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Fig. 1: Zero-shot exocentric viewpoint-robust imitation learning (VIL) integrates handheld gripper with exocentric observation
and viewpoint-robust policy. Left: prototype of our Robotig-like handheld gripper. Mid: VIL aligns egocentric views while
adopting algorithm to generalize across exocentric viewpoints. Right: VIL delivers stable performance under dynamic views.

Abstract— Recent advances in robot learning have motivated
integrated pipelines that combine hardware for data collection
with imitation learning algorithms. Existing data collection
methods like leader—follower, VR/AR, and exoskeletons rely on
costly hardware and exhibit limited scalability, while imitation
learning algorithms built on them remain highly sensitive to
viewpoint shifts, further constraining generalizability. Hand-
held grippers provide a low-cost, robot-agnostic alternative, but
prior systems bypass exocentric view alignment by relying solely
on wrist-mounted cameras, resulting in narrowed observation
and reduced policy robustness. We propose VIL, a framework
pairing customized handheld gripper with zero-shot, exocentric
viewpoint-robust imitation learning algorithm, bridging the
handheld gripper with exocentric views. Our approach employs
adapters for appearance alignment and a hybrid encoder design
to extract view-consistent representations for an ACT-style
policy, enabling robust execution across diverse perspectives.
We further optimize the data collection pipeline and validate the
system in both simulation and real-world tasks. Experiments
show that VIL achieves stable performance under viewpoint
shifts, challenging low-horizon scenarios, and dynamic perspec-
tives, outperforming SOTA methods and demonstrating a scal-
able pipeline for manipulator-independent, viewpoint-robust
policy learning. The project repository containing code and
hardware is available at https://github.com/liboyan233/VIL.git.

I. INTRODUCTION

The rapid progress of robot learning has given rise to
diverse pipelines that combine advances in hardware design
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for data collection with imitation learning algorithms for
policy generation [1-3]. Compared with pipelines based on
teleoperation (e.g. leader—follower arms [1,4]), VR systems
[5,6], or exoskeletons [7], demonstrating through handheld
grippers [2,8,9] offers distinct advantages: they are low-cost,
scalable without the need for a physical robot arm, and nat-
urally produce manipulator-agnostic policies [2,10]. Despite
these benefits, handheld grippers face a critical challenge,
namely, limited compatibility with third-person (exocentric)
views due to two primary factors. First, human operators
or the robot arm itself often occlude or misalign exocen-
tric observations, creating visual gap between training and
inference that risks unstable or unreliable policy execution.
Moreover, in-the-wild handheld setups—where robots are ab-
sent during data collection—cannot ensure strict calibration
or consistently aligned exocentric viewpoints across training
and inference, whereas most imitation learning algorithms
still rely on the assumption of fixed and perfectly aligned
perspectives [1,11,12]. Even minor shifts in exocentric view-
points can cause substantial performance degradation, greatly
undermining the reliability and convenience of redeployment
[13,14]. Currently, handheld grippers with imitation learning
pipelines typically rely solely on the first-person (egocentric)
views [2]. This restricted view narrows observational cover-
age, limiting access to global context and depth cues, and
reduces compatibility with current datasets widely adopted
with third-person cameras, ultimately hindering scalability.
In this work, we propose VIL, a novel zero-shot exocentric
viewpoint-robust imitation learning framework built on a
custom-designed handheld gripper. Our pipeline bridges the
gap between handheld egocentric pipelines and exocentric



