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Abstract— Imitation learning method has shown immense
promise for robotic manipulation, yet its practical deployment is
fundamentally constrained by the data scarcity. Despite prior
work on collecting large-scale datasets, there still remains a
significant gap to robust spatial generalization. We identify a
key limitation: individual trajectories, regardless of their length,
are typically collected from a single, static spatial configuration
of the environment. This includes fixed object and target
spatial positions as well as unchanging camera viewpoints,
which significantly restricts the diversity of spatial information
available for learning. To address this critical bottleneck in data
efficiency, we propose MOtion-Based Variability Enhancement
(MOVE), a simple yet effective data collection paradigm that en-
ables the acquisition of richer spatial information from dynamic
demonstrations. Our core contribution is an augmentation
strategy that injects motion into any movable objects within
the environment for each demonstration. This process implicitly
generates a dense and diverse set of spatial configurations
within a single trajectory. We conduct extensive experiments
in both simulation and real-world environments to validate our
approach. For example, in simulation tasks requiring strong
spatial generalization, MOVE achieves an average success rate
of 39.1%, a 76.1% relative improvement over the static data
collection paradigm (22.2%), and yields up to 2–5× gains
in data efficiency on certain tasks. Our code is available at
https://github.com/lucywang720/MOVE5.

I. INTRODUCTION

Recently, end-to-end learning methods have made signifi-
cant strides in robotic control, enabling the completion of nu-
merous complex manipulation tasks. The state-of-the-art ap-
proaches, exemplified by Diffusion Policy [1, 2] and Vision-
Language-Action models [3–5], leverage large-scale datasets
to achieve impressive generalization capabilities across dif-
ferent objects, new tasks, and varying environments [6, 7].
These advancements mark a significant step towards general-
purpose embodied intelligence. Despite these achievements,
generalization across spatial variations in object pose remains
a critical yet overlooked challenge [8, 9]. This limitation is
particularly acute for real-world deployment, where robots
must operate in unstructured environments far more variable
than the controlled settings in simulation environments.

The root of this problem is the inefficient sampling of
spatial configuration from a continuous state space by static
data collection methods. We highlight the limitations of static
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data collection in Figure 1 left. We trained a diffusion policy
using data uniformly gathered from 9 spatial locations and
evaluated the policy across the entire object space. The
policy, as expected, succeeds only around the locations in
the training set, but fails at other test points in much of the
remaining space, resulting in a success rate of 29.5%. This
issue becomes especially severe as the spatial dimensionality
of the task space increases. For instance, diverse camera
perspectives, adjustable table heights, and randomized tar-
get object placements contribute to a more complex and
combinatorially rich spatial setting. As shown in Table I,
success rates decay exponentially as the spatial dimensions
expand, revealing the poor generalization capabilities of
current methods in real-world environments.

To tackle this problem, we challenge the paradigm of static
data collection itself. In this paradigm, an entire expert tra-
jectory, often spanning several hundred timesteps, captures a
task under a fixed spatial configuration, such as a fixed object
position, target position, and camera viewpoint. Spatial spar-
sity leads to the consequence that if the policy needs to grasp
an object in a new pose, completely new demonstrations
must be collected for that specific location [10, 11], which
is impractical for real-world deployment.

Fig. 1: We uniformly sample 10 trajectories from each of the 9
points across the entire space using both static data collection and
MOVE. To ensure a fair comparison, we enforce that the grasping
point of each MOVE trajectory corresponds to that of a static
trajectory and the same total number of timesteps. Despite this
alignment, MOVE exhibits significantly better spatial generalization
to unseen grasp points (29.5% vs. 80.8%).

