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Abstract— Diffusion-based policies have achieved remarkable
results in robotic manipulation but often struggle to adapt
rapidly in dynamic scenarios, leading to delayed responses
or task failures. We present DCDP, a Dynamic Closed-Loop
Diffusion Policy framework that integrates chunk-based action
generation with real-time correction. DCDP integrates a self-
supervised dynamic feature encoder, cross-attention fusion, and
an asymmetric action encoder-decoder to inject environmental
dynamics before action execution, achieving real-time closed-
loop action correction and enhancing the system’s adaptability
in dynamic scenarios. In dynamic PushT simulations, DCDP
improves adaptability by 19% without retraining while requir-
ing only 5% additional computation. Its modular design enables
plug-and-play integration, achieving both temporal coherence
and real-time responsiveness in dynamic robotic scenarios,
including real-world manipulation tasks. The project page is
at: https://github.com/wupengyuan/dcdp

I. INTRODUCTION

In recent years, diffusion policies have achieved remark-
able results in robotic manipulation tasks [1], [2], [3]. These
methods typically reason over action chunks to capture non-
Markovian dependencies, reducing compounding errors in
sequential prediction and enabling coherent long-horizon
action generation [4], [5].

However, achieving efficient robotic manipulation in dy-
namic environments requires more than long-term planning;
the policy must also be capable of promptly responding
to rapid environmental changes. This dual demand poses
a significant challenge to existing approaches: the policy
must generate coherent action sequences over extended time
horizons while simultaneously perceiving and adapting to
external disturbances or target motions during execution.

Without such responsiveness, open-loop execution often
leads to delays or task failures. In typical scenarios, such as
grasping moving objects, the lack of sufficient reactivity can
drastically reduce success rates.

Generally, the limitations of existing approaches can be
summarized as follows: (1) Open-loop action generation.
Action chunks are fully generated prior to execution, lacking
the capability to dynamically adjust subsequent actions based
on the latest observations. This severely restricts respon-
siveness in dynamic environments. (2) Insufficient temporal
modeling. The inference process often relies on single-frame

1Zhejiang University. 2Shanghai Artificial Intelligence Laboratory.
3Fudan University. 4Northwestern Polytechnical University. 5Institute of
Artificial Intelligence, China Telecom Corp Ltd.

Emails: {pengyuanwu0810, zprzpr121}@gmail.com
∗ Equal contribution. B Corresponding author.

Open-Loop

Action Chunking

Closed-Loop

Action Chunking

Closed-Loop

Action Chunking

with 

Dynamic Correction 

H-horizon

H-horizon

Single-horizon

M-History Bank

……

Action

Observation

Dynamic Correction

Trajectory

Fig. 1. Comparison of the Open-Loop Diffusion Policy, Closed-
Loop Diffusion Policy, and Our Closed-Loop with Dynamic Correction
Diffusion Policy. The orange line depicts the action chunking prediction
of length H for the Open-Loop Diffusion Policy. Meanwhile, the green
line denotes the Closed-Loop Diffusion Policy, which employs single-step
inference to achieve closed-loop control. However, this approach incurs
high latency and requires frequent re-planning. By contrast, our Dynamic
Correction Closed-Loop Diffusion Policy (as indicated by the red line)
leverages information from a length-M History Bank to perform lightweight,
fast corrections at each inference step, thereby achieving closed-loop control.

or a small number of static observations, failing to fully
exploit continuous temporal information, which in turn limits
adaptability to environmental changes.

To address the above issues, previous studies have ex-
plored two primary avenues for improvement. The first
increases inference frequency by shortening the prediction
horizon or reducing denoising steps to enhance system
responsiveness [6], [1], [4]. However, these approaches gen-
erally compromise action generation quality, and excessively
frequent updates may disrupt action sequence continuity,
thereby weakening task execution stability. The second av-
enue employs temporal ensemble or bidirectional decoding
to achieve closed-loop execution by integrating multi-step in-
ferred action sequences [7], [8]. Nevertheless, these methods
face two main limitations: they are either constrained by his-
torical inference information, hindering true real-time closed-
loop execution, or they require sampling multiple action
sequences within a single inference step for decoding and
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selection, which incurs substantial computational overhead.
Facing these challenges, this paper proposes a closed-loop

action-chunking policy framework that integrates long-term
planning with real-time dynamic correction. The framework
leverages the strengths of diffusion policies in long-horizon
planning, while incorporating a lightweight dynamic feature
module that injects high-frequency environmental informa-
tion into action generation. In this way, closed-loop execution
and dynamic responsiveness are achieved at every time step.

