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Abstract—Recent advancements in learning from human
demonstration have shown promising results in addressing the
scalability and high cost of data collection required to train
robust visuomotor policies. However, existing approaches are
often constrained by a reliance on multiview camera setups,
depth sensors, or custom hardware and are typically limited to
policy execution from third-person or egocentric cameras. In this
paper, we present WARPED, a framework designed to synthe-
size realistic wrist-view observations and actions from human
demonstration videos to facilitate the training of visuomotor
policies using only monocular RGB data. With data collected
from an egocentric RGB camera, our system leverages vision
foundation models to initialize the interactive scene. A hand-
object interaction pipeline is then employed to track the hand
and manipulated object and retarget the trajectories to a robotic
end-effector. Lastly, photo-realistic wrist-view observations are
synthesized via Gaussian Splatting to directly train a robotic
policy. We demonstrate that WARPED achieves success rates
comparable to policies trained on teleoperated demonstration
data for five tabletop manipulation tasks, while requiring 5–8x
less data collection time.

I. INTRODUCTION

Imitation learning [84, 39, 37, 31, 44, 114, 124, 42] has
emerged as a popular approach to train robotic visuomotor
policies to perform a variety of manipulation tasks. These
tasks range from simple pick and place, pushing, and insertion
[41, 108, 93], to more complex long-horizon tasks such as
folding laundry, tool use, and washing dishes [75, 12, 16].
However, the performance of these policies is highly de-
pendent on the availability and quality of the demonstra-
tion data. Methods often utilize existing large-scale datasets
from teleoperated robot demonstrations [19, 28] or internet
videos [20, 32], which are expensive and difficult to collect
when scaling to new tasks and environments. This challenge
is more evident for domain-specific manipulation tasks, such
as agriculture [47], where demonstration data is often limited.
Alternatively, methods can rely on collecting new teleoperated
robot data [40, 85, 22, 77], which is slow, time-consuming, and
labor-intensive to acquire.

Recent works on learning directly from a small amount
of human demonstrations without teleoperation or large-scale
datasets have been proposed to address these limitations and
improve the scalability and adaptability of training visuomotor
policies, often using small amounts of task-specific data.
Because humans manipulate objects quickly and naturally,
demonstrations can be collected significantly faster than tele-
operation, allowing for rapid adaptation to new tasks. To
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Fig. 1: WARPED: A framework that warps egocentric human demonstrations
into wrist-camera observations and trajectories for training robot policies.

bridge the observation gap between human demonstrations
and robot execution, prior approaches have utilized specialized
data collection interfaces [120, 98, 119], data augmentation
strategies [70, 67, 30], and simplified intermediate representa-
tions such as hand-pose trajectories [113, 71], keypoints [57,
33, 103], and object-centric 3D representations [46, 109, 122].

However, many of these approaches still depend on ad-
ditional sensing or setups that limit how easily data can
be collected for new tasks. Several works require multi-
view images [80, 33, 101] or depth sensors [72, 58, 56] for
reconstruction and tracking; rely on custom hardware-based
collection interfaces [17, 94], or depend on custom-trained
generative models to convert human demonstrations into robot-
compatible observations [36, 4]. As a result, if a user wants to
train a policy for a new manipulation task, they need one of
these components, which may be difficult to use or not readily
available. Additionally, many of these methods are limited to
rolling out policies on fixed or egocentric camera viewpoints.
Wrist-mounted camera viewpoints are often desirable, as they
capture more fine-grained details of the interactive scene [1,
18, 48]. Because most human demonstration-based approaches
require policies to be executed from camera viewpoints similar
to those used during data collection, they cannot readily
leverage wrist-view camera observations at deployment.

To address these limitations, we present Wrist-Aligned
Rendering for Robot Policy Learning from Egocentric Human
Demonstrations (WARPED), an approach that enables training
visuomotor policies from human demonstrations without re-
quiring multi-view sensing, depth sensors, or custom collection
hardware. With only a single monocular RGB camera worn
on the head of the user, WARPED takes egocentric videos
of human demonstrations and produces robot end-effector-



Fig. 2: Overview of WARPED. Images of the scene are captured to build an initial Gaussian Splat representation. The user then performs a tabletop manipulation
task, recording an egocentric demonstration from a GoPro attached to a helmet. The interactive scene is aligned with the Gaussian Splat, and the object pose is
localized using vision foundation models. The object pose is then tracked over time via hand–object optimization. The resulting hand trajectories are retargeted
to a robot gripper, and per-frame wrist-camera views of the scene are rendered and used to train a diffusion policy.