In this work, we introduce MOVE, a motion-based data
collection framework which enhances the spatial information
density per trajectory to improve the spatial generalization in
robotic manipulation. Motivated by limitations of traditional
data collection, we aim to endow a single trajectory with
spatial location information from more than just one spatial
configuration. Specifically, the key objects, such as pickup
object, target object and camera, are intentionally and contin-
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Fig. 2: An overview of the MOVE data collection paradigm. (Left) A conceptual comparison between the standard static data collection
paradigm and MOVE. The former samples from discrete, fixed spatial configurations, where each trajectory represents a single point in the
spatial configuration space. In contrast, each trajectory collected by MOVE is treated as a continuous segment, with objects, targets, and the
camera in motion, resulting in a dense and diverse set of spatial configurations within a single trajectory. Therefore, with the same number
of trajectories, our approach encodes broader spatial coverage and richer spatial information. (Right Top) In real-world environments,
policies trained with data collected via MOVE demonstrate superior performance and generalization compared to the traditional data
collection paradigm, with a maximum improvement of 4.0x on the normalized score. (Right Bottom) We demonstrate several forms of
motion augmentation employed in MOVE, including translation, rotation and camera motion.

uously moved when collecting expert human demonstrations.
We illustrate the spatial coverage of MOVE compared to
static methods in Figure 2. Given an equivalent dataset vol-
ume, MOVE exposes the policy to a stream of continuously
moving objects within a single trajectory during training.
Although the policy may not directly learn to grasp objects at
every position along the motion path, it can still implicitly ac-
quire knowledge of the corresponding spatial configurations.
As shown in Figure 1 (right), a policy trained with MOVE
data is able to grasp the object along its motion path. This
paradigm effectively embeds a powerful and flexible form
of data augmentation directly into each trajectory, thereby
enhancing both sample efficiency and spatial generalization.

We validate the effectiveness of MOVE through extensive
experiments in both simulation and real-world scenarios and
demonstrate that a policy trained with MOVE data collection
paradigm evidently improves data efficiency and achieves
better spatial generalization. In the Meta-World simulation
environments requiring strong spatial generalization, MOVE
on average achieves a success rate of 39.1%, a 76.1% im-
provement over the static data collection paradigm (22.2%).
For example, in the Pick-and-Place task, a 20k-timestep
MOVE dataset matches the success rate of a 50k-timestep
static dataset, and in the Assembly task, a 50k-timestep
MOVE dataset achieves comparable performance to a 100k
static dataset. Furthermore, in real-world experiments with
highly randomized spatial configurations that pose a sub-
stantial generalization challenge, MOVE achieves a 23.3%
success rate with only 35k timesteps, dramatically outper-
forming the static method under the same data budget (3.3%
at 35k) and matching its performance of the static method
that is trained with more than twice the data (23.3% at 75k).

These results highlight that MOVE substantially reduces
the amount of data required to achieve the same level of
spatial generalization, demonstrating dynamic data collection
paradigm’s potential to enable spatial generalization more
effectively and efficiently that supports scalable learning.

II. RELATED WORKS

A. Robotic manipulation and spatial generalization
Robot manipulation has recently made significant

progress, where policies represented by Vision-Language-
Action (VLA) models and diffusion models enable robots
to perform a wide range of tasks based on visual inputs.
Built upon Vision-Language Models, VLA models utilize
large pretrained transformers to map visual and linguistic
inputs to robotic actions. [3–5, 12–14]. Diffusion Policy [1]
and other extensions [2, 15–18], leverage the capabilities of
diffusion models to fit multi-modal action distributions and
enhance long-horizon planning and efficiency by using action
chunking, demonstrated remarkable success in learning com-
plex, dexterous skills directly from human demonstrations.

Despite these advances, achieving spatial generalization
is still a central and long-term challenge in robotics. Many
prior works attempted to solve this problem by improving
visual representations by injecting spatial information such as
3D point clouds or bounding box [11, 19–21]. Nevertheless,
the performance of robotic policies remains critical to the
scale and diversity of training datasets [6, 22], and degrades
severely especially when the test scenarios are different from
the training distribution. As a result of this dependency,
the field is shifting from a purely model-centric to a data-
centric viewpoint [23, 24], and researchers are dedicated
to addressing the challenge that collecting large-scale, real-
world robotic data is resource-intensive and time-consuming.
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B. Data Collection in Robotics

