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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]
fine-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 five 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
significant 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 first 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 configurations 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 first 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 refined 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-fidelity renderings under the camera trajectories
observed in our demonstrations. Finally, the reconstructed
mesh along with the first-frame segmentation is used by
MegaPose [50] to obtain an initial 6D pose estimate.

To refine 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 first esti-
mated using supervised mask, depth, and DINOv2 losses. Then the hand and
object pose are jointly refined 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 first estimated
independently and then jointly refined together with the hand.

1) Object Pose Estimation: Given the object mesh with ver-
tices V obj and faces F obj , object masks and monocular depth
maps M̂obj , D̂obj , hand masks M̂hand, and the initialized
pose (Robj

0 , tobj0 ) 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.

Iobj
t ,Mobj

t ,Dobj
t = R(Robj

t V obj + tobjt , F obj) (1)

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

LMobj
= ∥(Mobj

t − M̂obj
t )⊙ (1− M̂hand

t )∥ (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.

LDobj
= ∥(Dobj

t − D̂obj
t )⊙ (1− M̂hand

t )∥22 (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 frame F̂t and compute
a cosine similarity loss.

Ft = G(It),
F̂t = G(Ît ⊙Mobj

t ),

LDINO =
1

P

P∑
p=1

(
1− Ft,p · F̂t,p

∥Ft,p∥2 ∥F̂t,p∥2

) (4)

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

min
Robj

t ,tobjt

λMobj
LMobj

+ λDobj
LDobj

+ λDINOLDINO (5)

(a) (b)

(c) (d) (e) (f)

→

→ → →

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 fingertips are identified (d) and
used to refine the initial gripper pose and width (e) into a configuration 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
identified based on whether the object’s translation or rotation
exceed predefined thresholds for a fixed number of consecutive
frames. A full description can be found in Appendix E.

2) Joint Hand-Object Refinement: Because estimating hand
and object poses independently can be inaccurate, we jointly
optimize both to exploit hand–object interaction constraints.
To jointly refine the hand and object poses, all parameters are
optimized simultaneously across all frames. We denote the ob-
ject parameters as Θobj , which consists of the object rotations
Robj and translations tobj for all frames in addition to a global
scaling factor sobj . The object is assumed to remain stationary
for all t <= ts and t >= te. In addition, we optimize
the MANO [81] hand parameters Θhand, which include the
global hand rotations Rhand, global hand translations thand,
hand pose parameters θ, and shared hand shape parameters
β. 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.

Mobj , Dobj = R(RobjV obj + tobj , F obj)

Mhand, Dhand = R(RhandV hand + thand, Fhand)
(6)

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

V hand, Fhand = MANO(θ,β) (7)

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

LMobj
= ∥(Mobj − M̂obj)⊙ (1− M̂hand)∥

LMhand
= ∥(Mhand − M̂hand)⊙ (1− M̂obj)∥

LM = LMobj
+ LMhand

(8)
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Fig. 5: Example demonstration frames, original wrist-view renders, and real
rollout images at initial contact.
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Fig. 6: Example demonstration frames and wrist-view renders illustrating
object appearance, object pose, and gripper pose augmentations.

Depth Loss. We apply the same depth loss from Eq. 3 to
both the object and the hand for all frames.

LDobj
= ∥(Dobj − D̂obj)⊙ (1− M̂hand)∥22

LDhand
= ∥(Dhand − D̂hand)⊙ (1− M̂obj)∥22

LD = LDobj
+ LDhand

(9)

Contact Loss. Inspired by previous work [34, 73, 27, 59],
proximity is encouraged between frequently contacted hand
vertices V tip ⊂ V hand (Fig. 4(a)) and object vertices during
contact frames to promote interaction.

Lcontact(t) =


∑

vτ∈V tip

min
vo∈V obj

∥vτ
t − vo

t ∥
2
2 , ts <= t <= te,

0, otherwise
(10)

Collision Loss. To discourage physically implausible inter-
penetration between the hand and the object during contact,
we penalize hand vertices that fall inside the object volume.
We precompute a truncated signed distance field (TSDF) for
the object mesh and evaluate it at each hand vertex

Lcol =
∑

vh∈V hand

Φobj(vh) (11)

where Φobj(·) denotes the object TSDF evaluated at hand
vertex vh ∈ V hand.

Stable Grasp Loss Following Zhu et al. [123], we use a
stable grasp loss that encourages finger tip vertices vτ ∈ V tip

to maintain consistent distances to the object vertices vo ∈
V obj during contact

Lsg =
∑
vτ

∑
vo

te∑
n=ts

te∑
m=ts

∥doτn − doτm ∥

doτn := ∥vτ
n − vo

n∥22

(12)

The final joint optimization minimizes

min
Θ

λMLM + λDLD + λcLcontact

+λcolLcol + λsgLsg + Laux
(13)

where Θ = {Θobj ,Θhand} and Laux represents additional
auxiliary loss terms described in Appendix E.

