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Abstract— Robust robotic alignment is a key capability
in manufacturing and offshore maintenance, where precision
components must be positioned under uncertain conditions.
However, existing solutions are often labor-intensive or rely on
rigid manipulation assumptions that limit their applicability.

In this paper, we propose a push-based manipulation frame-
work integrating imitation learning with simulation-to-real
(Sim2Real) transfer. A diffusion-based policy is trained from ex-
pert demonstrations to generate temporally coherent multi-step
action sequences for contact-rich and stochastic interactions.

To bridge the reality gap, we introduce a semantic-consistent
visual preprocessing pipeline that aligns real-world observations
with simulation via segmentation and recoloring, improving
robustness under lighting variations and occlusions.

Experiments in simulation and real-world settings show that
the proposed method achieves high success rates and strong
robustness across diverse geometries and perturbations, demon-
strating the effectiveness of diffusion-based visuomotor policies
for reliable deployment in marine and industrial alignment
tasks.

Index Terms— Robotic alignment, imitation
Sim2Real transfer, push-based manipulation,

learning,

I. INTRODUCTION

Robotic alignment is a critical operation in manufacturing
and offshore maintenance, where precision components must
be positioned accurately to ensure reliable system perfor-
mance. In such environments, alignment tasks are often
performed manually, leading to low efficiency and inconsis-
tent quality. Automating these processes remains challenging
due to uncertain contact dynamics, perception noise, and
environmental variability.

Robotic automation provides a promising alternative, yet
existing approaches face significant limitations. Grasping-
based methods struggle with smooth or delicate surfaces
due to slipping and potential damage, while suction-based
solutions require strict geometric constraints [1], [2]. These
limitations restrict their applicability across diverse insert
types.

Push-based manipulation offers a more flexible alternative
by enabling incremental adjustments without requiring stable
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grasps [3]. This approach better reflects human alignment
strategies and is particularly effective for handling objects
with irregular shapes or uncertain physical properties. How-
ever, existing approaches fail to simultaneously achieve ro-
bust perception and efficient policy transfer in contact-rich
manipulation scenarios. Traditional push-based methods of-
ten rely heavily on visual feedback, making them vulnerable
to occlusions and perception failures.

To address these challenges, we propose a framework
that integrates imitation learning with simulation-to-reality
(Sim2Real) transfer [4], [5] for robust push-based alignment.
By learning directly from expert demonstrations, the system
captures strategies for handling occlusions and dynamic
interactions, reducing reliance on precise visual perception.

As illustrated in Fig. 1, our method builds upon diffusion-
based policy learning [6] to generate multi-step action se-
quences, while a semantic segmentation module enforces
visual consistency between simulated and real-world obser-
vations, facilitating effective sim-to-real transfer.

The main contributions of this work are:

e A push-based manipulation framework that combines
imitation learning with Sim2Real transfer for CNC
insert alignment.

« A diffusion-based policy that generates multi-step action
sequences from expert demonstrations for robust and
adaptive manipulation.

e« A semantic segmentation-based domain adaptation
strategy that improves visual consistency across sim-
ulation and real-world environments.

o Extensive validation in both simulated and real-world
settings, demonstrating improved alignment accuracy
and robustness across diverse insert geometries.

Although our experiments focus on laboratory CNC insert
alignment, the challenges in this task closely resemble those
faced by offshore and marine robotic operations. In such en-
vironments, robots often need to align and install components
in constrained spaces while dealing with uncertain contact
dynamics and variable visual conditions. The incremental
push-based strategy studied here mirrors the approach re-
quired for delicate adjustments in marine maintenance tasks,
such as valve alignment or hose installation on offshore
platforms.

II. RELATED WORK

A. Imitation Learning for Robot Manipulation

Recent advances in diffusion models [7], [8] have sig-
nificantly improved sequential decision-making [6], [9] by
enabling multi-modal trajectory generation. Prior works have
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demonstrated strong performance in robotic manipulation
tasks, particularly in contact-rich and stochastic environ-
ments [6]. The iterative denoising process allows diffusion
policies to capture diverse feasible solutions.

However, diffusion-based policies typically require large-
scale datasets and face challenges when deployed directly in
real-world environments due to distribution mismatch.

