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Figure 1. DemoGen generates synthetic demonstrations for robotic manipulation. It promotes the spatial generalization ability of visuo-
motor policies and can facilitate one-shot imitation by adapting one human-collected demonstration into novel object configurations.

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 capa-
bility, which necessitates extensive data collection across
different object configurations. In this work, we present De-
moGen, a low-cost, fully synthetic approach for automatic
demonstration generation. Using only one human-collected
demonstration per task, DemoGen generates spatially aug-
mented demonstrations by adapting the demonstrated ac-
tion trajectory to novel object configurations. Visual ob-
servations are synthesized by leveraging 3D point clouds
as the modality and rearranging the subjects in the scene
via 3D editing. Empirically, DemoGen significantly en-
hances policy performance across a diverse range of real-
world manipulation tasks, showing its applicability even in
challenging scenarios involving deformable objects, dex-

terous hand end-effectors, and bimanual platforms. Fur-
thermore, DemoGen can be extended to enable additional
out-of-distribution capabilities, including disturbance re-
sistance and obstacle avoidance.

1. Introduction

Visuomotor policy learning has demonstrated remarkable
competence for robotic manipulation tasks [4, 13, 50, 52],
yet it typically demands large volumes of human-collected
data. State-of-the-art approaches often require tens to hun-
dreds of demonstrations to achieve moderate success on
tasks such as spreading sauce on pizza [4] or making rollups
with a dexterous hand [50]. More intricate, long-horizon
tasks may necessitate thousands of demonstrations [53].
One key factor contributing to the data-intensive na-
ture of these methods is their limited spatial generaliza-
tion [37, 39] ability. Our empirical study in Sec. A suggests
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that visuomotor policies [4], even when coupled with pre- tory withDemoGerns merely0:01 seconds of computation.
trained or 3D visual encoders [31, 35, 50], exhibit limited Empirically, DemoGensigni cantly enhances policy per-
spatial capacity, typically con ned to regions adjacent to formance, generalizing to un-demonstrated con gurations
the demonstrated object con gurations. Such limitation ne- and achieving an average @#:6% across8 real-world
cessitates repeated data collection with repositioned objectdasks. Additionally, we demonstrate that simple extensions
until the demonstrated con gurations suf ciently cover the under theDemoGerframework can further equip imitation
full tabletop workspace. This creates a paradox: while the learning with acquired out-of-distribution generalization ca-
critical actions enabling dexterous manipulation are con- pabilities such as disturbance resistance and obstacle avoid-
centrated in a small subset of contact-rich segments, a subance. The code and datasets will be open-sourced.
stantial portion of human effort is spent teaching robots to

approach objects in free space. 2. Related Works

In this work, we mtroduceDemoGena_data gene_ranon Visuomotor policy learning. Represented by Diffusion
system that can be seamlessly plugged into the policy learn-,

i7a work ow in both simulated and phvsical worlds. Rec- Policy [4] and its extensions [21, 33, 42, 45, 50], visuomotor
INg W win imu pnysical w ' policy learning refers to the imitation learning methods that
ognizing the high cost of on-robot rollouts represents a ma-

. ; . learn to predict actions directly from visual observations in
jor barrier to practical deploymeribemoGeradopts dully P y

thetic pineline that ef cientl i th ted an end-to-end fashion [24]. The end-to-end learning objec-
synthetic pipeline that et ciently concretizes the generated ;o ;¢ a two-edged sword. Its exibility enables visuomotor
plans into spatially augmented demonstrations.

) . o policies to learn dexterous skills from human demonstra-
For action generationDemoGendevelops the Mimic-  ions extending beyond rigid-body pick-and-place. How-
Gen strategy by incorporating techniques from Task andgyer, the absence of structured skill primitives makes such
Motion Planning (TAMP) [2, 7, 28]. Speci cally, we de-  pgjicies intrinsically data-intensive. The con icts between
compose the source trajectory imfwtion segmentsoving  {he huge data demands and the great expense of robotic data
in free space anskill segmentinvolving on-object manip-  cjiection have driven recent data-centric research, includ-
ulation tr_]rough contact. During generauon,.the skill seg- ing data collection systems [3, 6, 25], collaborative gather-
ments will be transformed as a whole according to the aUg-ing of large-scale datasets [22, 32], and empirical studies on
mented object con guration, and the motion segments will 454 scaling [26, 53]. Instead of scaling up via pure human
be replanned via motion planning to connect the neighbor- 5,1 pemoGeraims to show that synthetic data generation

ing skill segments after transformation. can help save much of the human effort.

