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Fig. 1: DemoGen is a fully synthetic approach for automatic demonstration generation. DemoGen promotes the spatial generalization ability
of visuomotor policies and can facilitate one-shot imitation by adapting one human-collected demonstration into novel object configurations.
DemoGen applies to various manipulation tasks and platforms and can be extended to enable additional out-of-distribution capabilities.

Abstract—Visuomotor policies have shown great promise in
robotic manipulation but often require substantial human-
collected data for effective performance. A key factor driving
the high data demands is their limited spatial generalization
capability, which necessitates extensive data collection across dif-
ferent object configurations. In this work, we present DemoGen,
a low-cost, fully synthetic approach for automatic demonstration
generation. Using only one human-collected demonstration per
task, DemoGen generates spatially augmented demonstrations
by adapting the demonstrated action trajectory to novel object
configurations. Visual observations are synthesized by leveraging
3D point clouds as the modality and rearranging the subjects
in the scene via 3D editing. Empirically, DemoGen significantly
enhances policy performance across a diverse range of real-world
manipulation tasks, showing its applicability even in challenging
scenarios involving deformable objects, dexterous hand end-
effectors, and bimanual platforms. Furthermore, DemoGen can
be extended to enable additional out-of-distribution capabilities,
including disturbance resistance and obstacle avoidance.

1. INTRODUCTION

Visuomotor policy learning has demonstrated remarkable
competence for robotic manipulation tasks [8, 65, 17, 63], yet
it typically demands large volumes of human-collected data.
State-of-the-art approaches often require tens to hundreds of
demonstrations to achieve moderate success on complex tasks,

such as spreading sauce on pizza [8] or making rollups with
a dexterous hand [63]. More intricate, long-horizon tasks may
necessitate thousands of demonstrations [66].

One key factor contributing to the data-intensive nature of
these methods is their limited spatial generalization [44, 47,

, 19] ability. Our empirical study suggests that visuomotor
policies [§], even when coupled with pre-trained or 3D visual
encoders [35, 41, 306, 63], exhibit limited spatial capacity,
typically confined to regions adjacent to the demonstrated ob-
ject configurations. Such limitation necessitates repeated data
collection with repositioned objects until the demonstrated
configurations sufficiently cover the full tabletop workspace.
This creates a paradox: while the critical actions enabling
dexterous manipulation are concentrated in a small subset of
contact-rich segments, a substantial portion of human effort is
spent teaching robots to approach objects in free space.

A potential solution to reduce redundant human effort is
to replace the tedious relocate-and-recollect procedure with
automatic demonstration generation. Recent advances such as
MimicGen [34] and its subsequent extensions [22, 20, 24]
have proposed to generate demonstrations by segmenting the
demonstrated trajectories based on object interactions. These
object-centric segments are then transformed and interpolated



into execution plans that fit desired spatially augmented object
configurations. The resulting plans are then executed through
open-loop rollouts on the robot, termed on-robot rollouts, to
verify their correctness and simultaneously capture the visual
observations needed for policy training.

Despite their success in simulation, applying MimicGen-
style strategies to real-world environments is hindered by the
high costs of on-robot rollouts, which are nearly as expensive
as collecting raw demonstrations. An alternative is to deploy
via sim-to-real transfer [38, 48, 60], though bridging the sim-
to-real gap remains a significant challenge in robotics.

In this work, we introduce DemoGen, a data generation
system that can be seamlessly plugged into the policy learning
workflow in both simulated and physical worlds. Recognizing
the high cost of on-robot rollouts represents a major barrier
to practical deployment, DemoGen adopts a fully synthetic
pipeline that efficiently concretizes the generated plans into
spatially augmented demonstrations ready for policy training.

For action generation, DemoGen develops the MimicGen
strategy by incorporating techniques from Task and Motion
Planning (TAMP) [11, 6, 33], similar to the practice in the
recently released SkillMimicGen [20]. Specifically, we decom-
pose the source trajectory into motion segments moving in
free space and skill segments involving on-object manipulation
through contact. During generation, the skill segments will be
transformed as a whole according to the augmented object
configuration, and the motion segments will be replanned via
motion planning to connect the neighboring skill segments
after transformation.