Specifically, we first design a self-supervised dynamic
feature encoder to extract information about environmental
changes. This encoder collects recent observation images
within a sliding window and applies self-supervised con-
trastive learning on their differential features, thereby cap-
turing high-frequency dynamics. To further enhance tempo-
ral awareness, we introduce cross-attention and temporal-
attention modules, which strengthen feature modeling in dy-
namic scenes. In addition, we develop an asymmetric action
encoder that compresses raw action sequences into latent
representations and reconstructs them using dynamic feature
information. By enforcing reconstruction loss together with
a KL divergence constraint, the decoder is compelled to
rely on recent dynamic observations, thereby improving the
adaptability of action generation.

Generally, the training and inference stages of the pro-
posed method can be illustrated as follows:

Stage 1 (Training):Using labeled data, the asymmetric
action encoder and the self-supervised dynamic feature en-
coder are trained end-to-end. Reconstruction loss and KL
divergence are employed to guide the decoder to attend to
dynamic features.

Stage 2 (Inference):The pretrained diffusion policy gener-
ates complete action chunks to ensure long-term action con-
sistency. Simultaneously, the dynamic feature module contin-
uously extracts environmental change information through a
sliding window and jointly decodes it with the action latent
representations, enabling real-time correction of actions at
each time step. Because the module updates at the same
frequency as the action execution, it can significantly en-
hance adaptability to dynamic environments while maintain-
ing overall action coherence.

It is worth emphasizing that this approach does not require
any retraining of the original diffusion policy. By simply
inserting the dynamic correction module during inference,
the framework substantially improves responsiveness and
robustness in dynamic scenarios. Moreover, the framework is
highly modular and compatible, allowing seamless integra-
tion with various action-chunk-based policies and providing
a plug-and-play solution to balance long-term planning with
real-time closed-loop control.

We evaluated the DCDP method on the dynamic PushT
simulation task and two real-world tasks. The results demon-
strate that DCDP can effectively mitigate the adaptability
limitations of Diffusion Policy in dynamic scenarios without
requiring retraining. Compared with the original inference
method, it achieved a 19% improvement in success rate with
only 5% additional computational overhead. Furthermore, in

static scenarios, its efficient closed-loop characteristic further
improved task success.

In summary, the contributions of this work are as follows:
• Dynamic Closed-Loop Framework: Integrates long-

horizon planning with real-time correction, preserving Dif-
fusion Policy consistency while enabling fast responses to
environmental changes.

• Dynamic Feature Extraction and Action Correction:
Lightweight temporal attention module learns environmen-
tal dynamics and fuses them with latent actions, allowing
flexible adaptation to perturbations and moving targets.

• Training-Free and Modular Design: Enhances dynamic
adaptability without retraining Diffusion Policy; modular
design supports plug-and-play integration with various
action-chunk strategies for long-term planning and real-
time control.

II. RELATED WORK

A. Behavior Cloning

Recent advancements in data collection and benchmark
development, both in simulated and real-world environ-
ments [9], [10], [11], [12], have significantly contributed
to the progress of robotics. Imitation learning, particularly
through expert demonstrations, has emerged as a pivotal
driver in advancing robotic capabilities [13], [14], [15], [16],
[17], [18], [19], [20]. Among the various techniques in
imitation learning, Generative Behavior Cloning has garnered
significant attention due to its ability to effectively model the
distribution of expert demonstrations. This approach not only
simplifies the learning process but has also shown strong
empirical success in real-world applications [21], [22], [23].
Recently, a Behavior Cloning method incorporating action
chunking has been proposed [1], [24], [8]. This technique
effectively manages temporal dependencies by predicting
sequences of continuous actions. However, the process of
inferring action chunks often depends on single-frame or
a limited number of frame observations, which fails to
fully leverage the continuous temporal information present
in the data. In contrast, our approach exploits previously
underutilized temporal cues in the observations and integrates
a fast policy to inject these signals into a slower diffusion
policy, facilitating online policy correction.