E. Retargeting and Rendering
Once the hand and object poses have been recovered

through joint optimization, the human hand motion is retar-
geted into executable robot end-effector trajectories, and the
corresponding wrist-camera observations are rendered.

First, a sparse set of evenly spaced keyframes are extracted
from the full hand-object trajectory. For keyframes prior to
contact (t < ts), the gripper remains open and the end-effector
pose is mapped from the human-hand pose using the thumb
and index joints, as shown in Fig. 4(b) and discussed in more
detail in Appendix F. Following Pan et al. [70], we apply pre-
contact trajectory optimization to prevent unintended gripper-
object collisions. The optimization is formulated as

min
Tee

t<ts

λfunnelLfunnel + λcolLcol + λsmoothLsmooth (14)

where Lfunnel constrains trajectories to remain close to the orig-
inal motion, Lcol prevents gripper-object collision by applying
the same TSDF-based loss as Eq. 11, and Lsmooth encourages
temporally smooth motion.

At the contact start frame (t = ts), the end-effector pose
Tee

ts and gripper width are refined to ensure a physically
plausible grasp (Fig. 4(c-f)). For both the thumb and index
finger tips, 50 contact points are identified based on mesh
vertex proximity. Using these contact points, the end-effector
position and gripper width are optimized to align the grasp
with the hand-held object. Additional details are provided in
Appendix F.

During contact (ts ≤ t ≤ te), the pose of the gripper
and object are assumed to be relatively fixed. For subsequent
frames, the end-effector pose is updated by applying the
relative object motion with respect to the contact frame,

Tee
t = Tee

ts

(
Tobj

ts

)−1

Tobj
t (15)

ensuring that the end-effector rigidly follows the object motion
while preserving the established grasp.

Finally, the end-effector and object poses defined at
keyframes are interpolated to produce smooth continuous
trajectories. Wrist-camera views of the retargeted end-effector
trajectories are rendered by combining the Gaussian Splats of
the scene, object, and end-effector. We render fisheye images
using Nerfstudio’s [89, 106] 3DGUT [99] implementation.
Example renderings are shown in Fig. 5.



F. Policy Training

We train a diffusion policy [16, 17] conditioned on wrist-
view observations and robot proprioceptive inputs to generate
relative pose and gripper action chunks. Similar to prior
work [10, 78], we add Gaussian noise to the input images dur-
ing training to mitigate the sim-to-real gap between rendered
wrist-view observations and real robot images. To increase
dataset diversity, we augment the demonstrations as shown
in Fig. 6. Augmentations include retexturing object meshes,
randomly translating the object in the scene, randomizing the
initial gripper pose, randomly scaling the scene, and perturbing
both the wrist-camera intrinsics and extrinsics.

IV. EXPERIMENTS AND RESULTS

A. Experimental Setup

We evaluate the performance of our framework across five
different tabletop manipulation tasks. All experiments are
conducted using a UFactory xArm7 robot equipped with an
xArm G1 Gripper. For human demonstration data collection,
a GoPro Hero9 is attached to a helmet (Fig. 7(a)) worn by
the user. For policy rollout, a GoPro Hero 9 with Max Lens
Mod 1.0 is mounted above the gripper to capture wrist-view
observations during execution, as shown in Fig. 7(b).

For each task, we collect 30 demonstrations within a fixed
working space using a single object per task. Each demon-
stration is captured at 30 Hz and processed through WARPED
to generate end-effector trajectories and wrist-camera render-
ings. The demonstrations are augmented 10 times following
Sec. III-F. A diffusion policy is trained using four NVIDIA
Tesla V100s. Training details are provided in Appendix G.

Each trained policy is evaluated over 20 trials per task with
a rollout frequency of 10Hz. Performance is measured using
success rate, defined as the number of trials in which the task
is successfully completed. At the start of each evaluation trial,
the robot is initialized in a task-dependent configuration such
that the manipulated object is within the wrist-camera field of
view and in reasonable proximity of the end-effector, matching
the human hand conditions observed during demonstration.

B. Task Descriptions

We evaluate our method on five tabletop manipulation tasks
(Fig. 8). Demonstrations for each task are collected using the
same object, while object placement varies across trials. We
briefly describe each task below:

a) Rotate Box: The robot must rotate a box 90 degrees
onto a new face. The box is placed at different initial
positions across trials. This task tests the ability to track
and manipulate object pose across rotations.

b) Pour Mug: The robot must grasp a mug by its handle
and execute a pouring motion. The mug is placed
at different starting positions. This task tests tracking
object rotation and grasping a specific part of the object.

c) Take Bottle out of Dish Rack: The robot must pick up
a bottle from the middle shelf of a dish rack. The bottle
position within the rack varies between trials. This task
tests manipulation in a constrained setting.