With the processed actions in hand, a core challenge is
obtaining spatially augmented visual observations without
relying on costly on-robot rollouts. While some recent work
leverages vision foundation models to manipulate the appear-
ance of subjects and backgrounds in robotic tasks [59, 4, 2],
these techniques are not directly applicable to modifying the
spatial locations of objects in an image, as 2D generative
models generally lack awareness of 3D spatial relationships,
such as perspective changes [56].

DemoGen employs a more straightforward strategy: it se-
lects point clouds as the observation modality and synthesizes
the augmented visual observations through 3D editing. The
key insight is that point clouds, which inherently live in the 3D
space, can be easily manipulated to reflect the desired spatial
augmentations. Generating augmented point cloud observa-
tions is reduced to identifying clusters of points corresponding
to the objects or robot end-effectors and then applying the
same spatial transformations used in the generated action
plans. Notably, this strategy also applies to contact-rich skill
segments, as parts in contact are treated as cohesive clus-
ters that undergo uniform transformations. Furthermore, the
artificially applied transformations on point clouds accurately
reflect the underlying physical processes, thereby minimizing
the visual gap between real and synthetic observations.

Empirically, we manifest the effectiveness of DemoGen by
evaluating the performance of visuomotor policies trained on

DemoGen-generated datasets from only one human collected
demonstration per task. To assess the impact of DemoGen
on spatial generalization, we adhere to a rigorous evaluation
protocol in which the objects are placed across the entire
tabletop workspace within the end-effectors’ reach.

We conduct extensive real-world experiments, showing that
DemoGen can be successfully deployed on both single-arm
and bi-manual platforms, using parallel-gripper and dexterous-
hand end-effectors, from both third-person and egocentric
observation viewpoints, and with a range of rigid-body and
deformable/fluid objects. Meanwhile, the cost of generating
one demonstration trajectory with DemoGen is merely 0.01
seconds of computation. With such minimal cost, DemoGen
significantly enhances policy performance, generalizing to
un-demonstrated configurations and achieving an average of
74.6% across 8 real-world tasks. Additionally, we demon-
strate that simple extensions under the DemoGen framework
can further equip imitation learning with acquired out-of-
distribution generalization capabilities such as disturbance
resistance and obstacle avoidance. The code and datasets will
be open-sourced to facilitate reproducibility of our results.
Please refer to the project website for robot videos.

II. RELATED WORKS
A. Visuomotor Policy Learning

Represented by Diffusion Policy [8] and its extensions [03,

, 39, 54, 51], visuomotor policy learning refers to the imita-
tion learning methods that learn to predict actions directly from
visual observations in an end-to-end fashion [29]. The end-to-
end learning objective is a two-edged sword. Its flexibility
enables visuomotor policies to learn dexterous skills from
human demonstrations, extending beyond rigid-body pick-and-
place. However, the absence of structured skill primitives
makes such policies intrinsically data-intensive.

The conflicts between the huge data demands and the great
expense of robotic data collection have driven the growing
attention to data-centric research. Such efforts include more
efficient data collection systems [10, 7, 1, collaborative
gathering of large-scale datasets [37, 27], and empirical studies
on data scaling [66, 31]. Instead of scaling up via pure human
labor, DemoGen aims to show that synthetic data generation
can help save much of the human effort.

B. TAMP-Based Imitation Learning

Attempting to develop manipulation policies from only a
handful of demonstrations, data-efficient imitation learning
methods often build on the principles of Task and Motion
Planning (TAMP) [11, 6, 33], while incorporating imitation
learning to replace some components in the TAMP pipeline. A
common approach is to learn the end-effector poses for picking
and placing [64, 45, 55, 57, 18, 46]. The whole trajectories
are generated using motion planning toolkits [28] and then
executed in an open-loop manner. Some methods extend this
idea to more complex scenarios by learning to estimate the
states of manipulated objects in the environment and replaying
demonstrated trajectory segments centered around the target
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Fig. 2: Qualitative visualization of the spatial effective range. The grid maps display discretized tabletop workspaces from a bird’s-eye
view under different demonstration configurations. Dark green spots mark the locations where buttons are placed during the demonstrations.
Each grid cell corresponds to a policy rollout with the button placed at that location. Blue, yellow, green, and gray grids denote successful
executions for the Button-Large, Button-Small, both tasks, and no tasks, respectively.

objects [25, 49, 12, 13]. While these approaches are effective
for simpler, Markovian-style tasks [50], as we will show in
Sec. IX, their reliance on open-loop execution limits their
application to more dexterous tasks requiring closed-loop
retrying and re-planning.