aligned observations and actions from a wrist-camera per-
spective that can be used directly for policy learning. Our
system leverages vision foundation models to initialize the
scene and a hand-object interaction pipeline to track and
retarget human trajectories to a robotic end-effector. We then
use Gaussian Splatting to render photorealistic wrist-view
observations to train a robotic policy. We demonstrate that
WARPED achieves performance comparable to teleoperation
across five tabletop manipulation tasks while requiring 5-8
times less data collection time. Our specific contributions are:
� A pipeline for generating robot-aligned wrist-view obser-

vations and trajectories from egocentric human demon-
strations to train visuomotor policies.

� A monocular RGB-only approach that integrates vision
foundation models and Gaussian Splatting to synthesize
photorealistic wrist-view observations without multi-view
setups, depth sensors, or custom hardware.

� An evaluation and analysis on five tabletop manipulation
tasks demonstrating teleoperation-level performance with
significantly reduced data collection time.

II. RELATED WORK

A. Imitation Learning

Recent progress in imitation learning has focused on learn-
ing visuomotor policies directly from visual and proprioceptive
inputs [7, 49, 90, 8, 9], allowing robots to perform increasingly
complex manipulation tasks. Advances in policy architectures,
including sequence modeling and diffusion-based formula-
tions [119, 16], have further improved the expressiveness and
real-world performance of imitation learning methods. How-
ever, despite these advances, most approaches rely on large

amounts of robot-collected demonstration data, making them
difficult to scale to new tasks, scenes, and object instances.

Expert demonstrations for imitation learning are often col-
lected through teleoperation, where a human controls a robot
and records observations and actions. Teleoperation can be
performed using a wide range of interfaces, including a key-
board [45, 53], game controller [52], or 3D SpaceMouse [66,
24], which can be limited in fine-grained manipulation. VR
and AR-based controllers [113, 25, 15, 117, 115] enable more
visually guided interaction but introduce additional hardware
requirements and user learning overhead. Custom hardware
systems [119, 29, 17, 98] have also been proposed to facilitate
data collection, but require specialized equipment.

B. Learning from Human Video

To reduce the cost and effort of robot data collection,
prior works have explored learning robot policies from human
video demonstrations, which are easier and faster to collect.
Several approaches leverage large-scale human video datasets
to pretrain visual representations [68, 64, 63, 65], learn object
and scene-level affordances [2, 11, 87], or predict robot
actions [3, 5, 86]. Other methods extract coarse supervision
from human videos, such as keypoints [57, 33, 71, 80], object
trajectories [37, 58, 122, 107], correspondence tracks [6, 4],
or motion priors [72, 88] to guide robot policy learning.
Works have also studied learning from egocentric human
video [43, 62, 110], as the demonstrations naturally capture
hand-object interactions from a first-person perspective. How-
ever, across these approaches, data collection often depends
on curated annotations from large-scale datasets, multi-view
and RGB-D camera setups, or specialized sensing hardware,
which are not always available for new tasks.



C. View and Embodiment Synthesis for Robot Learning

Recent works have explored synthesizing robot-centric
wrist-camera views from alternative viewpoints for visuomo-
tor policy learning. WristWorld [76] extends VGGT [95] to
generate temporally consistent wrist-view observations from
third-person camera inputs. Imagination at Inference [21]
�ne-tunes ZeroNVS [82] to synthesize auxiliary wrist-camera
images during policy execution. RwoR [36] converts wrist-
mounted human hand demonstrations into robot end-effector
observations using a learned generative model. Other works
replace the human embodiment in video demonstrations with
a robot using image editing or inpainting [13, 14, 54]. Methods
such as Phantom [56] and Masquerade [55] remove the human
hand and insert a robot gripper into the scene, producing robot-
consistent visual observations directly from human videos.

Neural rendering and view synthesis have also been used to
render novel views and augment robot demonstrations from
limited real data [92, 102, 109, 38, 104, 70, 118, 121, 112].
These approaches leverage neural representations and diffusion
models to synthesize viewpoints, trajectories, or robot execu-
tions from a small number of demonstrations, enabling data
augmentation without collecting new real-world trajectories.