(a) (b)

(c) (d)

Fig. 7: (a) GoPro Hero9 attached to a helmet to record human demonstrations.
(b) GoPro Hero9 with Max Lens Mod 1.0 mounted above gripper. (c) Objects
used for data collection. (d) Novel objects used for evaluation.

d) Wipe Plate with Brush: The robot must pick up a
brush and wipe a plate. This task is challenging because
the brush is small and lies flat on the table, requiring
reasonably accurate pose estimation and grasping.

e) Pick and Place Can on Plate: The robot must pick up a
can and place it onto a plate. Unlike the Wipe Brush task,
the plate is not fixed and varies in position, requiring
WARPED to localize multiple objects and render both
the can and the plate in the scene.

C. Baselines

For all tasks, we compare our method against a teleoperation
baseline, where policies are trained on teleoperated demon-
strations using a Meta Quest 2 VR headset and controller.
We additionally adopt the Alter baseline presented by Heng et
al. [36]. Following this setup, the same GoPro is mounted
on a human hand to approximate the robot end-effector pose.
Demonstrations are recorded, inpainted using InpaintAny-
thing [111], and overlaid with masked gripper images to
simulate wrist-view observations. End-effector trajectories are
extracted using the localization method in Sec. III-C1, and
gripper open/close states are manually annotated. We note that
RwoR [36] is a relevant baseline but no public code or trained
models were available at the time of testing.

D. Results

How well do policies trained using WARPED perform
compared to teleoperation and baselines? We evaluate the
performance of our framework where training and evaluation
are performed in a single scene using the same objects
observed during training. The results are shown in Table I.
Overall, WARPED achieves performance comparable to tele-
operation on the Pour Mug, Bottle from Rack, and Can on
Plate tasks, despite relying solely on monocular and egocentric
human video demonstrations. Notably, WARPED outperforms
teleoperation on the Rotate Box task. This is because precise
and consistent rotational control was found to be difficult using
teleoperation, highlighting the benefit of using natural hand
motion for manipulation. However, WARPED underperforms
teleoperation on Wipe Brush. This is because the brush is
small and level to the table (Fig. 8), making pose estimation



Fig. 8: Real-world rollouts for all evaluated tasks.

and retargeting more difficult. The Alter baseline performs
poorly across all tasks, demonstrating that naively rendering
wrist-view images without accurate hand-object geometry is
insufficient for policy learning.

How well do learned policies generalize to novel objects?
We assess WARPED’s ability to generalize to novel objects
not seen during training. For each task, policies are evaluated
on two unseen objects of the same category (Fig. 7(d)). The
results are reported in Table II. WARPED consistently outper-
forms teleoperation on novel objects for all tasks except Wipe
Brush. The performance difference is most evident on Obj
2 for the Rotate Box and Bottle from Rack tasks, indicating
WARPED’s robustness to changes in object geometry and size.

How well do learned policies generalize to out-of-
distribution scenes? We examine WARPED’s ability to gen-
eralize to out-of-distribution scenes. For the Can on Plate
task, we collect 50 demonstrations across 20 diverse tabletop
settings and evaluate on four unseen scenes for a total of 20
trials. Visualizations of the training and testing scenes can be
found in Appendix H. WARPED achieves a success rate of
16/20. The variation across scenes is likely due to subtle dif-
ferences in the training data, including lighting conditions and
scene layout. Overall, these results show that WARPED can
generalize to out-of-distribution scenes. Performance could
be improved by integrating scene-level augmentation strate-
gies [109, 104, 70].

How robust is WARPED to background distractors? We
test the robustness of WARPED when presented with back-
ground visual distractors that are not in the initial Gaussian
Splat of the scene (Fig. 9). As shown in Table I, background
distractors have negligible impact on Can on Plate and Bottle
from Rack tasks, and result in a small drop in performance
for Rotate Box and Wipe Brush. The largest degradation is
observed for Pour Mug, where failures are primarily due to

Fig. 9: Example of background distractor rollout for Can on Plate task.

missed grasps.
How efficient is data collection using WARPED? We

assess the data collection efficiency of WARPED and compare
it against the time required to collect teleoperated data. We
report the total time needed to collect all demonstrations in
Table III. For WARPED, this includes the initial scan of the
scene. Similarly, for teleoperation, we report the total time,
including environment resets and any additional overhead
incurred during operation. Data collection with WARPED is
approximately 5–8x faster than teleoperation across all tasks.
This highlights one of WARPED’s advantages for collecting
new datasets, and suggests potential for more scalable data
collection as complexity and dataset sizes increase.