B. Simulation-to-Real Transfer

Simulation-to-real (Sim2Real) transfer has been widely
adopted to address the reality gap in robotic learning. Do-
main randomization [10] improves robustness by introducing
variability in simulation, while domain adaptation methods
[11], [12] align feature distributions between simulated and
real environments.

Although effective, these approaches may still struggle
in dynamic manipulation tasks where accurate modeling of
physical interactions is difficult.

C. Sim2Real for Imitation Learning

Combining imitation learning with Sim2Real transfer has
shown promise in improving data efficiency and reducing
reliance on real-world data [13], [4]. In addition, structured
control priors and kinematic randomization have been ex-
plored to improve transfer stability [14].

Nevertheless, the integration of diffusion-based policies
with Sim2Real remains limited. In particular, efficiently
leveraging simulated data while maintaining robustness to
real-world uncertainties is still an open challenge, especially
for contact-rich tasks such as pushing [3], [15]. Compared
to prior work, our approach explicitly enforces semantic

visual consistency between domains, enabling more reliable
Sim2Real transfer for diffusion-based policies in contact-rich
manipulation tasks.

III. METHOD
A. Diffusion Policy for Imitation Learning

We formulate the pushing policy as a conditional gener-
ative model that predicts a sequence of future actions given
the current observation. Following [6], the policy models the
conditional distribution of a multi-step action sequence aj.y
conditioned on o;. An overview of the framework is shown
in Fig. 1.

Action sequence prediction: At each timestep ¢, the
policy takes the most recent 7, observations as input and
predicts T}, future actions. Instead of executing only the
first action, we adopt a receding-horizon control strategy by
executing the first T}, actions before replanning. This design
improves temporal consistency while maintaining adaptabil-
ity to new observations. Such a formulation allows the policy
to implicitly reason over short-term future interactions, which
is critical for contact-rich pushing tasks requiring sequential
adjustments.

Diffusion formulation: To model complex and multi-
modal action distributions, we adopt a denoising diffusion
process. The forward process gradually perturbs expert action
sequences with Gaussian noise:

N(VI= Bl i),

where a) is the original expert action sequence and af is the
noisy version after k steps.
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The reverse process reconstructs clean actions by itera-
tively removing noise:

affl = qy (aiC — Vi eg(ot,af, k)) —l—/\f(07c7,2€l)7 2)

where €y is a learnable noise prediction network, and
ok, Vk, 0 are derived from the noise schedule.

The training objective minimizes the discrepancy between
true noise and predicted noise:

L =MSE(€", eg(or,a] + €",k)). (3)

Architecture details: As illustrated in Fig. 2, the policy
adopts a temporal U-Net architecture that takes noisy action
sequences and observation-conditioned features as input. The
encoder consists of stacked 1D convolutional layers with
residual connections to capture long-range temporal depen-
dencies, while FiLM layers inject observation conditioning at
each level. The decoder mirrors the encoder via upsampling
and skip connections to reconstruct temporally consistent
action sequences.

Discussion: Compared to single-step policies, the diffu-
sion formulation captures multi-modal action distributions,
which is critical for contact-rich manipulation tasks with
uncertain dynamics. The iterative denoising process pro-
motes smooth and temporally consistent action generation,
improving interaction stability.

Furthermore, multi-step prediction enables implicit short-
horizon planning, allowing the policy to recover from inter-
mediate errors and adapt to dynamic changes. This is par-
ticularly important in pushing tasks, where early deviations
can significantly affect final alignment performance.

B. Semantic-Consistent Sim-to-Real Transfer

To reduce the visual domain gap between simulation and
real-world environments, we design a semantic-consistent
preprocessing pipeline that transforms real observations into
a simulation-aligned representation.

Pipeline overview: Given an RGB image, we first localize
the workspace region using template matching [16]. A U-
Net-based model [17] is then applied to segment key compo-
nents, including the CNC insert, manipulator, and workspace.

Semantic alignment: The segmented regions are mapped
to a predefined color space consistent with the simulation
environment, resulting in a standardized representation used
as policy input.

Rationale: This approach reduces domain discrepancy
at the input level, allowing the diffusion policy to operate
on observations that closely match the training distribution,
thereby improving robustness to illumination variation and
partial occlusion.