observations across viewpoints. Specifically, we adopt a
novel vision-encoder design that exploits the strong view-
point generalization capability of Swin Transformer (Swin-
T) [15], integrated with ACT policy generation block. This
allows the model to learn view-consistent representations,
supporting more reliable and transferable policy learning
across diverse perspectives. To further mitigate domain gaps
between training and inference views, we incorporate state-
of-the-art foundation models (e.g., SAM?2) together with
generalizable inpainting algorithm to remove manipulator-
and human-related visual artifacts, ensuring consistent ob-
servations. We further design a Robotiq-2f-85-like handheld
gripper inspired by UMI [2] while introducing several mod-
ifications to enable exocentric view integration and fit Robo-
tiq’s structure. The resulting design adopts widely available
components and supports hybrid trajectory tracking, enabling
robust data collection with additional exocentric views. Ben-
efiting from the handheld gripper and proposed algorithm,
our pipeline enables policies learned from handheld gripper
demonstrations to be deployed—without fine-tuning—on any
manipulator equipped with Robotiq-2f-85 gripper and under
seen or unseen exocentric viewpoint, providing a scalable
and generalizable solution for real-world imitation learning
pipeline. Our main contributions are as follows:

o Bridging the handheld—exocentric view gap: Design
a customized Robotig-like handheld gripper and enable
exocentric view observations for the handheld gripper
pipeline via inpainting-based visual alignment.
Zero-shot viewpoint-robust: Our visuomotor imitation
algorithm attains robust generalization across unseen
exocentric viewpoints, decouples the learned policy
from specific views.

Robust visuomotor performance: Experiments
demonstrate accurate, functional, and stable action
generation under novel or dynamic exocentric view with
exocentric-egocentric complementary observations.

II. RELATED WORK
A. Data Collection for Robotic Manipulation

A variety of data collection strategies have been ex-
plored to support robot learning pipelines. To resolve deli-
cate manipulation tasks, leader-follower systems are adopted
[1,4,16], as they provide intuitive control by directly mirror-
ing human motions onto a robot arm. However, these systems
inherently rely on physical robot arms during data collec-
tion, often requiring dual-arm setups or specially designed
scaled-down leaders, which results in high costs and makes
the data manipulator-specific. To reduce such dependencies,
researchers have explored VR/AR systems [6,17-19] and
exoskeleton-based interfaces [20,21], enabling demonstra-
tion collection without a robot in the loop. While these
approaches allow more flexible data acquisition, they often
suffer from either high latency with sim-to-real discrepancies
or reliance on specialized hardware that limits scalability.

In contrast, handheld grippers [2,22-25] have emerged
as a lightweight alternative, offering low cost, ease of
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use, and high scalability. They enable manipulator-agnostic
demonstrations by decoupling data from robot-specific kine-
matics and minimized visual domain gap between training
and inference with only wrist-mounted camera equipped.
Nevertheless, existing handheld solutions still face a critical
limitation: their egocentric perspective provides only partial
observational coverage and is inherently mismatched with
exocentric views that supply global context. In this work,
we introduce both hardware and algorithmic modifications
to bridge this gap, enabling our designed handheld gripper
to seamlessly operate under exocentric viewpoint shifts, thus
removing the need for viewpoint alignment and facilitating
convenient collection-to-deployment transfer.

B. Imitation Learning under Viewpoint Variability

Building on these collected demonstrations, a broad range
of imitation learning (IL) algorithms have been proposed.
A representative baseline is Action Chunking with Trans-
formers (ACT) [1], which leverages an encoder—decoder
transformer to predict action chunks, thereby reducing com-
pounding errors and producing smoother trajectories from
noisy demonstrations. Diffusion Policy (DP) [11] reformu-
lates policy generation as a conditional denoising process,
enabling multimodal action prediction and more dexterous
control. Despite their advances, these methods remain highly
sensitive to viewpoint changes [1,11,26]: policies trained
from fixed camera perspectives often degrade sharply under
even slight deviations, leading to instability and outright task
failures. This sensitivity poses a major obstacle for real-world
deployment, as it requires duplicating training viewpoints
during inference.

Several approaches attempt to alleviate this limitation.
For instance, UMI [2] relies only on fisheye wrist-mounted
cameras to sidestep viewpoint mismatch, but this design is
incompatible with standard datasets’ format with exocentric
observations and risks losing essential global context. Other
works pair robotic arms with active vision or “head mo-
tion prediction” to simulate dynamic exocentric perspectives
[27,28]. However, such perspectives remain predefined and
follow similar motion patterns, merely shifting the coupling
between policy and view from static to dynamic, rather than
removing it. Further researches attempt to utilize pointcloud
as coordinate-aligned context [20,29,30], but requires strict
calibration, making it challenging for in-the-wild settings
where robots are missing.