III. METHODOLOGY

Our goal is to transform RGB egocentric human demonstra-
tions into a wrist-camera robotic observation-action dataset
to train visuomotor policies for tabletop manipulation tasks.
An overview of our pipeline is shown in Fig. 2. The pipeline
consists of �ve stages: data collection, interactive scene initial-
ization, hand-object optimization, wrist-view retargeting and
rendering, and policy training and deployment. The system is
designed to be portable and easy to use, enabling demonstra-
tion collection using only a single monocular RGB camera
without specialized hardware or additional sensing.

A. Assumptions

For the purposes of this work, we assume that all objects are
rigid. Objects are manipulated in a tabletop setting, with no
signi�cant scene changes beyond the hand-object interaction
during demonstration. This setup serves as a foundation to val-
idate our proposed approach, with the intention of extending
to more complex tasks and diverse scenes in future work.

B. Data Collection

The user �rst records a short monocular RGB video of the
workspace without the manipulated objects. This process is
analogous to the environment scan performed by Universal
Manipulation Interface (UMI) [17] prior to demonstration
data collection, and provides the necessary visual data to
reconstruct the scene geometry. Structure-from-Motion (SfM)
with Lightglue [60] feature matching is used to estimate
camera poses and recover a sparse 3D reconstruction of the
environment. Collecting the scan is quick and typically takes
less than one minute. The resulting camera poses are used to
initialize a 3D Gaussian Splat representation of the scene and
to localize subsequent demonstrations (Sec. III-C1).

During demonstration data collection, the user wears a head-
mounted egocentric camera and records multiple demonstra-
tions within the workspace. In this work, a GoPro Hero 9
equipped with a standard linear lens, modeled as a pinhole
camera, is attached to a helmet and used to record both the
scene and the demonstrations, although other monocular RGB
cameras and mounting con�gurations could be substituted.

C. Interactive Scene Initialization

While a reconstruction of the static scene is available from
Sec. III-B, the geometry of the hand and objects must also be
initialized for trajectory tracking and wrist-view rendering.

1) Interactive Scene Reconstruction: For each demonstra-
tion, the interactive scene is �rst reconstructed to recover hand
and object depth, which cannot be obtained from the static
scene alone. Demonstration frames are localized within the
static scene using Hierarchical Localization [83] and Light-
Glue feature matching to estimate per-frame camera poses.
SpatialTrackerV2 [100] is used to extract temporally consistent
monocular depth maps for each frame. Since SfM reconstruc-
tions are ambiguous up to a global scale, a scene-level scale
alignment is estimated between the SfM reconstruction and the
predicted depth maps, and the scene Gaussian Splat is rescaled
accordingly. Additional details are provided in Appendix B.

2) Hand Pose Initialization: For initial hand pose estima-
tion, HAMER [74] is used to obtain per-frame hand shape
and pose estimates. The hand parameters are re�ned using
a sequence-level optimization that enforces temporal smooth-
ness and consistency with the monocular depth estimates. A
complete description can be found in Appendix C.

3) Object Pose Initialization: For object pose initialization,
we provide a text description of the manipulated object and
apply Grounding DINO [61] to detect the object in the initial
frame. SAM2 [79] then generates segmentation masks and
propagates them throughout the sequence. An initial mesh of
the object is reconstructed using SAM3D [91]. Rather than
using the Gaussian representation additionally produced by
SAM3D, we construct our own Gaussian Splat of the object
by rendering multi-view images of the mesh. This results
in higher-�delity renderings under the camera trajectories
observed in our demonstrations. Finally, the reconstructed
mesh along with the �rst-frame segmentation is used by
MegaPose [50] to obtain an initial 6D pose estimate.

To re�ne the object geometry, the initial contact frame is
estimated by thresholding the overlap between the hand and
object segmentation masks. For frames prior to contact, the
object pose and scale are jointly optimized by enforcing con-
sistency and alignment of the segmentation with the monocular
depth maps. Full details of the full object pose initialization
process are provided in Appendix D.