B. Closed-Loop Action Chunks

The diffusion policy generates high-quality action through
iterative refinement from Gaussian noise, resulting in sig-
nificant improvements in robotic manipulation [1], [2], [5].
However, the re-planning frequency of the diffusion policy
is limited, and the execution of an action chunking process
remains open-loop. The poor performance of the diffusion
policy in rapidly changing environments is also attributed
to the open-loop nature of action chunking, which prevents
it from receiving timely feedback and responding dynami-
cally. To address this, some approaches [25], [26], [27] aim
to incorporate high-frequency policies, injecting additional
information during the execution of an action chunk to
enable closed-loop control. We also adopt a closed-loop
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scheme, enhancing the dynamic capabilities of the diffusion
policy by fully utilizing the memory and differential dynamic
information within the closed-loop action chunks.

C. Dynamic Manipulation

In robot-object interactions, objects are often in motion,
such as when handling items on an industrial conveyor belt
or interacting with dynamic objects like a soccer ball [28], a
badminton shuttlecock [29], or a table tennis ball [30] during
sports activities. However, there is currently no dedicated
real or simulated dataset specifically designed to train robots
for adapting to such dynamic scenarios. To address dynamic
challenges, some approaches [31], [32] integrate Model Pre-
dictive Control (MPC) [33] to achieve real-time performance.
While effective in structured environments, these methods
tend to generalize poorly when the motion sequences of
the manipulated objects become more uncertain. Addition-
ally, some methods [34], [35], [36] combine reinforcement
learning to explore dynamic capabilities. However, these
approaches do not fully leverage the action expert data
derived from imitation learning, as discussed in Section II-
A. In contrast, our approach injects dynamic correction
information into the diffusion policy, which has been trained
through imitation learning, in a training-free manner during
the second-stage dynamic scene evaluation. This method
eliminates the need for additional training of the action model
and enhances the model’s ability to operate effectively in
dynamic environments.

III. METHOD

A. Preliminaries
Diffusion policy with action chunking. Let At:t+H−1 :=

[at ,at+1, . . . ,at+H−1] denote a horizon-H action chunk con-
ditioned on the current observation ot . We instantiate the
slow policy as a conditional diffusion model,πs(At:t+H−1 |
ot), which transforms Gaussian noise into At:t+H−1 via
an observation-conditioned denoiser εθs . During dynamic
evaluation we keep the parameters θs fixed (training-free),
reusing the weights learned on a static dataset. While πs
promotes temporal coherence across the chunk, it operates
open-loop within the chunk and thus cannot promptly react to
object motion in rapidly changing scenes (Please see Figure 2
Stage 2).

Dynamics-aware policy. We maintain a history bank
of the most recent M observations (Figure 2 Stage
1), Ot−M+1:t := [Ot−M+1, . . . ,Ot ]. A fast policy extracts
dynamics-aware, memory features from this history, FM =
π f (Ot−M+1:t).

Joint policy for dynamic evaluation. At dynamic evalua-
tion time, we fuse the slow and fast pathways through a joint
policy πc(A′

t:t+H−1 | ot ,FM), where A′
t:t+H−1 is the action

chunk after online dynamic correction, jointly predicted
from the current observation ot and the features FM . In
the following, Section III-B details the training of the fast
dynamic aware policy π f , and Section III-C explains how
its features condition the diffusion policy to yield corrected
action chunks in dynamic environments.

B. Stage 1: Fast Dynamic Aware Policy Training
This section details the Stage 1 training procedure of

the Fast Dynamic-Aware Policy, as illustrated in Figure 2
(left). We use a History Bank to store a sliding window
of observations of size M, denoted as Ot−M+1:t . The His-
tory Bank is then used in conjunction with the computed
differential features for cross-attention, aiming to capture
dynamic information, while utilizing frame-wise temporal
attention to learn the sequential history (see Section III-B.1).
Additionally, we compute a self-supervised loss using the
differential features for the output of the fast dynamic aware
policy, and train the model accordingly (see Section III-B.5).
To ensure that the Fast Dynamic Aware Policy training fully
leverages expert data, we employ a lightweight Variational
Autoencoder for action prediction training on pushT data. In
this case, the output of the Fast Dynamic Aware Policy is
jointly used with ot to predict the action and compute the
loss for backpropagation (see Section III-B.6).

1) History Bank Memory Learning: We propose a Dy-
namic Feature Extractor, which is designed to capture both
temporal dependencies and dynamic changes in the environ-
ment. The system relies on a sliding window of the most
recent observations, stored in the History Bank, to extract
dynamic features using a combination of convolutional layers
and attention mechanisms.