On another front, data augmentation and domain ran-
domization [14,31-34] have been used to create viewpoint
diversity during training, yet these approaches involve te-
dious preprocessing and yield only limited generalization. In
contrast, our proposed viewpoint-robust Imitation Learn-
ing (VIL) framework eliminates the need for augmentation
or viewpoint calibration. By combining handheld gripper
demonstrations with novel vision encoders and inpainting-
based alignment module, VIL achieves robust, zero-shot gen-
eralization under exocentric viewpoint shifts. One may col-
lect data at any exocentric viewpoint and perform inference
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Fig. 2: Algorithmic framework of the proposed zero-shot exocentric viewpoint-robust imitation learning algorithm. Exocentric
observations are first processed by a segment-inpainting module (left) to remove manipulator/human components, yielding
aligned appearances. Processed exocentric and egocentric views are then passed through a joint feature encoder (right),
yielding view-consistent representations. Finally, these features are fed into ACT block to generate viewpoint-robust action.

on novel views without calibration, advancing practical and
scalable imitation learning with in-the-wild data collection.

III. METHODOLOGY

Zero-shot Exocentric viewpoint-robust Imitation Learning
(VIL) is a universal pipeline to integrate handheld data
collector with exocentric-egocentric-complementary visuo-
motor policy learning. It addresses the incompatibility of
previous handheld data collectors with exocentric views,
thereby enabling the capture of both global context and fine-
grained details, and achieving accurate, functional, and stable
exocentric viewpoint-robust policy generation. Leveraging
the handheld gripper and viewpoint-robust capability, our
pipeline is manipulator-independent, can be readily deployed
with a Robotig-2F-85 gripper from arbitrary exocentric view-
points without fine-tuning.
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Fig. 3: Data collection pipeline for our handheld gripper.

A. Hardware Modifications

Our handheld gripper pipeline is inspired by UMI, but
follows the template of the Robotiq 2F-85, a mature uni-
versal gripper that is widely adopted in robotics research.
This choice facilitates compatibility with existing large-scale
datasets, such as RoboSet [35] and DROID [36], thereby
enabling future pretraining or co-training with policies devel-
oped on the same gripper hardware. To adapt the design for
the Robotig-like structure and exocentric view integration,
we introduce several modifications. First, instead of attaching
ArUco markers to the gripper fingertips for width measure-
ment, we embed an infrared sensor in the handle to monitor
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trigger motion, which is then mapped to gripper action.
This preserves gripper structure fidelity while maintaining
visual correspondence between the handheld collector and
the real gripper. Second, by leveraging third-person view
camera to provide global scene context, we eliminate the
need for fisheye cameras. Here we employ the Intel Re-
alSense D435i, which offers both reliable synchronization
and convenient deployment. More detailed specifications are
shown in Appendix.A. The overall Robotig-like handheld
gripper is shown in Fig. 1. It weighs 550 g, with dimensions
300 mm x 155 mm x 255 mm and a finger stroke of 80
mm. Most components are 3D-printed to reduce cost, while
the metal fingertips are retained to preserve tactile fidelity.
The design is compatible with any robot arm using Robotiq
gripper and streams images and gripper action at 30 Hz for
efficient visuomotor data collection.

During data collection, we observed that ORB-SLAM3
[37] for trajectory tracking becomes fragile under low-
context observations, especially when the gripper approaches
surfaces or objects. UMI mitigates this with a fisheye wrist
camera, capturing surrounding context to add background
cues. However, such cues are unnecessary for policy learning
and risk inducing background-dependent bias. To enhance
robustness, we further leverage the added exocentric view
to track an ArUco marker mounted on the gripper, provid-
ing complementary trajectory estimates. Specifically, SLAM
performs reliably when the gripper is distant from the target,
whereas the ArUco marker is more accurate during close ap-
proaches, making the two sources naturally complementary.
The detailed data collection pipeline is shown in Fig. 3. Since
only relative poses are used for training, exocentric view
calibration is unnecessary. In the current setup, the ArUco
marker trajectory is used to fill missing parts of SLAM, more
advanced fusion strategies could be applied for improvement.