Can WARPED complement teleoperated data? We eval-
uate whether WARPED demonstrations can be co-trained with
teleoperated data. For each task, we combine 15 teleoperated
and 15 WARPED demonstrations, including all augmentations.
To align human and robot trajectories, human demonstrations
are slowed down by a factor of three. The results are shown
in Table I. For Rotate Box, Pour Mug, Bottle from Rack, and
Can on Plate, co-training achieves performance comparable
or better than training with teleoperation alone. However, for
Wipe Brush, performance decreases under co-training. We
observe that this task involves more complex motion, and the
rendered trajectories from WARPED are more dissimilar from
the teleoperated executions, leading to data inconsistencies.

Qualitatively, co-trained policies exhibit behaviors more
similar to teleoperated executions, despite much of the training
data coming from WARPED. This shows that by leveraging
diffusion policies, we can achieve teleoperation-like perfor-
mance with fewer demonstrations by supplementing them with
faster-to-collect WARPED data.

How does WARPED compare to UMI-based data col-
lection? We compare data collection using WARPED against
UMI on the Can on Plate and Rotate Box tasks. Policies are
trained on 30 demonstrations and evaluated over 20 trials, with
10 using the demonstration object and 10 using a novel object.
UMI is evaluated on a UR5 equipped with its custom gripper.

Results are shown in Table IV. For Can on Plate, the policy
trained on UMI data achieves near-perfect success on both
training and novel objects. This is likely because of the similar
overhead visual appearance of cylindrical aluminum cans,
resulting in consistent and representative demonstrations. In
contrast, WARPED exhibits a slightly lower success, possibly
as a result of the noise in object pose tracking which introduces
minor variability in the demonstrations.

For Rotate Box, UMI performs substantially worse, achiev-
ing only 2/10 successes on the training object and failing
on the novel object, while WARPED achieves near-perfect
success. Rotating a box onto a new face requires precise,



TABLE I: Success rates comparing teleoperation, the Alter baseline, and WARPED.

Method Rotate Box Pour Mug Bottle from Rack Wipe Brush Can on Plate
Teleoperation 16/20 19/20 16/20 15/20 19/20

Alter (Heng et al.) 7/20 3/20 0/20 0/20 8/20

WARPED (no augmentation) 0/20 17/20 0/20 0/20 8/20
WARPED (background distractors) 18/20 15/20 17/20 9/20 17/20

WARPED 20/20 18/20 17/20 11/20 17/20

Teleoperation + WARPED 19/20 20/20 17/20 11/20 20/20

TABLE II: Success rates on novel object instances.

Method Novel
Obj

Rotate
Box

Bottle
from Rack

Wipe
Brush

Can on
Plate

Teleoperation Obj 1 8/10 4/10 7/10 9/10
Obj 2 2/10 2/10 4/10 9/10

WARPED Obj 1 10/10 8/10 7/10 10/10
Obj 2 8/10 5/10 2/10 9/10

TABLE III: Demonstration collection time (MM:SS).

Method Rotate
Box

Pour
Mug

Bottle
from Rack

Wipe
Brush

Can on
Plate

Teleoperation 22:51 24:59 31:49 30:16 15:20

WARPED 3:37 3:18 3:27 5.19 3.41

continuous rotational motion and is sensitive to slipping, which
is difficult to demonstrate consistently with end-effector tools.
In contrast, human hand demonstrations capture smoother
rotational trajectories, and the geometric variation among
novel boxes further benefits WARPED’s augmentation strat-
egy. UMI’s framework does not support such augmentation,
limiting policy training to the original 30 demonstrations.

How do augmented demonstrations benefit WARPED?
We evaluate the impact of data augmentation from Sec. III-F
by removing augmented demonstrations from training. As
shown in Table I, data augmentation has a significant effect on
performance. Without augmentation, WARPED fails entirely
on three of five tasks, and performance of Can on Plate drops
by more than 50%. This suggests that augmentation helps
bridge sim-to-real discrepancies.

How does hand–object optimization compare to ob-
ject pose tracking? We qualitatively compare the effect of
hand-object optimization from Sec. III-D against object pose
tracking using FoundationPose [96]. For the Rotate Box and
Can on Plate tasks, we run both hand-object optimization and
object pose tracking and visually assess whether the resulting
object poses are reasonable over the course of the trajectory.
Visualizations of the results can be seen in Appendix I.