Let Ot−M+1:t := [Ot−M+1,Ot−M+2, . . . ,Ot ] represent the
history bank containing the most recent M observations.
These observations are fed into the feature extractor to
capture spatial and temporal dependencies. Initially, the
input Ot−M+1:t is processed through a pre-trained ResNet18
backbone to extract spatial features. Let the extracted feature
map be denoted by:

Xspatial = ResNet(Ot−M+1:t), (1)

where Xspatial ∈ RM×C×H f ×W f ; here M is the number of
frames, and C,H f ,Wf denote the channel, height, and width
of the feature maps, respectively.

2) Differential Feature Computation: To capture the
dynamic changes between consecutive frames, we compute
the differential feature ∆Xt as:

∆Xt = Xt+1 −Xt , (2)

where Xt represents the extracted feature map for frame t.
We scale the differential by a learnable parameter α:

Dt = α · (Xt+1 −Xt), (3)

where Dt ∈R(M−1)×C′×H f ×W f represents the differential fea-
tures for the sliding window. This operation allows the model
to capture temporal dynamics between adjacent frames.

3) Temporal Attention: The Temporal Attention mech-
anism is designed to capture dependencies across the time
dimension in a sequence of frames. It enables the model to
learn temporal relationships between frames, allowing it to
focus on the most relevant time steps and capture long-range
temporal dependencies.

Given frame features Xspatial ∈ RM×C′×H f ×W f , the model
computes, for each time step t, the query (Qt), key (Kt ′),
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Fig. 2. Overview of the DCDP. Our method adopts a two-stage framework. In Stage 1 (left panel of the figure), we train the Fast Dynamic-Aware Policy
and a variational autoencoder (VAE). In Stage 2 (right panel of the figure), we apply training-free, per-step action corrections using the aforementioned
Fast Dynamic-Aware Policy; the corrected actions are then decoded by the VAE decoder.

and value (Vt ′), obtained from Xspatial via learned linear
projections. The attention scores are then computed by taking
the dot product between the query for time step t and the
key for time step t ′, with the attention score Attnt,t ′ given
by:

Attnt,t ′ = SoftMax(
Qt ·KT

t ′√
D

), (4)

where D denotes the dimensionality of the query and key
vectors; the score quantifies temporal similarity between time
steps t and t ′ and is scaled by 1/

√
D to stabilize gradients

during training. The attention scores are then normalized
using the softmax function to convert them into a probability
distribution.

Finally, the attention scores are applied to the values Vt ′ ,
producing the attended output for time step t. The output
is the weighted sum of the values across all time steps,
allowing the model to focus on the most important frames.
The attended features for time step t are computed as:

Xattended,t = ∑
t ′

Attnt,t ′ ·Vt ′ . (5)

The final attended features are then passed through a linear
projection to produce the output tensor Xtemporal.

The Temporal Attention mechanism effectively learns
long-range temporal dependencies by focusing on relevant
time steps, making it especially powerful for modeling
dynamic environments where the relationships between past
and future frames are crucial for accurate predictions.

4) Fusion Cross-Attention: To relate dynamic features
to the observation history, we apply cross-attention to fuse
the differential feature Dt with temporal context from the
history bank Xtemporal. Given queries Qt from Xtemporal and

keys/values Kt ,Vt from Dt , the attention output is

Attn(Qt ,Kt ,Vt) = softmax
(

QtK⊤
t√

dk

)
Vt , (6)

where dk is the key dimensionality. This cross-attention
aligns temporal context with differential cues, enabling the
model to attend to dynamic changes over time. Let FM denote
the fused representation that summarizes both historical
memory and dynamic variation.

5) Self-Supervised with Differential: In this section, we
present a self-supervised learning scheme for the dynamic
feature extractor that leverages frame-to-frame differentials
to model temporal change, removing the need for manual
labels.

During training, at step M the extractor produces predicted
dynamic features FM , while the history bank provides differ-
ential targets DM−1 (Sec. III-B.1). The model is conditioned
on preceding frames, and DM−1 serves as supervision.

To align predictions with observed changes, we minimize
the KL divergence between normalized features:

Ldiff =
T

∑
t=1

KL
(

softmax(F(t)
M )∥ softmax(D(t)

M−1)
)
. (7)

This objective encourages the representation to capture tem-
poral dynamics without manual annotations.