B. Viewpoint-robust Policy Architecture

Leveraging the proposed gripper and dual-view observa-
tions, we further propose an imitation learning algorithm that
generalizes across exocentric viewpoint shifts. We build the
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Fig. 4: Experimental settings in simulation and the real-world tasks. Left: different viewpoints used in simulation for
viewpoint-robust evaluation. Right: real-world tasks with detailed steps, including unplugging plug under exocentric view
changes, storing cube with an ambiguous initial state, and arranging cup under dynamic exocentric views.

algorithm of VIL upon ACT, retaining its strengths to handle
multi-view inputs and generate long-horizon planning while
substantially improving generalization across viewpoints and
ensuring seamless integration with our handheld gripper. VIL
contributes two key components: (i) an exocentric—egocentric
complementary feature encoder that captures both fine-
grained and global cues in a viewpoint-robust manner, and
(ii) a visual alignment module that leverages modern com-
puter vision techniques to bridge appearance gaps between
human-collected and robot-executed exocentric views.

1) Viewpoint-robust Feature Encoder: Current robotic im-
itation learning pipelines primarily adopt either ResNet [38]
or Vision Transformer (ViT) [39] backbones for image em-
bedding. While both architectures have demonstrated strong
representation capacity, they often struggle to generalize
across diverse viewpoints, leading to performance degra-
dation when deployment viewpoints deviate from training.
After systematic evaluation, we surprisingly find that the
Swin Transformer [15] exhibits unexpectedly strong zero-
shot viewpoint generalization, significantly outperforming
ResNet and ViT in our setting. We attribute this effect to
the architectural choices of Swin Transformer. Its use of
relative positional bias and shifted-window attention reduces
sensitivity to absolute pixel coordinates, enabling the encoder
to capture the overall structure of the environment and reason
about object state within a shifted scene, rather than focusing
solely on local appearance. Furthermore, its hierarchical
design integrates local cues with broader global context,
potentially reducing its sensitivity to variations in object
scale and perspectives. This structure allows the encoder to

generalize across the observations at different distances or
from shifted viewpoints, thereby enhancing robustness under
dynamic view conditions.

While Swin Transformer excels at capturing global scene
structure and reasoning across shifted viewpoints, its ability
to encode fine-grained details in close-range, egocentric
views is limited. To maximize action accuracy for manipula-
tion, we adopt the ResNet-based encoder for the egocentric
view, leveraging its strong local feature extraction and low-
level inductive bias. This combination (shown in Fig. 2 right)
allows our pipeline to benefit from Swin-T’s viewpoint ro-
bustness for exocentric views while maintaining high-fidelity
egocentric representations for precise action generation.

2) Inpainting-based Visual Alignment: Beyond viewpoint
variation, a second challenge in leveraging exocentric views
for handheld grippers lies in the appearance gap between
training and deployment. During data collection, the gripper
is manipulated by a human operator while mounted on a
robotic arm during inference. This discrepancy in visual
appearance introduces the risk of policy instability. Impor-
tantly, preserving the fidelity of the gripper itself is critical
for policy learning. It provides essential task-related signals
for action groundings, whereas the manipulator (human hand
or robot arm) contributes little useful information and may
even serve as a distractor. Motivated by this insight, we
adopt a gripper-centric inpainting module (Fig. 2 left) that
removes all non-gripper regions (human hand or robot arm)
and replaces them with background. This yields a stable and
consistent exocentric view appearance across training and
deployment and facilitates cross-manipulator usage.