Using hand-object optimization results in success rates of
17/20 for both the Rotate Box and Can on Plate tasks, whereas
FoundationPose achieves success rates of 11/20 and 2/20 re-
spectively. The poor performance of FoundationPose is likely
because of noise in monocular depth estimates, inaccuracies in
camera intrinsics, and predicted mesh misalignment. We ad-
ditionally observe that FoundationPose fails predominantly on
the Can on Plate task because the object is small and occluded
by the hand, leading to unrecoverable tracking failures. In con-
trast, hand-object optimization exploits interaction constraints,
improving pose tracking accuracy through occlusions.

TABLE IV: Success rates comparing UMI and WARPED.

Method Object Can on Plate Rotate Box
UMI Train 9/10 2/10

Novel 10/10 0/10

WARPED Train 8/10 10/10
Novel 9/10 10/10

V. DISCUSSION AND LIMITATIONS

We demonstrate that visuomotor policies can be trained
from human egocentric demonstrations using only a monoc-
ular RGB camera, substantially reducing demonstration col-
lection time compared to teleoperation. On four of five tasks,
WARPED achieves performance comparable to teleoperation,
and outperforms both teleoperation and UMI on Rotate Box,
where smooth rotational motion is easier to demonstrate with
a human hand. Another advantage of our approach is the
ability to render synthetic wrist-view observations, enabling
data augmentation and improving robustness on novel objects.
Finally, combining teleoperation with WARPED demonstra-
tions achieves comparable performance while reducing data
collection time relative to teleoperation alone.

Although our approach shows competitive performance with
reduced data collection overhead, we acknowledge several
important limitations. First, WARPED currently only supports
rigid object motion. Extending the method to articulated ob-
jects could leverage recent works that distill DINOv2 features
to track articulated motion [46, 109], while deformable objects
may be addressed by integrating deformable Gaussian repre-
sentations [26]. Next, despite robustness to background dis-
tractors, the method assumes a quasi-static scene in which only
the manipulated object moves. Adapting to moving scenes
would likely require integrating dynamic Gaussian Splatting
representations [97, 105]. Additionally, the pipeline fails when
the manipulated object becomes fully occluded, which is also
a limitation of state-of-the-art object tracking methods.

VI. CONCLUSION

In this paper, we present WARPED, a framework for
learning visuomotor manipulation policies from monocular
human demonstration videos by synthesizing realistic wrist-
view robot observations and retargeted end-effector trajecto-
ries. By combining hand–object tracking, scene reconstruction,
and photorealistic rendering, WARPED enables policy training
using standard RGB data without multiview setups, depth
sensors, or custom hardware. Future work will focus on
extending WARPED to articulated objects, dynamic scenes,
and longer-horizon manipulation tasks.
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APPENDIX

A. Data Collection

1) Fiducial Marker: Similar to Universal Manipulation In-
terface (UMI) [17], a fiducial marker of known size is option-
ally placed in the scene during the initial scan. If present, the
marker is used to aid the scene-level scale alignment discussed
in Sec. III-C1, and is further detailed in Appendix B. Note that
the fiducial marker does not contribute to the Structure-from-
Motion (SfM) and does not appear in demonstration videos.

2) Camera Calibration: The head-mounted egocentric
camera used to record the demonstrations is modeled as a
pinhole camera and may optionally be calibrated prior to
data collection. If calibrated intrinsics are available, they are
used directly during localization. Otherwise, the intrinsics
are first approximated and then refined during localization
by additionally registering each demonstration frame into the
existing SfM model and performing bundle adjustment.

B. Scene-Level Scale Alignment

Because SfM reconstructions are ambiguous up to a global
scale, the reconstruction from Sec. III-B needs to be aligned
with the predicted monocular depth maps from Sec. III-C1.
We estimate the affine mapping between the predicted depth
zpred and SfM depth zsfm

zsfm ≈ A+Bzpred (16)

and use the resulting scale and offset to align the scene
reconstruction and Gaussian Splat with the depth maps.

For each demonstration frame, we use the 2D-3D SfM
correspondences from Hierarchical Location [83]. Each cor-
respondence gives a 2D keypoint in the image and a matched
3D SfM point, whose camera-frame depth is zsfm

i . The n
correspondences whose 2D keypoints are closest to but lie
outside the object mask are selected and used to sample the
corresponding monocular depth values zpred

i , where n varies
by task but is typically between 10-50. A and B are then
estimated by solving the nonlinear least squares equation

min
A,B

1

2

∑
i

ρ

((
A+B zpred

i − zsfm
i

)2)
(17)

where ρ is the Huber loss function. If the fiducial marker
from Appendix A2 is present, the reconstruction is further
rescaled so that the recovered marker geometry matches its
known size. This is done by triangulating detected tag corner
points across views and scaling the reconstruction such that
the reconstructed tag length aligns with its known dimensions.