With the processed actions in hand, a core challenge ispata-ef cient imitation learning. Attempting to develop
obtaining spatially augmented visual observations without manipulation policies from only a handful of demonstra-
relying on costly on-robot rolloutsDemoGenemploys a  tions, data-ef cient imitation learning methods often build
straightforward strategy: it selects point clouds as the ob-on the principles of Task and Motion Planning (TAMP),
servation modality and synthesizes the augmented visualyhile incorporating imitation learning to replace some com-
observations through 3D editing. The key insight is that ponents in the TAMP pipeline. A common approach is to
point clouds, which inherently live in the 3D space, can be |earn the end-effector poses for picking and placing [14,
easily manipulated to re ect the desired spatial augmenta-33, 46, 47, 51]. The whole trajectories are generated us-
tions. Generating augmented point cloud observations ising motion planning toolkits [23] and then executed in an
reduced to identifying clusters of points corresponding to open-loop manner [8, 9, 20, 40]. While these approaches
the interested subjects and then applying the same spatiaire effective for simpler, Markovian-style tasks [41], their
transformations used in the generated action plans. reliance on open-loop execution limits their application to

We manifest the effectiveness bemoGenby evaluat- more dexterous tasks requiring closed-loop retrying and re-
ing the performance of visuomotor policies trained@e planning. In contrastDemoGerleverages TAMP for syn-
moGengenerated datasets froomly one human collected  thetic data generation to train closed-loop policies, thus ef-
demonstration per task. To assess spatial generalization, wéectively combining the merits of both approaches.
adhere to a rigorous evaluation protocol in which the ob- Data generation for robotic manipulation. A branch of
jects are placed across the entire tabletop workspace withirrecent works attempts to generate demonstrations by lever-
the end-effectors' reach. We conduct extensive real-world aging LLM for task decomposition and then using plan-
experiments, showing thdemoGencan be successfully ning or reinforcement learning for subtask resolution [18,
deployed on both single-arm and bi-manual platforms, us- 43, 44]. An alternative line of research is exempli ed by
ing parallel-gripper and dexterous-hand end-effectors, fromMimicGen [29] and its extensions [15, 17, 19]. Unlike
both third-person and egocentric observation viewpoints, generating demonstrations from the void, MimicGen adapts
and with a range of rigid-body and deformable/ uid objects. some human-collected source demonstrations to novel ob-
Meanwhile, the cost of generating one demonstration trajec-ject con gurations by synthesizing corresponding execution



plans. However, execution plans produced by the Mimic-
Gen framework are not ready-to-use demonstrations in the
form of observation-action pairs. To bridge this gap, the
MimicGen family [15, 17, 19, 29] relies on costly on-robot
rollouts, which poses signi cant challenges for the deploy-
ment on physical robots. Building upon MimicGen and its
extensionsPemoGerincorporates their strategies for gen-
erating execution plans, but replaces the expensive on-robot
rollouts with an ef cient, fully synthetic generation process.
This enableDemoGento generate real-world demonstra-
tions cost-effectively.

