several successful trials, the
baseline grasped the target through non-standard grasp-
ing points. These cases indicate that the doll can toler-
ate a wider range of grasping points than the red block.
Table 3 summarizes the success rates for HYlion under
different object orientations. Our model achieved an av-
erage success rate of 54.2%, while the diffusion policy
baseline achieved 41.7%.

Our model outperformed the baseline in the upright,
inverted, and left-rotated cases, improving the success
rate by 30.0, 22.5, and 5.0 percentage points, respectively.
This suggests that world model conditioning provides
useful predictive cues for orientations included or par-
tially represented in the demonstrations. However, per-
formance decreased in the right-rotated case from 45.0%
to 10.0%, likely because the demonstrations did not in-
clude end-effector rotations larger than 45 degrees, limit-
ing generalization to complete 90-degree alignment.

Overall, these results indicate that our model improves
performance when the physical interactions are within or
near the range observed during training. At the same
time, the degraded performance under the unseen 90-
degree rotated condition suggests that the world model
feature was actively involved in action generation, but its
effectiveness was limited outside the range of physical
dynamics observed during training.

4.3 Training
Dataset. We collected a total of 72 pick-and-place
demonstrations, consisting of 36 demonstrations for the
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Table 3. Success rate comparison for object-orientation-
aware grasping control with HYlion. All values are re-
ported in percentage.

Method Up Down Left Right Avg.
Diffusion

Policy 47.5 37.5 35.0 45.0 41.7

WM-DP
(Ours) 77.5 60.0 40.0 10.0 54.2

red block and 36 demonstrations for HYlion, as shown in
Fig. 2. For HYlion, the training data included demonstra-
tions under multiple orientations: the canonical upright
orientation, an orientation rotated by approximately 45
degrees from the upright pose, and an inverted orienta-
tion. To evaluate generalization performance of the poli-
cies to unseen object orientations, we additionally tested
the trained policy on cases where the object was rotated
90 degrees to the left or right, which were not included in
the demonstration dataset.

Training condition. Training for both diffusion policy
and world-model-conditioned diffusion policy was con-
ducted under the exactly same training conditions. Both
methods were trained for 75 epochs with a batch size of
16 and an observation horizon of 2. By keeping the train-
ing conditions identical, we ensured a fair comparison
between the two methods and evaluated their respective
performance under the same experimental setting.

The overall experimental results can be found in
https://youtu.be/dVcs-mAfopQ.

5. CONCLUSION

We designed a world-model-conditioned diffusion
policy (WM-DP), where the policy is conditioned not
only on the base observation but also on the latent fea-
ture generated by the world model.

The experimental results show that WM-DP achieved
a higher success rate than the DP-only baseline under the
same training and evaluation conditions. This improve-
ment was not only observed in the quantitative success
rate, but also in the qualitative behavior of the robot.

Our model produced more stable grasping and trans-
port behavior than diffusion policy, suggesting that world
model conditioning helps generate more reliable action
sequences. However, the lower performance in the un-
seen 90-degree rotated HYlion condition also indicates
an important limitation. Because this condition was not
sufficiently represented during training, the world model
feature affected action generation but did not provide re-
liable generalization outside the demonstrated range of
physical interactions.

Another important finding is that all training and eval-
uation settings were controlled to be identical for DP-
only and WM-DP. Therefore, the performance improve-
ment was achieved without increasing the amount of

Table 4. Real-world experimental setup.

Component Specification
Manipulator Franka Emika Panda
Gripper ROBOTIQ Adaptive Gripper
Side-view camera ZED 2
Wrist-mounted camera ZED Mini
Task Pick-and-place manipulation
Objects Red block, HYlion (Hanyang Univ. mascot)

training data or changing the training conditions. This in-
dicates that world model conditioning can be integrated
into diffusion policy as a lightweight structural extension
while still providing meaningful performance gains.
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