C. Hand Pose Initialization

The 3D hand pose estimates (Sec. III-C2) produced by
HAMER [74] are often noisy and temporally inconsistent, as
HAMER does not use temporal information between frames.
To refine and temporally smooth the hand poses, we utilize a

two-stage optimization approach. In the first stage, we fix the
hand pose parameters θ and optimize

Θcoarse = {Rhand, thand,β}
min
Θcoarse

λ2DL2D + λsmoothLsmooth
(18)

where

V hand = Rhand · MANO(θ,β) + thand

L2D = ∥Π(V hand)− vhand
2d ∥

Lsmooth =
∑
t

∑
vh∈V hand

∥vh
t − vh

t−1∥22
(19)

Here, Π(·) denotes the camera projection operator, and vhand
2D

are the 2D hand keypoints predicted by HAMER.
In the second stage, we additionally optimize the hand pose

parameters θ and add a depth supervision loss to align the
hand vertices with the predicted monocular depth maps

Θfine = {Rhand, thand,θ,β}
min
Θfine

λ2DL2D+λsmoothLsmooth + λDhand
LDhand

(20)

where L2D and Lsmooth are the same as Eq. 19, and LDhand

is the same hand depth loss defined in Eq. 9. We found this
two-stage approach to be more stable than initially optimizing
all hand pose parameters with depth supervision.

D. Object Pose Initialization

As discussed in Sec. III-C3, MegaPose [50] provides an
initial 6D pose estimate (Robj∗

0 , tobj∗0 ). This estimate is
obtained using the canonical object mesh reconstructed by
SAM3D [91], with vertices V obj∗ which are defined up to
an arbitrary scale. To refine the object mesh, an initial contact
frame t̃s is first estimated by thresholding the overlap between
the hand and object segmentation masks. Then, we optimize

min
Robj

0 ,tobj0 ,sobj
λMobj

LMobj
+ λDobj

LDobj
(21)

where Robj
0 and tobj0 are initialized as Robj∗

0 and tobj∗0

respectively, and sobj is initialized to 1. The losses LMobj

and LDobj
follow the same definitions as Eq. 8 and Eq. 9, but

are evaluated using the scaled object mesh vertices V obj =
sobjV obj∗ for all frames t ≤ t̃s. During this interval, the object
is assumed to be stationary. The estimate t̃s is only used for
initial object scale and pose refinement. The final contact start
and end frames (ts, te) are computed using motion changes
as described in Appendix E1.

E. Hand-Object Optimization

1) Contact Start and End Estimation: Following
Sec. III-D1, once object poses for all frames have been
determined, we estimate the contact start and end frames
(ts, te). Inspired by Dixuan et al [59], we set a translation
threshold ϵo and rotation threshold ϵr. If at time ts the
change in object translation ∆o or rotation ∆r exceeds these



thresholds for m consecutive frames, ts is determined to be
the contact start frame.

tos = inf

{
t : min

k∈{t,...,t+m−1}
∥∆ok∥2 ≥ ϵo

}
trs = inf

{
t : min

k∈{t,...,t+m−1}
∥∆rk∥2 ≥ ϵr

}
ts = min(tos, t

r
s)

(22)

Similarly, the end contact frame te is determined by identify-
ing the earliest time at which the object translation or rotation
falls below the respective thresholds for m consecutive frames.

toe = inf

{
t : min

k∈{t−m+1,...,t}
∥∆ok∥2 < ϵo

}
tre = inf

{
t : min

k∈{t−m+1,...,t}
∥∆rk∥2 < ϵr

}
te = max(toe, t

r
e)

(23)

2) Joint Hand-Object Refinement Auxiliary Losses: In addi-
tion to the losses defined in Sec. III-D2, we include auxiliary
losses Laux presented in Eq. 13 to further guide the hand-
object optimization. Here, V hand and V obj denote the hand
and object mesh vertices after applying the current pose
transformations at each timestep.

Scene TSDF Loss. To prevent collisions with the static
scene, a scene-level truncated signed distance field (TSDF)
is constructed by rendering depth from the scene Gaussian
Splat. A collision loss penalizes hand and object vertices that
penetrate the scene surface.

Lscene =
∑

vh∈V hand

Φscene(vh) +
∑

vo∈V obj

Φscene(vo), (24)

Here, Φscene(·) denotes the scene TSDF evaluated at hand
vertex vh ∈ V hand and object vertex vo ∈ V obj .

Resting-on-Scene Loss. When the hand is not in contact
with the object, we encourage the object to remain in contact
with the static scene. Using the scene TSDF Φscene, we extract
a scene point cloud P scene and constrain object mesh vertices
to remain close to the scene surface during non-contact frames,
reducing floating object artifacts.