In contrast, DemoGen leverages the TAMP principles for
synthetic data generation. Subsequently, the synthetic demon-
strations are used to train closed-loop visuomotor policies for
task resolution. In this way, DemoGen effectively combines
the merits of both approaches.

C. Data Generation for Robotic Manipulation

Automated demonstration generation offers the opportunity
to breed capable visuomotor policies with significantly re-
duced human efforts. A branch of recent works attempts to
generate demonstrations by leveraging LLM for task decom-
position and then using planning or reinforcement learning for
subtask resolution [52, 23, 53]. While this paradigm enables
data generation from the void, the resulting manipulation skills
are often restricted by the capacity of either LLM, planning,
or reinforcement learning.

An alternative line of research is exemplified by Mimic-
Gen [34] and its extensions [22, 20, 24]. Unlike generating
demonstrations from the void, MimicGen adapts some human-
collected source demonstrations to novel object configurations
by synthesizing corresponding execution plans. This approach
is theoretically applicable to a wide range of manipulation
skills and object types. For example, DexMimicGen [24]
extends MimicGen’s strategy to support bi-manual platforms
equipped with dexterous hand end-effectors. However, exe-
cution plans produced by the MimicGen framework are not
ready-to-use demonstrations in the form of observation-action
pairs. To bridge this gap, the MimicGen family [34, 22, 20, 24]
relies on costly on-robot rollouts, which poses significant
challenges for the deployment on physical robots.

Building upon MimicGen and its extensions, DemoGen
incorporates their strategies for generating execution plans,
but replaces the expensive on-robot rollouts with an efficient,
fully synthetic generation process. This enables DemoGen to
generate real-world demonstrations ready for policy training
in a cost-effective manner.

II1. EMPIRICAL STUDY: SPATIAL GENERALIZATION OF
VISUOMOTOR POLICIES

In this section, we present an empirical study examining the
spatial generalization capability of visuomotor policies. We
demonstrate how the lack of such generalization contributes
to the data-intensive nature of learning visuomotor policies.

A. Visualization of Spatial Effective Range

Spatial generalization refers to the ability of a policy to
perform tasks involving objects placed in configurations that
were not seen during training. To gain an intuitive under-
standing of spatial generalization, we visualize the relationship
between the spatial effective range of visuomotor policies and
the spatial distribution of demonstration data.

Tasks. We evaluate a Button-Large task adapted from the
MetaWorld [58] benchmark, where the robot approaches a
button and presses it down. The object randomization range is
modified to a 30 cm x 40 em = 1200cm? area on the table-
top workspace, covering most of the end-effector’s reachable
space. Noticing the large size of the button makes it pressed
down even if the press motion does not precisely hit the center,
we also examine a more precision-demanding variant, Button-
Small, where the button size is reduced by a factor of 4.

Policy. We adopt 3D Diffusion Policy (DP3) [63] as the stud-
ied policy, as our benchmarking results indicate that 3D ob-
servations provide superior spatial generalization compared to
2D approaches. Training details are provided in Appendix Al.

Evaluation. To visualize the spatial effective range, we uni-
formly sample 21 points along each axis within the workspace,
resulting in a total of 441 distinct button placements. Demon-
strations are generated using a scripted policy, with 4 different
spatial distributions ranging from single to full. The
performance of each configuration is evaluated on the 441
placements, enabling a comprehensive assessment of spatial
generalization. The visualization result is presented in Fig. 2.

Key findings. Overall, the spatial effective range of visuo-
motor policies is closely tied to the distribution of object
configurations seen in the demonstrations. Specifically, the
effective range can be approximated by the union of the areas
surrounding the demonstrated object placements. Thus, to train



a policy that generalizes well across the entire object random-
ization range, demonstrations must cover the full workspace,
resulting in substantial data collection costs. Furthermore,
as task precision requirements increase, the effective range
shrinks to more localized areas, necessitating a greater number
of demonstrations to adequately cover the workspace. A more
detailed analysis is available in Appendix BI.