Inspired by the success of data scaling in LLMs and
VLMs, researchers have also begun exploring data scal-
ing for manipulation tasks. The development of large-scale
datasets has been instrumental to recent progress, including
DROID (76k trajectories) [24], BridgeData V2 (∼60k tra-
jectories) [25] and the Open X-Embodiment dataset (∼1M
trajectories) [26]. Despite significant efforts from the com-
munity, the quantity of available robot data remains far below
that of vision-language data, limiting the ability of current
methods to achieve robust generalization [27]. To address
this challenge, recent research investigated more efficient
data acquisition methods, following directions including
large-scale physical simulation and 3D scene reconstruction.
Simulation-based methods collect extensive data in high-
fidelity simulations to bridge the sim-to-real gap [28–31]. 3D
reconstruction-based methods can generate synthetic trajec-
tories based on real trajectories [10, 32]. Beyond these meth-
ods, researchers are also exploring efficient strategies for
collecting real-world data. ADC [33] shares some similarities
with our work, as it periodically resets the object’s position
during data collection. However, ADC includes only a few
discrete points along a trajectory, whereas MOVE captures
richer spatial information by forming a continuous curve in
the location space. Moreover, MOVE naturally extends to
additional spatial dimensions, allowing the incorporation of
variables such as camera motion and dynamic table height.

III. APPROACH

A. Challenge in Spatial Generalization

In robot learning, the generalization of policy training
heavily relies on large, diverse datasets, but acquiring enough
data in robotics is notably difficult to achieve. This challenge
becomes more pronounced as the spatial dimensionality
of the task increases, since each standard demonstration
typically contains only a single instance of a spatial configu-
ration, leading to severe spatial sparsity in high-dimensional
environments. We validate this phenomenon on the Meta-
world Pick-Place task and list the results in Table I.

Specifically, we construct three settings of increasing diffi-
culty for spatial generalization by progressively randomizing
key spatial factors. In setting 1, Only the object’s position
is randomly initialized within a 30 cm × 30 cm area on the
table, while the target position and camera viewpoint remain
fixed. Although training and testing use the same sampling
range, generalization is required due to the difference in
sampled positions. In setting 2, in addition to randomizing
the object’s position, the target position is also randomized
within a 20 cm × 10 cm × 25 cm volume. Setting 3 further
increases difficulty by randomizing the camera pose, with
the viewing angle ranging from 0 to π radians, transitioning
from a controlled setup to a more realistic scenario. Under
the same training budget of 20k timesteps, the success rate
drops dramatically from 67.5% in Setting 1 to 31.7% in
Setting 3. This exponential decline highlights the inability
of the standard static data collection paradigm to sufficiently

cover the spatial configuration space in realistic environments
with multi-dimensional variation.

Overview. To enhance the model’s generalization to
complex environments and improve the robustness against
unforeseen spatial positions, we explore a simple yet effec-
tive data collection approach termed MOtion-Based Vari-
ability Enhancement (MOVE), which leverages dynamic
trajectories to provide richer spatial grounding signals. As
Figure 2 shows, to increase the coverage of spatial configu-
rations, we introduce controlled kinematic motions, including
translation, rotation, and camera movement, as a data aug-
mentation strategy when collecting training data (Section III-
B). Once collected, we apply diffusion policy to train policy
models (Section III-C).
TABLE I: Impact of Real-World Spatial Variation on Success
Rate. We progressively introduce variations in object placement,
target placement, and camera viewpoint. Unlike simulation settings
where these factors are typically fixed or only slightly perturbed,
each training and testing trajectory is collected under a randomized
configuration sampled from the same distribution.