C. Data Collection and Training

Data collection: Demonstration data are collected in
simulation via manual teleoperation. A human operator con-
trols the end-effector using mouse input, enabling intuitive
generation of expert trajectories.

The dataset includes diverse initial configurations, with
variations in object position, orientation, and contact condi-
tions. This diversity is essential for learning robust manipu-
lation strategies.

Action generation: The action space is defined as planar
displacements a; = (Axz, Ay;). Mouse movement between
consecutive frames is recorded and scaled to generate smooth
and continuous actions in the simulation environment.

Data recording: At each timestep, we record:

o RGB observations from the virtual camera,

o Agent states including position and velocity,

« Executed action ay.

These data are stored sequentially to form complete trajec-
tories.

Training: The collected dataset of (0y.7,a;.7) pairs is
used to train the policy via the diffusion policy frame-
work [6]. As described in model architecture, the policy
models the conditional distribution p(a;.y | 0;) of multi-step
future actions given the current observation. In training, the
forward diffusion process progressively adds Gaussian noise
to the expert action sequences, and the denoising network ¢g
is optimized via backpropagation to reconstruct the original
actions by predicting the noise at each step. The loss function
follows the denoising score matching objective introduced
in DDPM [7]. The model learns to reconstruct clean action
sequences conditioned on observations.

Inference and execution: At test time, the policy samples
action sequences by iteratively denoising from Gaussian
noise. Instead of executing a single action, we adopt a block
execution strategy:

{éh s 7é~t+n71}~

After executing « steps, the system re-observes the environ-
ment and replans, balancing stability and adaptability.

IV. EXPERIMENTS AND RESULTS
A. Simulation Setup

We construct a physics-based simulation environment in
PyBullet to train and evaluate the policy. The environment
includes multiple CNC insert geometries with randomized
initial positions and orientations to improve generalization.

The agent interacts with the environment through planar
actions a; € R?, and observations consist of RGB images
and agent states.

Simulation details: The simulation is implemented in Py-
Bullet with a fixed timestep of At = 1/240 s. The cylindrical
pushing tool is controlled via a velocity-based controller with
saturation to ensure stable contact interactions.

To improve robustness and generalization, we apply do-
main randomization during training, which has been widely
shown to improve sim-to-real transfer performance [10],
[5]. Object initial positions are uniformly sampled within
a bounded workspace, orientations are randomly generated,
and friction coefficients are randomized within a predefined
range.

A fixed overhead camera generates RGB observations,
resized to 256 x 256 pixels as policy input.
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Fig. 2. U-Net architecture of the diffusion policy.The network takes noisy action sequences and observation-conditioned features as input and iteratively

denoises them to produce executable action sequences.
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B. Task and Evaluation Metrics

The task requires pushing a CNC insert to a target pose
using a cylindrical rod. The agent must jointly regulate
position and orientation through planar pushing actions,
which is closely related to classical planar manipulation and
pushing dynamics [3], [15].

Performance is evaluated using:

« Success rate: percentage of episodes achieving success-

ful alignment.

o Final reward: cumulative reward per episode.

« Steps: number of steps required to complete the task.

An episode is considered successful if both position and
orientation errors fall below predefined thresholds within a
maximum horizon.

Reward definition: The reward function is defined as:

“)

where ¢, and €¢¢ denote position and orientation errors.
The time penalty is:

Tt = — (wpep + ’lUQGQ) =+ Ttime + Tsuce,

Ttime = —0.1. @)
The success reward is:
Face = R, €p < (5;0 A €9 < g ©)

0, otherwise

Sim-to-Real visual preprocessing pipeline.

This formulation is consistent with sparse success signals
commonly used in robotic manipulation learning [6], [1].

with w, = 0.7, wg = 0.3, 6, = 8 px, and 6° (~
0.105 rad).
Success criterion:
ep < 0p, €9 < Og. (7)

C. Policy Learning in Simulation

Training details: The policy is trained using the Adam
optimizer [18] with learning rate 1 x 10~* and cosine decay.
Batch size is 32, and training runs for 200k iterations.

We adopt a diffusion-based policy, which models action
sequences as a generative process and has shown strong
performance in visuomotor learning tasks [6], [7], [8], [9].

We use a prediction horizon of 16 steps and execute 8
actions per rollout before replanning.

As shown in Fig. 4, the success rate increases significantly
after 100k steps, reaching 0.96.