Lrest(t) =


0, ts ≤ t ≤ te,∑
vo∈V obj

min
p∈P scene

∥vo
t − p∥22 , otherwise.

(25)
Hand Projection Loss. The hand projection loss L2D in

Eq. 19 constrains the projected hand vertices to remain close
to the original 2D keypoints predicted by HAMER.

Hand Pose Regularization Loss A hand pose regulariza-
tion term is included to limit deviations of hand pose θ from
the original HAMER output θ̂. This prevents unnatural hand
shapes and maintains physically plausible hand configurations.

Lhp = ∥θ − θ̂∥ (26)

The auxiliary loss is defined as the weighted sum of all
auxiliary terms described above.

Laux = λsceneLscene + λrestLrest + λ2DL2D + λhpLhp (27)

(a) (b)

(c) (d)

■ Thtip ■ Indtip ■ Thmcp ■ Indmcp

• Htcp ▲ EEtcp • Hbase ▲ EEbase

Fig. 10: Hand-to-end-effector pose mapping. (a) Example hand output
showing thumb, index, and derived TCP and base keypoints. (b) Gripper
model with corresponding TCP and base keypoints. (c) Front view of the
gripper aligned to the hand using the mapped TCP and base keypoints. (d)
Side view of the gripper alignment using the TCP and base keypoints.

F. Retargeting and Rendering

1) Hand-to-End-Effector Mapping: Fig. 10 shows our
hand-to-end-effector mapping which is inspired by Papagianni
et al. [71]. The tool center point (TCP) of the end-effector
EEtcp is mapped to the hand as the midpoint Htcp between
the thumb and index fingertips, Thtip and Indtip. The vector
connecting the thumb and index fingertips defines a principal
axis used to orient the gripper such that the gripper base
EEbase is aligned as closely as possible with the midpoint Hbase
between the thumb and index MCP joints, Thmcp and Indmcp.

2) Pre-Contact Trajectory Optimization: As discussed in
Sec. III-E, pre-contact trajectory optimization is applied to
prevent unintended gripper–object collisions. Inspired by Pan
et al. [70], the optimization in Eq. 14 combines a funnel
loss Lfunnel, collision loss Lcol, and smoothness loss Lsmooth.
Lfunnel preserves the pre-contact dynamics by encouraging the
trajectories to converge to the same initial end-effector pose.

Lfunnel =
∑
t

wt

∥∥teet − t̂eet
∥∥2
2
, (28)

Here, t̂eet and teet denote the original and optimized end-
effector translation at timestep t respectively. The weights wt

increase from wmin to wmax, which places greater emphasis
on matching the demonstration near contact, while allowing
more flexibility earlier in the trajectory.

wt = wmin + (wmax −wmin)

(
t

T − 1

)3

,

T−1∑
t=0

wt = 1. (29)

Lcol prevents end-effector penetration into the object by pe-
nalizing end-effector vertices V ee that lie inside the object



TABLE V: Training hyperparameters per task. Img-H: image observation horizon; P-H: proprioception observation horizon; Act-H: action
horizon; Freq: rollout frequency; Speed: rollout frequency relative to data collection; V-Arch: vision encoder architecture; Compute: GPU
configuration used for training.

Task Img-H P-H Act-H Freq Speed V-Arch Compute
Rotate Box 2 2 8 10 0.33 ViT-B/16 4xV100
Pour Mug 2 2 8 10 0.33 ViT-B/16 4xV100
Bottle from Rack 2 2 12 10 0.33 ViT-B/16 4xV100
Wipe Brush 2 2 12 10 0.33 ViT-B/16 4xV100
Can on Plate 2 2 8 10 0.33 ViT-B/16 4xV100
Can on Plate OOD 1 2 8 5 0.17 ViT-L/14 4xL40

TABLE VI: Common training hyperparameters.

Hyperparameter Value
Image Resolution 224× 224

Pretrained Vision Encoder CLIP1

Denoising Steps 50
Optimizer AdamW
Base Learning Rate 3× 10−4

Learning Rate Scheduler Cosine Decay
Weight Decay 1× 10−6

Momentum β1, β2 = 0.95, 0.999

Warmup Steps 2000
Training Epochs 120
Batch Size per GPU 64
Proprioception Input relative eef xyz, relative 6d rotation, binary gripper open/close
Action Output relative eef xyz, relative 6d rotation, binary gripper open/close

1 A. Radford et al., Learning Transferable Visual Models from Natural Language Supervision, arXiv:2103.00020, 2021.

surface. This is evaluated using the object TSDF Φobj .

Lcol =
∑

vee∈V ee

Φobj(vee) (30)

Lastly, Lsmooth encourages temporally smooth motion.