D. Hand-Object Optimization

To render realistic object-centric views, we need to track
the 3D pose of the object. While prior works rely on depth
sensors [71, 57, 72], multi-view cameras [80, 33, 56], smart
glasses [62], or full 3D object scans [46, 109], our system
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Fig. 3: Overview of hand–object optimization. The object pose is �rst esti-
mated using supervised mask, depth, and DINOv2 losses. Then the hand and
object pose are jointly re�ned using mask, depth, and interaction constraints.

assumes none of these. As a result, we adopt a hand-object
interaction-based approach, leveraging the fact that hand and
object motion provide complimentary geometric constraints,
particularly when the object is faced with hand-occlusions.
Similar to prior works [35, 73, 27, 123], we utilize two
stages (Fig. 3), where the object pose is �rst estimated
independently and then jointly re�ned together with the hand.

1) Object Pose Estimation: Given the object mesh with ver-
tices Vobj and faces Fobj , object masks and monocular depth
maps M̂ obj , D̂obj , hand masksM̂ hand , and the initialized
pose (Robj

0 ; t obj
0 ) from Sec. III-C, the object pose is estimated

sequentially for each frame of the demonstration sequence
using differentiable rendering. For frame t, a differentiable
rasterizer R [51] is used to render the image, mask, and depth
of the object.

I obj
t ; M obj

t ; Dobj
t = R(R obj

t V obj + t obj
t ; F obj ) (1)

An occlusion-aware mask loss [116] is �rst calculated
between the rendered and SAM2 predicted masks.

L M obj = k(M obj
t � M̂ obj

t ) � (1 � M̂ hand
t )k (2)

Because similar object masks can be produced by different
poses, particularly when faced with hand occlusions, we
additionally utilize a depth consistency loss that encourages
consistency between the rendered and predicted depths.

L D obj = k(D obj
t � D̂obj

t ) � (1 � M̂ hand
t )k2

2 (3)

To account for sparsity and noise in monocular depth
predictions, we additionally incorporate image-based feature
supervision. We extract DINOv2 [69] features from the ren-
dered image Ft and the masked original framêF t and compute
a cosine similarity loss.

F t = G(I t );

F̂ t = G(Î t � M obj
t );

L DINO =
1
P

PX

p=1

 

1 �
F t;p � F̂ t;p

kF t;p k2 kF̂ t;p k2

! (4)

where Î t is the original image, and G denotes the DINOv2
network with a ViT-S [23] backbone, using features extracted
from the ninth layer. The �nal optimization formulation is

min
R obj

t ;t obj
t

� M obj L M obj + � D obj L D obj + � DINOL DINO (5)
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Fig. 4: (a) Frequently contacted hand vertices. (b) Pose mapping from hand
to end-effector using thumb and index joints. At the contact start frame (c),
the closest 50 object points to the thumb and �ngertips are identi�ed (d) and
used to re�ne the initial gripper pose and width (e) into a con�guration that
establishes contact with the points (f).

Each pose is optimized independently per frame, using the
pose from the previous frame as initialization. Once all poses
are optimized, the contact start and end frames (ts, te) are
identi�ed based on whether the object's translation or rotation
exceed prede�ned thresholds for a �xed number of consecutive
frames. A full description can be found in Appendix E.

2) Joint Hand-Object Re�nement: Because estimating hand
and object poses independently can be inaccurate, we jointly
optimize both to exploit hand–object interaction constraints.
To jointly re�ne the hand and object poses, all parameters are
optimized simultaneously across all frames. We denote the ob-
ject parameters as �obj , which consists of the object rotations
R obj and translations tobj for all frames in addition to a global
scaling factor sobj . The object is assumed to remain stationary
for all t <= t s and t >= t e. In addition, we optimize
the MANO [81] hand parameters �hand , which include the
global hand rotations Rhand , global hand translations thand ,
hand pose parameters �, and shared hand shape parameters
�. Our joint hand-object optimization uses the following loss
functions to enforce visual and interactive constraints:

Occlusion-Aware Mask Loss. Similar to Sec. III-D1, we
use a differentiable rasterizer to render masks and depths for
both the object and the hand across all frames.

M obj ; D obj = R(R obj V obj + t obj ; F obj )

M hand ; D hand = R(R hand V hand + t hand ; F hand )
(6)

The hand mesh is obtained from the MANO hand model using
the current hand pose and shape parameters.

V hand ; F hand = MANO(�; �) (7)

We compute occlusion-aware mask losses that account for
mutual hand-object occlusions.

L M obj = k(M obj � M̂ obj ) � (1 � M̂ hand )k

L M hand = k(M hand � M̂ hand ) � (1 � M̂ obj )k

L M = L M obj + L M hand

(8)
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