Randomized
Factors

From research setting =⇒ real world

Object + Target + Camera

Success rate 0.675 0.447 0.317

B. Spatial Configuration Augmentation

Object Translation: To ensure spatial coverage of the
entire workspace, MOVE simulates multiple linear motion
trajectories for both the pickup and target objects, which
is modelled by incorporating linear translation and bounce
at the boundaries. An object’s position pi(t) at time t is
determined by its initial position pi(0), a constant velocity
vector vi, and moving direction di.

pi(t) = pi(0) + t · vi · vmax · di, ∀i ∈ {pick, target}
with vi ∼ B(αp, βp), di ∼ U(S2)

(1)

where vmax is the maximum possible speed and velocity vi
is sampled from a Beta distribution B(αp, βp). We leverage
Beta distribution’s properties to constrain the sampled veloc-
ity to the interval [0, vmax] and ensure a higher probability
of speeds approaching 0 than vmax. Specifically, we set all
α = 2 and β = 5 throughout our simulation experiments.
This distribution facilitates the model’s learning of not only
spatial generalization but also robust grasping strategies.

Object Rotation: To improve spatial generalization to
a wide range of object orientations, we introduce constant
angular velocity rotations. For simplicity, we model 1-D
rotation around the vertical z-axis. Similarly to the above,
the orientation θi(t) of an object evolves based on its initial
orientation θi(0) and a constant angular velocity ωi.

θi(t) = θi(0) + t · ωi · ωmax · di, ∀i ∈ {pick, target}
with ωi ∼ B(αθ, βθ), di ∈ {−1, 1}

(2)

This augmentation is particularly beneficial for asymmetric
objects such as mugs with handles. In contrast, it is not
applied to objects that are fully rotationally symmetric.
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Camera Movement: To simulate a non-static viewpoint,
the virtual camera moves along a constrained cylindrical
path relative to the scene’s center. The camera’s position
is updated similarly to object translation, with its velocity
sampled from a Beta distribution.

pi(t) = pi(0) + t · ui · umax · di, ∀i ∈ {camera}
with ui ∼ B(αc, βc), di ∼ U(S2)

(3)

Combined Augmentation Strategy: Rather than applying
all motions simultaneously, we employ a staged strategy
tailored to the semantic phases of a task. For example, in
the Box-Close task, we decompose each trajectory into the
pick phase (t0 → t1) and a placement phase (t1 → t2).

• Pick phase (t0 → t1): we apply translation and rotation
only to the pickup object (the box lid), the camera
movement is also introduced. This forces the policy
to learn to approach and grasp a moving target while
adapting to a changing viewpoint.

• Placement phase (t1 → t2): we apply linear translation
only to the target object (the box body) and continue
the dynamic camera motion. This challenges the policy
to place the object onto a moving destination.

This strategy expands MOVE beyond a single dimension,
increasing the spatial information richness across multiple
spatial dimensions. We validate this combined augmentation
strategy in Section IV-E.

C. Training

To learn the robot’s control strategy, we adopt the Diffu-
sion Policy [1] framework. For training, we utilize the dy-
namic dataset collected following the methodology described
in Section III-B. Specifically, we employ the Denoising Dif-
fusion Implicit Models (DDIM) scheduler for a deterministic
and efficient sampling process.The less noisy sample xt−1 is
computed from the noised sample xt at timestep t as follows:

xt−1 =
√
ᾱt−1

(
xt −

√
1− ᾱtϵθ(xt, t)√

ᾱt

)
+
√
1− ᾱt−1 · ϵθ(xt, t)

(4)

A comprehensive list of hyperparameters, architecture de-
tails, and other settings can be referred to in the Appendix A.

IV. EXPERIMENTS

A. Preliminary Experiment

We begin with preliminary experiments designed to show-
case the effectiveness of MOVE in achieving better spatial
generalization under a clean and controlled setting in the
Pick-Place simulation task. Specifically, we define a set of
discrete grasping points and ensure that both the static data
collection method and MOVE perform grasps at these same
locations during data collection. In the MOVE setting, objects
are initialized at random positions and then move toward the
predefined grasping points. We also keep the total number
of timesteps for training the same across both methods.