M



ACT(baseline) DP ACT(res18&50) ACT(res&vit) ACT(all swin) Ours(res&swin) ACT(egocentric only)

Sim Transfer Cube (Diverse Exocentric Viewpoints)

Same 93.3 76.7 91.7 90.0 88.3 91.7 83.3

Symmetric 21.7 11.7 333 71.7 70.0 83.3 N/A

Novel 33 18.3 233 1.7 76.7 93.3 N/A
Sim Insertion (Diverse Exocentric Viewpoints)

Same 50.0 43.3 36.7 333 43.3 56.7 46.7

Symmetric 133 8.3 28.3 6.7 35.0 51.7 N/A

Novel 1.7 133 20.0 5.0 333 53.3 N/A

TABLE I: Success rates (%) in two simulated tasks comparing VIL with benchmark algorithms and design alternatives
across three viewpoint generalization stages: aligned, symmetric and novel. Results are averaged over 3 seeds, 20 trials each.

To implement this, we leverage recent advances in founda-
tion and general-purpose inpainting models. Specifically, we
employ SAM?2 [40] for fine-grained segmentation, prompted
by bounding boxes provided by a fine-tuned DEIM model
[41], which is used only during the initialization phase to
localize manipulator regions. Once a valid manipulator mask
is obtained, SAM2 switches to tracking mode for temporal
consistency. During tracking, the pipeline periodically re-
enters the initialization phase (every 2.5 seconds empiri-
cally), where DEIM provides refreshed bounding boxes to
reinitialize SAM?2, mitigating error accumulation. The result-
ing masked images are processed by the E2FGVI inpainting
model [42] to generate aligned, gripper-only exocentric views
for policy learning, while failures in either detection or
segmentation simply bypass the inpainting stage. This design
ensures generalization without requiring costly manipulator-
specific adaptation and operates with low overhead. Tests
show that with these modules, the full policy sustains a 10
Hz inference frequency on an RTX 3090.

IV. EVALUATIONS

To evaluate the effectiveness of our proposed zero-shot
viewpoint-robust imitation learning pipeline, we design two
sets of experiments. First, to isolate algorithm performance
from real-world noise and distractions, we adopt two sim-
ulation tasks introduced in ACT, which are cube transfer
and bimanual insertion. These tasks provide a controlled
and fair comparison stage to demonstrate the superior zero-
shot generalization of our algorithm under novel viewpoints.
For each task, we collect 50 demonstrations with rendered
wrist and left-side views for training. During testing, policies
are evaluated under three progressively challenging view-
point conditions: (i) the same viewpoint as training, (ii) the
symmetric right-side view, and (iii) a completely novel top-
down view (Fig. 4, left). This enables a systematic analysis
of viewpoint generalization across other SOTA methods and
alternative design choices. Second, we conduct three real-
world experiments to evaluate the full pipeline and answer
the following key questions: (1) Does the zero-shot exocen-
tric viewpoint generalization observed transfer to handheld-
gripper data and noisy real-world environment? (2) Does ad-
ditional exocentric view observation provides complementary
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global cues, rather than merely reinforcing redundant static
features? (3) What are the limits of VIL—specifically, can
it maintain stable behavior under dynamic and continuously
changing camera views? The detailed real-world task settings
are shown in Fig. 4 right.

A. Simulation Experiments

The simulation tasks results are summarized in Table I.
Here we average the performance of each experiment with 3
random seeds and 20 trials each. Compared with state-of-the-
art algorithms such as Action Chunking with Transformers
(ACT) and Diffusion Policy (DP), our proposed VIL algo-
rithm achieves competitive performance under aligned in-
ference views while significantly outperforming them under
viewpoint shifts. Notably, VIL maintains stable performance
even under completely novel top views in both the cube
transfer (93.3%) and insertion tasks (53.3%), highlighting
its ability to achieve zero-shot, viewpoint-robust policy exe-
cution. We also compare against an egocentric-only baseline,
and the result indicates that without exocentric view input,
the policy’s success rate degrades to 83.3% and 46.7%,
respectively. This demonstrates that view-consistent features
captured from the exocentric view provide complementary
global information, which strengthens policy learning and
improves overall task performance.