6) Variational Autoencoder: We utilize a modified Vari-
ational Autoencoder (VAE) to predict future actions. The
model consists of an encoder that processes the action
sequence and a decoder that generates the predicted future
actions conditioned on dynamic temporal features. This
architecture allows the model to learn a compact latent
representation that captures the essential temporal dynamics
between the current and future actions.

Encoder and Latent Space Representation. The en-
coder network takes an action sequence At as input, and
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outputs the mean (µ) and log-variance (log(σ2)) of a
Gaussian distribution, which parameterizes the approximate
posterior distribution q(z | At) over the latent variable z:

q(z | At) = N (µ,σ2). (8)

This distribution is used to capture the underlying factors of
variation in the action sequence. The latent vector z is then
sampled from this distribution using the reparameterization
trick to allow for backpropagation through the stochastic
sampling process:

z = µ +σ · ε, (9)

where ε ∼N (0, I) is random noise, and σ = exp
( 1

2 log(σ2)
)

is the standard deviation derived from the log-variance.
Decoder and Action Prediction. The decoder generates

the predicted future actions Ât , conditioned on both the latent
vector z and the dynamic features FM of the action sequence.
These dynamic features FM capture the temporal dependen-
cies of the environment, which are used as additional context
for action prediction. The decoder reconstructs the action
sequence using a recurrent neural network (RNN) that
takes in the latent vector and the temporal context to output
the predicted action sequence:

p(At | z,FM) = N (Ât ,σ
2
decoder). (10)

Here, Ât is the predicted action, and σdecoder is the standard
deviation of the predicted distribution.

7) Loss: The training objective of the VAE is a combi-
nation of the reconstruction loss and the KL divergence
regularization. The reconstruction loss is computed as:

Lrecon = MSELoss(Ât ,At). (11)

The KL divergence is computed as:

LKL =−1
2

d

∑
i=1

(
1+ log(σ2

i )−µ
2
i −σ

2
i
)
, (12)

Where µi and σi are the mean and standard deviation of the
posterior for the i-th latent dimension. The differential loss
Ldiff is computed using the KL divergence as mentioned
above. Thus, the total loss function is the weighted sum of the
reconstruction loss, the KL divergence, and the differential
loss:

Ltotal = Lrecon +λKLLKL +λdiffLdiff, (13)

where λKL and λdiff are hyperparameters controlling the
relative importance of each term. The forward pass involves
the action sequence At and the temporal conditional features
FM , and the VAE model outputs the reconstructed actions
Ât , along with the mean µ and log-variance log(σ2) from
the encoder. The total loss is then backpropagated to update
the model parameters.

C. Stage 2: Dynamic Injection for Training-Free Diffusion
Policy

During dynamic evaluation, we maintain a sliding win-
dow of length M over the observations, Ot−M+1:t =

[ot−M+1, . . . ,ot ]. We then compute dynamics-aware features
online using the Stage-1 Fast Dynamic-Aware extractor π f :

Ft = π f (Ot−M+1:t) ∈ Rd f . (14)

A frozen slow diffusion policy produces a horizon-H open-
loop action chunk conditioned on the current observation,

At:t+H−1 ∼ πs( · | ot), At:t+H−1 = [at , . . . ,at+H−1]. (15)

For feature injection, we first apply elementwise normal-
ization using known bounds amin,amax:

Ãt:t+H−1 = 2
At:t+H−1 −amin

amax −amin
−1, (16)

where all operations are elementwise and 1 denotes an all-
ones tensor matching the shape of At:t+H−1. We then encode
this chunk into a latent vector with the frozen VAE encoder
E trained in Stage 1:

zt = E
(
Ãt:t+H−1

)
∈ Rdz . (17)

Within each chunk, execution proceeds in a closed loop.
For each step s ∈ {0, . . . ,H − 1}, we refresh the history
window and recompute features:

Ft+s = π f (Ot+s−M+1:t+s) . (18)

We then decode a dynamically corrected action with the
frozen VAE decoder D trained in Stage 1, conditioned on
a step embedding es:

ât+s = D(zt , Ft+s, es) . (19)

Aggregating over steps yields the closed-loop chunk:

Â′
t:t+H−1 = [D(zt ,Ft ,e0), . . . , D(zt ,Ft+H−1,eH−1) ] . (20)

Equivalently, this induces a deterministic joint closed-loop
policy

πc(ât+s | ot ,Ot+s−M+1:t+s) =δ (ât+s −D(E(norm(πs(ot))),

π f (Ot+s−M+1:t+s),es))
(21)

where norm(·) denotes the linear normalization above and
δ (·) is a Dirac delta indicating a deterministic mapping. After
s = H − 1, we replan by resampling a new chunk from πs
with the latest observation (receding-horizon), while keeping
all modules frozen; thus, the entire Stage-2 procedure is
training-free. The continual injection of Ft+s provides fine-
grained online corrections to the open-loop diffusion chunk,
improving responsiveness and robustness in rapidly changing
scenes.