B. Benchmarking Spatial Generalization Capability

The practical manifestation of the spatial generalization
is reflected in the number of demonstrations required for
effective policy learning. In the following benchmarking, we
explore the relationship between the number of demonstrations
and policy performance to determine how many demonstra-
tions are sufficient for effective training.

Tasks. To suppress the occurrence of inaccurate but successful
policy rollouts, we design a Precise-Peg-Insertion task that
enforces a strict fault tolerance of 1 cm during both the picking
and insertion stages, asking for millimeter-level precision. The
peg and socket are randomized within a 40 cm X 20 cm area,
yielding an effective workspace of 40 cm x40 cm = 1600 cm?.
To examine the influence of object randomization, we also
consider a half workspace, where the randomization range
is halved for both objects, and a fixed setting, where object
positions remain fixed. More details are listed in Appendix B3.

Policies. In addition to Diffusion Policy (DP) [8] and 3D
Diffusion Policy (DP3) [63] trained from scratch, we explore
the potential of pre-trained visual representations to enhance
spatial generalization. Specifically, we replace the train-from-
scratch ResNet [21] encoder in DP with pre-trained encoders
including R3M [35], DINOvV2 [36], and CLIP [41]. Detailed
implementations are provided in Appendix A2.

Demonstrations. We vary the number of demonstrations from
25 to 400. The object configurations are randomly sampled
from a slightly larger range than the evaluation workspace to
avoid performance degradation near workspace boundaries. A
visualization is provided in Fig. 19 in the appendix.

Evaluation. In the full workspace, both the peg and socket
are placed on 45 uniformly sampled coordinates, resulting in
2025 distinct configurations for evaluation. For the half and
fixed settings, the number of evaluated configurations is 225
and 1, respectively. The results are presented in Fig. 3.

Key findings. The degree of object randomization significantly
influences the required demonstrations. Therefore, an effective
evaluation protocol for visuomotor policies must incorporate
a sufficiently large workspace to provide enough object ran-
domization. On the other hand, both 3D representations and
pre-trained 2D visual encoders contribute to improved spatial
generalization capabilities. However, none of these methods
fundamentally resolve the spatial generalization problem. This
indicates the agent’s spatial capacity is not inherently derived
from the policy itself but instead develops through extensive
traversal of the workspace from the given demonstrations. A
more detailed analysis is provided in Appendix B2.

Visuomotor < 50% > 50% > 80% >95% | Obj. Random.
Polices Range
DP Scratch 1 8 18 22 38 44 56 44 Full
DP+R3M 0 2 9 9 16 17 17 21 Full
DP+DINOw2 4 17 50 61 79 83 89 92 Full
DP+cLP 2 8 39 53 78 89 94 96 Full
DP3 3 " 29 49 86 92 196 |98 Full
DP3 17 49 66 9 96 100 100 100 Half
DP3 100 100 100 100 100 100 100 100 Fixed

25 50 75 100 150 200 300 400 # demos

Fig. 3: Quantitative benchmarking on the spatial generalization
capacity. We report the relationship between the agent’s performance
in success rates and the number of demonstrations used for training
when different visuomotor policies and object randomization ranges
are adopted. The results are averaged over 3 seeds.

1V. DemoGen METHODS

Designed to address the conflict between the substantial
data requirements of visuomotor policies and the high cost of
human-collected demonstrations, DemoGen generates spatially
augmented observation-action pairs from a small set of source
demonstrations. For actions, DemoGen parses the source tra-
jectory into object-centric motion and skill segments and
applies TAMP-based adaptation. For observations, DemoGen
efficiently synthesizes the point clouds for robots and objects
using a segment-and-transform strategy.

A. Problem Formulation

A visuomotor policy 7 : O +— A directly maps the visual
observations o € O to the predicted actions a € A. To train
such a policy, a dataset D of demonstrations must be prepared.
We define a source demonstration D,, C D as a trajectory
of paired observations and actions conditioned on an initial
object configuration: Dy, = (do,d1,...,dr—1|s0), where
each d; = (o4, a:) represents an observation-action pair, sqg
denotes the initial configuration, and L is the trajectory length.
DemoGen is designed to augment a human-collected source
demonstration by generating a new demonstration conditioned
on a different initial object configuration:

DS/D == (dg,dl, sy dL*1|56)'