3. DemoGenMethods

3.1. Problem Formulation

. . . . Figure 2. Pre-processing the source demonstrationThe point

: ]

A Vlsuomotor policy :0O 7! A dlrect_ly maps the V'S_ual cloud observations are processed by cropping, clustering, and
observation® 2 O to the predicted actiors2 A . To train down-sampling. The source action trajectory is parsed into mo-

such a policy, a datasét of demonstrations must be pre- o, and skill segments by referring to the object semantic masks.
pared. We de ne a source demonstratidg, D as atra-

jectory of paired observations and actions conditioned on angt the outlier points in noisy real-world observations. Sub-
initial object con guration: Ds, = (do;di;iiiidu 1jSo),  sequently, the point cloud is downsampled to a xed number
where eactt, = (o;; &) represents an observation-action f hoints (e.g., 512 or 1024) using farthest point sampling to
pair, so denotes the initial con guration, anld is the tra-  acjlitate policy learning [34]. For the rst frame of the tra-
jectory length.DemoGeris dgsngned to aug_ment a human- jectory, we employ Grounded SAM [36] to obtain the seg-
collected source demonstration by generating a new demonynentation masks for the manipulated objects from the RGB
stration conditioned on a different initial object con gura- image. These masks are then applied to the pixel-aligned

tion: Deg = (dordy;:::;dL 1jsd): depth image and projected onto the 3D point cloud.

Speci c.aIIy, assuming the task involves the sgqqential Parsing the source trajectory. Following previous
manipulation ofK  objectsfO1;Oz;:::;0x g, the initial  \york [15, 29], we assume that the execution trajectory can
object con gurationsy is doe neg as the set of initial poses  pe parsed into a sequence of object-centric segments. Since
of these objectssy = fTg*; T :::;To* g, whereTP the robot must initially approach the object in free space

denotes theSE(3) transformation from the world frame  pefore engaging in on-object manipulation through contact,
to an objectO at time stept. The actiona; consists of  g4ch object-centric segment can be further subdivided into
the robot arm and robot hand commands, represented agyg stages: motion and skill. For example, the trajectory
a = (a"™;a*""), whereaf™ , Ac-is thengargeSE_(S) in Fig. 2 is divided into four stages: Hoveto the ower,
end-ef_fector pose In the world frame, aaf"! can e|ther_ 2) pick up the ower, 3)transferthe ower to the vase, 4)
be a binary signal for a parallel gripper's open/close action jsertthe ower into the vase.
or a higher-dimensional vector.for.controlling thejoints. ofa  \wecan easily identify the skill segments associated with
dexterous hand. The obs_,ervathnncludes both the point 4 given object by checking whether the distance between
cloud dsg? and th’ﬁ pdroprloceptlve feedb?clfjfrom the robot: he geometric center of the object's point cloud and the
— - Aarm - an arm an . . .
o = (o ;0™ ; 0", whereg™ ando™™ reectthe  gpor's end-effector falls within a prede ned threshold, il-
current state of the end-effector, with the same dimension-| ;sirated by the spheres in Fig. 2. The intermediate tra-
ality as the corresponding actions. jectories between two skill segments are classi ed as mo-
tion segments. Formally, we represent an interval of time
stamps as: = (tstart; tstat +1; 0005 tend 1, tend)
Segmented point cloud observations. To improve the (0;1;:::;L  1); which can be used as amdex sequence
practical applicability in real-world scenarios, we utilize for the extraction of the corresponding segments from a se-
a single-view RGBD camera for point cloud acquisition. quence of demonstrations, actions, or observations. For in-

3.2. Pre-processing Source Demonstration

cropping the redundant points from the background and ta-sents the extracted subset of source demonstration indexed
ble surface. We assume the retained points are associatedy . Using this notation, we parse the source demon-
with either the manipulated object(s) or the robot's end- stration into alternating motion and skill segments accord-
effector. A clustering operation [11] is then applied to lter ing to the index sequende "; #;:::; s £): Dg, =



3.4. Fully Synthetic Observation Generation

Adapting proprioceptive states. The observations consist

of point cloud data and proprioceptive states. Since the pro-
prioceptive states share the same semantics with the actions,
they should undergo the same transformati@i®"® =

0{1and © 8t So; 38; Otarm - Otarm (AFE) 1 AFE .
Synthesizing point cloud observationsTo synthesize the
spatially augmented point clouds for the robot and objects,