IV. EXPERIMENT

In this section, we evaluate the proposed algorithm on the
PushT task in dynamic scenarios. First, under static settings,
we evaluate the effect of the method on task success rate
and compare it with the standard Diffusion Policy inference
strategy. Then, in dynamic scenarios, we further investigate
the robustness and generalization of the algorithm, and
conduct ablation studies to validate the effectiveness of each
design module. Finally, we measure the inference latency of
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the algorithm, demonstrate its lightweight nature, and show
that it can support high-frequency closed-loop control and
real-time deployment.

A. Experimental Settings

For the PushT task, we employ a Diffusion Policy trained
from human demonstrations as the basic control strategy.
During inference, we set the batch size to N = 50, meaning
that 50 initial poses are randomly generated in the simulation
environment and kept fixed throughout the experiments.

For each initial condition, we conduct rollouts in the
environment and evaluate the performance of each method
in terms of task success rate and inference latency. The
simulation terminates either when the maximum number of
steps Tmax = 300 is reached, or earlier if the overlap ratio
σ between the object and the target position exceeds 95%.
The simulation environment operates at 10 Hz. The model
predicts the next 16 actions in a single inference step and
executes the first 8 actions in open-loop mode.

Baselines: We consider three representative existing infer-
ence methods as baselines for comparison:
• Original Open-loop(H=8): Execute an entire action chunk

at each inference step.
• Original Closed-loop(H=1): Execute only the most recent

action at each inference step.
• Temporal Ensemble [23](H=1): At each overlapping step,

we average the new prediction a with the previous predic-
tion â to produce smoother action chunks: at = λat +(1−
λ )ât , with λ set to 0.5.

H denotes that the Diffusion Policy model is inferred every
H time steps.

Perturbations:To systematically evaluate the robustness
and generalization of the proposed method under dynamic
conditions, we introduce two types of perturbations in sim-
ulation:
• Constant-direction Perturbations: During each execution

step, an offset of fixed magnitude and direction is applied
to the object to emulate a sustained external force.

• Random-direction Perturbations: During each execution
step, an offset with fixed magnitude and randomly varying
direction is applied, where the direction is resampled every
N = 50 steps.

Static Constant 

Perturbations 

Random 

Perturbations 

Fig. 3. Different types of perturbations are considered, where the random
perturbation updates its direction at certain time steps.

Dataset: This study employs a publicly available human
demonstration dataset consisting of 200 trajectories, where
the blocks are free from external Perturbations.

Model Training: Our method was trained from scratch
on a single NVIDIA A800 80GB GPU. For comparison,

as a baseline, the Diffusion Policy is trained with default
parameters for 500 epochs to ensure convergence.

Inference Latency Measurement: To ensure a fair eval-
uation of inference efficiency, we measure all inference
latencies on a single NVIDIA RTX 4090 GPU 24GB under
identical hardware and software configurations.

B. Quantitative Analysis

Table I presents a comparison of task success rates be-
tween the proposed method and several baselines in both
static scenarios and dynamic scenarios under varying Pertur-
bations.

TABLE I
SUCCESS RATES ACROSS THREE LEVELS OF PERTURBATION INTENSITY

SHOW THAT THE PROPOSED DCDP METHOD OUTPERFORMS ALL

BASELINE METHODS.

Methods Static
Constant

Perturbations
Random

Perturbations

Open-Loop 88.4 58.2 52.8
Close-Loop 84.6 76.1 61.6
Temporal
Ensemble 81.0 65.8 57.3

DCDP 92.5 77.6 71.9

Table II shows the average single-step latency for each
method, highlighting the real-time and computational im-
provements of our method.

TABLE II
COMPARISON OF PER-STEP INFERENCE LATENCY. DCDP ADDS ONLY

5% OVERHEAD IN CLOSED-LOOP EXECUTION, SUBSTANTIALLY LOWER

THAN OTHER CLOSED-LOOP METHODS.