Specifically, assuming the task involves the sequential ma-
nipulation of K objects {O1,04,...,Ok}, the initial object
configuration sq is defined as the set of initial poses of these
objects: s = {T*, TG?,..., TSx}, where TY denotes the
SE(3) transformation from the world frame to an object O at
time step ¢. The action a; consists of the robot arm and robot
hand commands, represented as a; = (a2™, aba"d) where
ag™™ & AFF is the target SE(3) end-effector pose in the world
frame, and a?®"d can either be a binary signal for a parallel

gripper’s open/close action or a higher-dimensional vector for



Fig. 4: Pre-processing the source demonstration. The raw point
cloud observations are processed by cropping, clustering, and down-
sampling. The source action trajectory is parsed into motion and skill
segments by referring to the semantic masks of manipulated objects.

controlling the joints of a dexterous hand. The observation
o; includes both the point cloud data and the proprioceptive

feedback from the robot: 0; = (0P, 2™ ohand) ywhere p2rm
and ol'*"4 reflect the current state of the end-effector, with the

same dimensionality as the corresponding actions.

B. Pre-processing the Source Demonstration

Segmented point cloud observations. To improve the prac-
tical applicability in real-world scenarios, we utilize a single-
view RGBD camera for point cloud acquisition. The raw
point cloud observations are first preprocessed by cropping
the redundant points from the background and table surface.
We assume the retained points are associated with either the
manipulated object(s) or the robot’s end-effector. A clustering
operation [15] is then applied to filter out the outlier points in
noisy real-world observations. Subsequently, the point cloud is
downsampled to a fixed number of points (e.g., 512 or 1024)
using farthest point sampling to facilitate policy learning [40].

For the first frame of the trajectory, we employ Grounded
SAM [43] to obtain the segmentation masks for the manip-
ulated objects from the RGB image. These masks are then
applied to the pixel-aligned depth image and projected onto
the 3D point cloud, as shown in Fig. 4.

Parsing the source trajectory. Following previous work [34,
20], we assume that the execution trajectory can be parsed
into a sequence of object-centric segments. Noticing that
the robot must initially ¢ ich the object in free space
before engaging in on-object manipulation through contact,
each object-centric segment can be further subdivided into two
stages: motion and skill. For example, in the task illustrated
in Fig. 4, the trajectory is divided into four stages

lower, 2) pick up the flower, tl
, and 4) insert the flower into the vase.

7
J) tra

We can easily identify the skill segments associated with
a given object by checking whether the distance between the
geometric center of the object’s point cloud and the robot’s
end-effector falls within a predefined threshold, as illustrated
by the spheres in Fig. 4. The intermediate trajectories between
two skill segments are classified as motion segments.

Formally, we represent an interval of time stamps as T

T = (tstart; tstart+1; F tendfla tend) g (0; 1; . 'aLil)a

which can be used as an index sequence for the extrac-
tion of the corresponding segments from a sequence of
demonstrations, actions, or observations. For instance, d[7] =
(toyorys Aty - - e q—1,ds..,) represents the extracted
subset of source demonstration indexed by 7. Using this
notation, we parse the source demonstration into alternating
motion and sk111 segments according to the index sequence
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C. TAMP-based Action Generation

Adapting actions to the new configuration. The generation
process beg1ns by select1ng a target initial configuration s{, =
{TO1 TO2 TOK }. Under the 4 x 4 homogeneous matrix
representat10n, the spatial transformation between the target
and source configurations is computed as:

Agg = J(ITT) LT o5 [TTET L T,

Recall that the actions consist of both robot arm and robot
hand commands. The robot hand commands define the inter-
active actions on the object, e.g., holding the flower with the
gripper, or rolling up the dough with the dexterous hand. Since
they are invariant of the spatial transformation, a}®9 should
remain unchanged regardless of the object configuration:

~hand _ _hand
y = iy

, YV t,80,80

In contrast, the robot arm commands should be spatially
equivariant to the object movements in order to adjust the
trajectory according to the altered configuration. Specifically,
for the motion and skill segments 1nV01V1ng the k-th object, we
adapt the robot arm commands A “"[7"], AFE[8] following
a TAMP-based procedure, illustrated by F1g 5,

Generated Source

Generated

Fig. 5: Illustrations for action generation. (Left) Actions in the
motion stage are planned to connect the neighboring skill segments.
(nght) Actions in the skill stage undergo a uniform transformation.

















