a) Generalization Comparison from Sparse Sampling:
We uniformly choose 9 points across the space. For each
point, we sample 10 trajectories for static data collection
as empirically sparse sampling with less trajectories usually
failed to learn a meaningful policy. We sampled total 85
trajectories for MOVE to match the total timesteps. We
evaluate both policies across the entire space and plot the
results in Figure 1. Although the policy trained on static data
performs well on the training points, MOVE demonstrates
superior generalization to the entire space, succeeding even
in locations far from training points. Specifically, MOVE
achieves a global success rate of 80.8% across the entire
space, significantly outperforming the static policy’s 29.5%.

b) Generalization Comparison from Dense Sampling:
While MOVE demonstrates strong performance in sparse
sampling scenarios, this sampling strategy can be inefficient.
Therefore, we validate our method under a dense sampling
strategy, which provides better spatial coverage for a fixed
dataset size than concentrating on few points. We uniformly
sample 90 (static) and 85 (MOVE) trajectories, ensuring that
both datasets have the same total number of timesteps. We
then evaluate across the entire space and visualize the results
in Figure 3. Although the dense static sampling baseline
naturally achieves a higher success rate, MOVE still yields
substantial improvements from 66% to 74%, especially in
regions of the state space that are otherwise difficult to learn.

Fig. 3: Generalization Comparison from Dense Sampling. For
fair comparison, we enforce the grasp point of each MOVE trajec-
tory corresponds to that of a static trajectory. Despite training on the
same set of grasping positions, MOVE exhibits better generalization
to unseen grasp points (66% vs. 74%).

c) Generalization Comparison from Circle Sampling:
To investigate the influence of data sampling location on
MOVE’s performance, we sample grasping points evenly
distributed on a circle and constrain the object’s motion path
within this circle. We sample 90 (static) and 59 (MOVE)
trajectories, ensuring that both datasets have the same total
number of timesteps. We evaluate both policies across the
entire space and visualize the results in Figure 5. Surpris-
ingly, MOVE not only dominates within the sampling circle
but also significantly outperforms the baseline in the outer
regions. Specifically, MOVE achieves a success rate of 43.7%
and outperforms the static policy’s 21.3% across the in-circle
space; MOVE also achieves a success rate of 67.4% while the
static policy achieves 44.6% across the out-of-circle space.

B. Experiment Setup
The following experiments are designed to comprehen-

sively evaluate the effectiveness of MOVE, and compare
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Fig. 4: Efficient scaling with demonstrations. Success rate across 10 simulation tasks. Specifically, the x-axis represents the number of
timesteps, where each timestep corresponds to a single robot action, rather than the number of trajectories. MOVE consistently outperforms
the static data collection paradigm at each data scaling point.

TABLE II: Main results from the Meta-World simulation environment. We simulate real-world spatial generalization challenges by
testing each time under randomized spatial configurations (object and target positions, camera view points, et, al). We rerun both data
collection and training processes with 3 distinct random seeds and report the average success rate. We ensure all methods use the same
total number of timesteps, and thus require nearly the same amount of human effort. The amount of training data is provided in Table V.

Method Pick Push Assembly Box Hammer Pick Place Window Faucet Disassembly Basketball AveragePlace Close Wall Open Open

Static 0.317 0.163 0.072 0.351 0.156 0.066 0.512 0.289 0.279 0.011 0.222
ADC [33] 0.472 0.335 0.053 0.383 0.252 0.237 0.455 0.345 0.207 0.025 0.276

MOVE 0.673 0.410 0.131 0.417 0.309 0.298 0.705 0.418 0.447 0.099 0.391 (↑ 76.1%)

Fig. 5: We uniformly sample grasping points evenly distributed on
a circle and constrain the object’s motion path within this circle for
MOVE. While being exposed to the same grasping positions and
constrained within the circle, MOVE exhibits significantly better
spatial generalization on both the in-circle region (21% vs. 44%)
and the out-of-circle region (45% vs. 67%).

this method with the traditional static paradigm. We conduct
experiments in both simulation and real-world environments.

a) Tasks and Environments: In simulation environ-
ments, we leverage the Meta-World benchmark [34] which
comprises a series of robotic manipulation tasks including
grasping, pushing and placement. For each simulation envi-
ronment, we implement random initialization of the object,
target, and camera over wide ranges by modifying the
simulator code. We select a specific number of environments
from each of three difficulty levels as representative examples
due to time-costly code modification.