Figure 3. lllustrations for action generation. (L) Actions in I imol t-and-t f trat Apart
the stage are planned to connect the neighboring skill seg-We employ a simple segment-and-transiorm strategy. Apar

ments. (R) Actions in the skill stage are transformed uniformly. f_rom the target t.ra_nsformations, thg only required informa-
tion for synthesis is the segmentation masks forkheb-

jects on the rst frame of the source demonstration, ob-
tained in Sec. 3.2.
( e | I I Eas yd[ ¢ liso): For each object, we de n8 stages. In théo-do stage,
the object is static and unaffected by the robot, and its point
cloud is transformed according to the initial object con gu-
ration(T9*) ' TO’. In thedoingstage, the object is in

The generation brocess beains by selecting a taraet .n._contact with the robot, and its point cloud is merged with
9 ion p g y Ing 98t INhe end-effector's point cloud. In théonestage, the ob-

3.3. TAMP-based Action Generation

. . 0 — 0,% +0,% ... 70k ° . . L N :
tial conguration s5 = fTg';Tg* ;25T 9 We  jectremainsinits nal state. These stages are easily identi-
can compute the spatial tra.nsform.atlorl undeglthel homo-'gq by referencing the trajectory-level motion and skill seg-

geneous matrix representation by:so = f(Tg") ments. For the robot's end-effector, its point cloud under-

T (T*) T T3¢ g: Recall that the actions con- goes the same transformation as indicated by the proprio-
sist of both robot arm and robot hand commands. The robotceptive stategA EEy 1 AFE_ Given the assumption of a
hand commands de ne the interactive actiomthe object,  cropped workspace, the point clouds for the robot and the
e.g., holding the ower or rolling up the dough. Since they opjects in thedoing stage can be separated by subtracting
are invariant of the spatial transformatiora®™® should  the object point clouds in theo-do and donestages from
remain unchanged regardless of the object con guration: the scene point cloud. A concrete example of this process
apend = apand; 81t;s,; f: is shown in Fig. 20. More examples of the synthetic trajec-
In contrast, the robot arm commands should be SIOa_tories in real-world experiments can be found in Fig. 21.
tially equivariantto the object movements in order to ad-
just the trajectory according to the altered con guration. 4. Experiments in the Simulator
Speci cally, for the motion and skill segments involv-
ing the k-th object, we adapt the robot arm commands
; AEE[ 5] following a TAMP-based procedure il-
lustrated in Fig. 3.

Policy. Both in the simulator and real world, we select
DP3 [50] as the visuomotor policy, which predicts actions
by consuming point cloud and proprioception observations.
For a fair comparison, we x the total training steps counted
For the skill segments with dexterous on-object be- py observation-action pairs, resulting in an equal training
haviors, the spatial relations between end-effectors andcost regardless of the dataset size. The training details are
objects must remain relatively static. Thus, the entire listed in Appendix B.1.
skill segments are transformed following the coorrespond- Tasks. We desigrB tasks adapted from the MetaWorld [48]
ing objects: AFE[ 5] = AFE[ 8] (TP¥) ¥ TQ“:For  benchmark, illustrated in Fig. 4. To strengthen the signi -
the motion segments moving in free space, the goal ofcance of spatial generalization, these tasks are modi ed to
the generated actions is to chain the adjacent skill seg-have enlarged randomization ranges in Appendix D.1.
ments. Therefore, we plan the robot arm commands Generation and evaluation.We write scripted policies for
in the motion stage via motion planning: = these tasks and prepare ofilyource demonstration per task
MotionPlan (AFE[ 5 ][ 1]; AFE[ 5][0]); where the  for demonstration generation. We also prodd6eand 25
starting pose for motion planning is taken from the last source demonstrations per task using the scripted policy as
frame of the previous skill segment, and the ending pose isa reference for human-collected datasets. Based on the one
from the rst frame of the current skill segment. For simple source demonstration, we leveraDemoGento generate
uncluttered workspaces, linear interpolation suf ces. For 100 spatially augmented demonstrations for the tasks con-
complex environments requiring obstacle avoidance, an off-taining the spatial randomization of one object. Since the
the-shelf motion planning method [23] is employed. tasks concerning two objects have a more diverse range of
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