D. Real-World Experiment Setup

We deploy the proposed method on a three-axis linear
manipulation platform equipped with a monocular vision
system, as shown in Fig. 5. The system is designed for high-
precision planar pushing tasks and enables stable sim-to-real
evaluation.
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Fig. 4. Training performance over time.

Three-axis linear platform: The experimental platform
provides a 300x 300 x 300 mm workspace with an orthogonal
mechanical structure. Motion is actuated by stepper motors
coupled with ball-screw transmissions, achieving a position-
ing accuracy of approximately 0.1 mm in the XY plane.

To ensure smooth motion, trapezoidal velocity profiles
are used, a standard technique in robotic actuation sys-
tems. Closed-loop feedback is achieved using incremental
encoders.

The mechanical structure is built from aluminum profiles,
providing high rigidity while maintaining low inertia.

Fig. 5.

Real-world experimental platform.

Vision system: A fixed monocular RGB camera provides
real-time visual feedback. Images are resized to 256 x 256
as policy input.

For perception, we adopt a U-Net-based segmentation
model [17], which is widely used in dense prediction tasks.
Edge and structure priors are further extracted using classical
vision operators such as Canny edge detection [19] and
Hough transform [20].

E. Real Robot Experiment

As shown in Fig. 7, the proposed policy achieves consis-
tently high success rates across different CNC insert types,
with all cases exceeding 80%. Each result is evaluated over
30 independent trials per insert type.

During real-world deployment, we observed that failures
were mainly caused by:

e Occluded or mis-segmented inserts.
« Initial object placement near the workspace edges.

Fig. 6.

Camera module.

These observations emphasize the importance of maintain-
ing visual consistency and generating robust multi-step ac-
tions for effective sim-to-real transfer. Our method employs
semantic preprocessing and recoloring to reduce the visual
domain gap between simulation and reality. While we did not
perform a full quantitative ablation study in this work, our
limited trials and prior literature suggest that removing se-
mantic preprocessing or recoloring can significantly degrade
performance [10], [5]. Similarly, baseline policies without
diffusion modeling struggle to plan robust multi-step action
sequences under uncertain contact dynamics [6].

The reward and step statistics exhibit a moderate long-
tail distribution. Most trials achieve medium-to-high perfor-
mance, while a small number of edge cases result in lower
rewards and increased execution steps. Overall, the policy
demonstrates strong stability and repeatability in real-world,
contact-rich manipulation tasks, with occasional performance
degradation under challenging initial conditions.
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Fig. 7. Push task results of A, B, and D CNC inserts. Success rates are
90.0%, 86.7%, and 83.3%. Each result is evaluated over 30 independent
trials per insert type.



Robustness Test: To further evaluate robustness under
external disturbances, we introduce perturbations at different
stages of task execution. As shown in Fig. 8, two representa-
tive scenarios are considered: late-stage disturbance near task
completion and mid-trajectory disturbance during execution.
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Fig. 8. Robustness evaluation under external disturbances. Case 1: late-
stage disturbance. Case 2: mid-trajectory disturbance.

In the first case, the policy is able to re-localize the
object after a late-stage disturbance and complete the task,
although with increased execution steps in some trials. In
the second case, despite mid-trajectory perturbations, the
policy demonstrates strong recovery capability by adjusting
its actions and continuing toward the goal. Overall, the
results show that the proposed method maintains reliable
performance under dynamic disturbances, while incurring
additional recovery cost in more challenging scenarios.

V. CONCLUSION

We proposed a diffusion-policy-based imitation learning
framework with a semantic-consistent Sim2Real pipeline for
robotic object alignment in marine and industrial manufac-
turing scenarios.

Experiments in simulation and on a real-world platform
show high success rates and robust performance under vary-
ing initial conditions and disturbances. Failures mainly stem
from perception errors, challenging initial placements, or tool
flexibility.

Future work will focus on:

1) Systematic ablation studies to quantify the contri-
butions of semantic preprocessing, recoloring, and
diffusion-based policy.

2) Improving visual robustness against occlusion and il-
lumination changes.

3) Extending to more complex, contact-rich manipulation
tasks.

The results demonstrate the potential of combining
diffusion-based policies with semantic-consistent Sim2Real
transfer for reliable real-world robotic alignment.
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