For real-world validation, we use a canonical pick-and-
place task. An Agilex PIPER arm is tasked with grasping
an orange from a variable initial position and placing it onto
a plastic tray. The operational workspace is configured as a
semicircle, covering an 0.5×π×60 cm×60 cm ≈ 5655cm2

area, which encompasses the majority of the end-effector’s
reachable space. The training data set was constructed by
randomly sampling 20 pairs of positions, where each pair
specifies one orange location and one plate location. More
details are provided in the appendix B.

b) Baselines: To demonstrate the benefits of our ap-
proach, we compare MOVE against the conventional static
data collection paradigm. Furthermore, we compare against
the ADC method [33], which periodically resets the object’s
position to a new random location during a single data
collection trajectory to encourage policy diversity. For all
methods, we use the same training and evaluation protocols.

c) Expert Data Collection: In simulation, expert
demonstrations are generated using the scripted policies
provided by Meta-World. In the real world, we collect human
demonstrations by teleoperating the robot arm using the Pika
gripper. A key consideration is that trajectories collected
under dynamic conditions are often longer than static ones
(see Table VI). To ensure a fair comparison of data efficiency,
we define the dataset size by the total number of environment
interaction steps rather than the number of trajectories.

C. Results in Simulated Environments

We first evaluate MOVE on MetaWorld. Performance in 10
simulation tasks with varying demonstration sizes is visual-
ized in Figure 4. Detailed average success rates are presented
in Table II. The results illustrate that MOVE consistently and
remarkably outperforms the static data collection paradigm
across all tasks and dataset sizes, specifically improving the
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success rate by 76.1% with equal data. In the Pick-Place-
Wall task, MOVE achieves comparable performance on the
20k-sized dynamic dataset to the 100k-sized static dataset,
demonstrating a data efficiency of up to 5x.

D. Results in Real Environments

In this subsection, we transition the experiments to a
real-world environment to validate the effectiveness of our
method. For model training, we collected datasets comprising
35k and 75k timsteps, respectively. For evaluation, we test
the learned policy on a grid of 30 initial object positions that
were unseen during training, sampled from a 40cm ×80 cm
workspace located within the semicircle. The detailed results
are presented in Table III. Notably, when the dataset size is
35k, the performance of MOVE is nearly comparable to that
of the static data collection method using a 75k dataset.

TABLE III: Main results from the real environment. We report
the success rate and normalized score across different dataset sizes.
Following prior work [22], we divide the task into three steps:
approaching the correct grasping pose, picking up the orange, and
putting it on the plate. Each successful step is scored 1 point.
We report a normalized score, defined as Normalized score =

Total test score
3×Number of steps , with a maximum value of 1.

# Timesteps Method Success Rate Normalized Score

35k static 3.3% 0.055
MOVE 23.3% 0.311

75k static 23.3% 0.389
MOVE 36.7% 0.522

E. Ablation Study

To validate our design choices, we conduct ablation studies
on two representative tasks: Pick-Place and Assembly.

a) The Impact of Dynamic Dimension Combination:
We hypothesize that combining multiple dynamic spatial
dimensions, such as pickup object position, target object
position, and camera viewpoint, within a single trajectory
enriches spatial information and is critical for learning a
robust and generalizable policy. Therefore, MOVE employs
combinations of dynamic dimensions during data collection
to maximize spatial diversity.