Methods OL(H=8) CL(H=1) TE(H=1) DCDP(H=8)

Delay (ms) 7.05 53.60 53.74 7.39

We observe that the original closed-loop policy outper-
forms the open-loop policy in terms of task success rate
under dynamic scenarios, whereas it exhibits a marked
performance drop in static scenarios. We speculate that this
is because, as a diffusion model, Diffusion Policy replans
the entire action sequence during each inference step, which
results in discontinuity between consecutive actions. This
may impair its ability to reproduce long-term coordination in
human demonstrations, thus reducing the task success rate.
In contrast, DCDP operates at a lower replanning frequency,
exploiting the long-term planning ability of the diffusion
policy while integrating recent observations for rapid closed-
loop control, resulting in notable improvements in both static
and dynamic tasks.

In addition, the inference latency data show that our
lightweight model has clear advantages in real-time per-
formance, with lower latency than the direct closed-loop
strategy and supporting high-frequency closed-loop control
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Fig. 4. Visualization of how various inference strategies respond to
perturbations.

C. Ablation Study

To assess the necessity and effectiveness of each module
in the proposed architecture, we conduct ablation studies to
analyze their relative contributions to model performance.

Specifically, we conducted ablation studies on the self-
supervised dynamic feature extraction module. Key compo-
nents were sequentially removed, and Stage 1 was retrained
after each removal. Training parameters and evaluation met-
rics were kept the same as in the original experiment.

TABLE III
TASK SUCCESS RATES AFTER ABLATING INDIVIDUAL MODULES,
DEMONSTRATING THAT EACH MODULE IN DCDP IS EFFECTIVE.

TA SSD DCA SRstatic SRdynamic

88.40 58.20
✓ ✓ 92.05 73.59

✓ ✓ 92.31 73.50
✓ ✓ 93.36 68.23
✓ ✓ ✓ 92.50 77.60

Table III presents the results of the ablation experi-
ments.TA refers to temporal attention, SSD refers to self-
supervised diff loss, DCA refers to diff cross attention, and
SRstatic, SRdynamic, denotes success rate (%). We selected
static scenarios and constant-direction perturbations as eval-
uation metrics.

The results demonstrate that all proposed modules make
positive contributions to system performance.

Consant Perturb Consant Perturb Consant Perturb

Random Perturb Random Perturb Random Perturb

Pick and place a moving cup 

Pour liquid into a moving cup

Fig. 5. The two tasks comprise two types of perturbations: constant-
direction and random-direction. These perturbations were applied exclu-
sively to the components highlighted in the figure.

D. Real World Application

To validate the effectiveness of the proposed algorithm in
real-world scenarios, we select two representative manipula-
tion tasks for evaluation:
• Pick-and-place of a moving cup, corresponding to the

constant-direction perturbation scenario, which examines
the algorithm’s robustness under continuous perturbations;

• Pouring liquid into a moving cup, corresponding to the
random-direction perturbation scenario, which evaluates
the algorithm’s adaptability to uncertain perturbations.
We employed the UMI [22] gripper to perform the tasks

and utilized the publicly available FastUMI dataset, repro-
ducing its scenarios to construct a real-world evaluation
platform.

In the real-world task tests, we adopted the PushT dy-
namic task evaluation design and implemented constant- and
random perturbations. Constant-direction perturbations were
applied in the ”picking and placing a moving cup” task,
in which the cup moved along a single direction prior to
grasping. Random perturbations were applied in the ”pouring
liquid into a moving cup” task, in which the cup’s movement
direction was random, requiring the robotic arm to pour
liquid accurately into it.

The results indicate that, compared with the original
inference method, DCDP exhibits significantly enhanced
adaptability in dynamic environments and can handle a range
of dynamic scenarios.

V. CONCLUSION

We propose DCDP, a training-free closed-loop action-
chunk framework that injects high-frequency dynamic fea-
tures into a pretrained diffusion policy for real-time correc-
tion. Key elements include a self-supervised dynamic feature
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encoder, cross/temporal attention for temporal awareness,
and an asymmetric action encoder/decoder that decodes
frozen diffusion chunks with updated context. Since cor-
rection happens at inference without retraining, DCDP is
a lightweight, plug-and-play balance between long-horizon
planning and responsive control. Current limits include eval-
uation on a single simulated task and small data; future
work should test diverse tasks, real hardware, and adaptive
scheduling with multi-modal dynamics.
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