Lsmooth =
∑
t

∥teet+1 − teet ∥22 + ∥log
(
(Ree

t )⊤Ree
t+1

)
∥22 (31)

3) Contact Grasp Refinement: At the contact start frame ts,
the end-effector pose Tee

ts and gripper width gts are refined
to ensure a physically plausible grasp. For both the thumb
and index fingertips, 50 contact points V contact ⊂ V obj are
identified based on the hand mesh’s proximity to the object
mesh (Fig. 4(c-d)). Using these contact points, the end-effector
position and gripper width are optimized to align the grasp
with the hand-held object

min
Tee

ts
, gts

λcontactLcontact + λwidthLwidth + λcolLcol (32)

where
Lcontact =

∑
vee∈V ee

min
vc∈V contact

∥vee − vc∥22

Lwidth = gts

(33)

and Lcol is the same gripper-object collision loss defined in
Eq. 30. Lwidth encourages the gripper to be as closed as
possible while Lcol prevents gripper-object penetration.

G. Training Details
We use a diffusion policy based on the UMI implementation.

Task-specific hyperparameters are reported in Table V, while
hyperparameters shared across all tasks are listed in Table VI.

H. Out-of-Distribution Scenes

Visualizations of training and testing scenes for the out-of-
distribution experiments (Sec. IV-D) are shown in Fig. 11.

I. Object Pose Tracking Visual Comparison

We provide qualitative visualizations in Fig. 12 comparing
object pose tracking with FoundationPose [96] to the presented
hand–object optimization from Sec. III-D. As discussed in
Sec. IV-D, a qualitative success-rate analysis is reported for
the Rotate Box and Can on Plate tasks.

J. Data Processing Times

Data processing times averaged across all tasks and demon-
strations are reported in Table VII. This includes operations
performed once per task and once per demonstration. Aug-
mentation is reported separately, as augmentation is performed
multiple times per demonstration, while retexturing can be
reused across demonstrations. Reported timings correspond to
an unoptimized sequential implementation and depend on the
specific CPU and GPU hardware used. Although processing
requires approximately seven minutes per demonstration, all
steps are fully automated and can be executed offline and
in parallel with other demonstrations. This shifts effort away
from human data collection and towards automated computa-
tion, which is more efficient to scale and less labor intensive.
Future work will focus on reducing processing time through
parallelization and pipeline-level optimizations.



Fig. 11: Scenes used in the out-of-distribution experiments. The top four rows show training scenes, and the bottom row shows scenes used for evaluation.

FoundationPose Hand-Object Optimization

Fig. 12: Qualitative comparison of object pose tracking between FoundationPose and the hand–object optimization used by WARPED. Hand–object
optimization more reliably tracks object pose, particularly for smaller objects.



TABLE VII: Data processing times averaged across all tasks and demonstrations on an AMD Ryzen 9 7950X CPU and an NVIDIA GeForce
RTX 3090 GPU. Timings reflect a sequential, unoptimized implementation.

Stage Operation Time
Once per task
Scene Reconstruction Structure-from-Motion 04:15

Scene Gaussian Splat (15000 steps) 04:05
Total (Scene Reconstruction) 08:20

Object Mesh Reconstruction SAM3D Object Mesh Build 00:17
Mesh Rendering 00:24
Object Gaussian Splat (7000 steps) 01:07
Total (Object Mesh Reconstruction) 01:48

Per demonstration
Interactive Scene Initialization Localization 00:33

SpatialTrackerV2 Monocular Depth Prediction 00:20
Scene-Level Scale Alignment 00:06
Total (Scene Initialization) 00:59

Hand Pose Initialization Hand Detection 00:16
Hand Pose Refinement 00:29
Total (Hand Pose Initialization) 00:45

Object Pose Initialization Grounding DINO Object Detection 00:02
SAM2 Mask Propagation 00:10
MegaPose Pose Estimation 00:08
Object Pose Refinement 00:28
Total (Object Pose Initialization) 00:48

Hand-Object Optimization Object Pose Estimation 01:19
Joint Hand-Object Refinement 02:33
Total (Hand-Object Optimization) 03:52

Retargeting and Rendering Pre-Contact Trajectory Optimization 00:07
Contact Grasp Refinement 00:12
Wrist-Camera Rendering 00:14
Total (Retargeting and Rendering) 00:33
Total (Per demonstration) 06:57

Augmentation
Shared Across Augmentations Retexturing (Trellis2) 00:20
Per-Augmentation Pass Pose and Viewpoint Randomization 00:04

Wrist-Camera Rendering 00:14
Total (Per augmentation pass) 00:18

2 Xiang et al., “Structured 3D Latents for Scalable and Versatile 3D Generation,” arXiv:2412.01506, 2024.
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