To validate this, we follow the same setup as in the main
experiments, but selectively apply MOVE to individual spa-
tial dimensions while keeping the others static. The results,
shown in Figure 6, highlight the impact of combinations of
dynamic dimensions. For example, in the Pick-Place task, we
start with object translation as the initial dynamic component,
then incrementally add target object translation, and finally
incorporate camera motion. The results demonstrate that as
more dynamic dimensions are introduced in MOVE, the
success rate consistently improves.

b) The Impact of Augmentation Hyperparameters: The
maximum velocities, vmax (translation), ωmax (rotation), and
umax (camera motion), serve as hyperparameters that control
the intensity of spatial augmentation (see Section III-B). To
evaluate their impact, we select vmax at varying speed levels
and present results in Figure 7. The results show that our
method exhibits a degree of robustness to speed variations.
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Fig. 6: The Impact of Dynamic Dimension Combination. Vm

refers to MOVE applied only to the pickup object’s motion. +Vo

indicates the addition of target object motion, +Vc further incor-
porates dynamic camera movement, +ωθ denotes dynamic object
rotation.
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Fig. 7: The impact of vmax on success rate for the pickup object
(left) and the target object (right).

V. CONCLUSION AND LIMITATION

In this paper, we introduce a simple yet effective data
collection paradigm that significantly enhances spatial gener-
alization in robotic manipulation and alleviate the challenge
of data scarcity. By incorporating dynamic spatial config-
urations into demonstrations, MOVE provide much richer
spatial information in each trajectory. This is evidenced by
MOVE’s consistent improvements over static data collection
across varying dataset scales. While our study demonstrates
promising results, it also has several limitations. For instance,
it remains to be explored how MOVE can be applied in real-
world environments to spatial variations such as changing
camera viewpoints, as well as to more complex manipulation
tasks like folding garments. We expect this limitation to
be mitigated by developing mechanical devices that can
adjust camera viewpoints and introduce perturbations such
as translations, shuffling, and rotations to garments. We leave
these directions to future work.
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APPENDIX

A. Training Details
TABLE IV: Training Details of diffusion policy. We used different
training steps in simulation and real environments.

Hyper-parameters Simulation Real-world

Action Prediction Horizon 4 8
Action Horizon 3 8

Observation Horizon 2 2
Gradient Step / epoch 220000 200

batch size 128 128
Train Denoise Step 100 50
Val Denoise Step 10 10

TABLE V: The results presented in Table II primarily use a dataset
of 20k timesteps. For particularly simple or challenging tasks,
smaller (5k) or larger (100k) datasets are used accordingly.

Task Pick Push Box Assembly Hammer

# Timesteps 20k 20k 100k 20k 20k

Task Wall Window Faucet Disassembly Basketball

# Timesteps 20k 5k 5k 20k 20k

B. Data collection and Scoring Details
a) Data Collection: In the static data collection setup,

Operator 1 performs teleoperation by Pika teleoperation
device while Operator 2 positions the objects manually. In

contrast, the MOVE paradigm retains the same teleoperation
procedure but extends Operator 2’s role to include dynamic
object manipulation. Specifically, Operator 2 employs a 3D-
printed transparent resin tongs to move oranges or plates
during each trajectory. Note that Operator 2 remains outside
the camera’s field of view to avoid interfering with the visual
input used for policy training. A visual overview of the real-
world data collection process is shown in Figure 9.

TABLE VI: Comparison of static and MOVE collection paradigm.

Metrics
Real-world Simulation

Average
timesteps

Personnel
Required

Average
timesteps

Generation
successful rate

Static 459.2 2 83.8 93.3%
MOVE 549.3 2 107.4 89.7%

Fig. 8: An overview of our real-world experimental setup, captured
by a RealSense camera. We sample pairs of random points on the
table as placement locations for the oranges and trays, which serve
as training data. Object movements are performed using 3D-printed
transparent resin tongs.

Fig. 9: An example of the MOVE data collection paradigm. Cap-
tured using an external smartphone for better visibility, rather than
the camera used for data collection.

b) Scoring Criteria: Following [22], we report the
normalized score as a metric for the robot manipulation to
concretely evaluate the capability of the policy step by step.

• 0 points: The gripper does not move toward the orange
or moves around it without any contact.

• 1 point: The gripper touches the orange but does not
grasp it due to minor errors.

• 2 points: The gripper successfully grasp the orange.
• 3 points: The gripper put the orange on the tray.
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