To further validate our choice of Swin-T tiny as the
exocentric view encoder, we compare it with alternative
encoders of similar size, namely ResNet-50 and Vision
Transformer-Small (ViT-S), within the ACT baseline. Re-
sults show that while ResNet-50 and ViT-S offer limited
generalization when test views resemble training data, they
completely fail under novel perspectives (all below 25%).
In contrast, Swin Transformer achieves consistent perfor-
mance along viewpoint changes, demonstrating the strongest
generalization and thereby justifying this adoption. Finally,
we test whether applying Swin-T to the egocentric view
encoder can further improve robustness. However, using
Swin-T for both encoders results in degraded performance:
despite similar training and test losses, grasping accuracy
at inference time drops markedly. This suggests that while
Swin-T excels at modeling global, viewpoint-robust scene
structure, it is less effective at extracting the fine-grained



Method Viewpoint Left Hand Right Hand Overall
Same view 10/10 7/10 85%
Ours
Diff view 10/10 6/10 80%
Act Same view 8/10 8/10 80%
c
Diff view 0/10 4/10 20%
DP Same view 10/10 5/10 75%
Diff view 7/10 3/10 50%

TABLE II: Socket plug task success rates across methods
and views. Left/right columns indicate successes out of 10
trials each and overall shows the total success rate.

task details required for precise egocentric view control. This
limitation is marginal with aligned exocentric view where
the policy can lean heavily on this anchored perspective
for compensation, but becomes critical under exocentric
viewpoint changes where accurate egocentric view features
become equally indispensable to provide fine corrections,
resulting in over 10/20 success decrease. This finding makes
the hybrid design—using ResNet for egocentric view fine-
grained features and Swin-T for exocentric viewpoint-robust
global features—a natural and effective choice.

B. Real-World Evaluation

To further answer the question proposed, we conduct three
real-world tasks to verify that our proposed VIL pipeline
with added exocentric views generates viewpoint-robust,
functional and stable policy in the real world. We use our
own designed handheld gripper for data collection, select 50
valid demonstrations each for training and use JAKA-Zu3
robot arm as the manipulator during inference.

1) Unplug the Plug: This task requires unplugging a plug
already inserted in a socket, where the plug may be located
in either the left or right port. As shown in Fig. 4, we train
and evaluate the policy under different exocentric view con-
figurations to assess its viewpoint-robust performance. This
setup specifically tests the pipeline’s ability to generalize to
novel viewpoints in a zero-shot manner, keeping extremely
high precision: even slight errors in grasping position can
create uneven forces on the plug, causing it to jam tightly in
the socket and resulting in task failure.

The results are shown in Table II. For fair comparison,
all baselines are provided with the same inpainted visual
inputs. While state-of-the-art methods such as ACT and
Diffusion Policy achieve comparable performance to VIL
under matched exocentric views, their success rates drop
sharply when the evaluation viewpoint differs from training,
consistent with simulation results. In contrast, our proposed
VIL sustains a robust 80% success rate with only marginal
degradation, highlighting its effectiveness in reliable exocen-
tric viewpoint-robust policy execution in real-world settings.

2) Store Cube: The robot is tasked with a long-horizon
operation: pick up a cube placed on the left or right side,
place it into a drawer and close the drawer (Fig 4). To assess
the effectiveness of exocentric view input, we intentionally
set the egocentric view in an ambiguous initial state where
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neither cube is visible. Thus, the robot must rely on global
information from the exocentric view to determine the cube’s
location and orient itself accordingly. The challenge arises
since, with egocentric view—only input, the policy may be
confused by the ambiguous starting state or by visually sim-
ilar intermediate states (e.g., during transfer or before closing
the drawer). In such cases, exocentric view observations are
necessary to disambiguate the scene, provide global task
context, and guide the policy through the correct task steps.

To better validate the contribution of exocentric view
input, we train two models: our vanilla VIL and a variant
without exocentric input. Results show that ours achieves
26/30 successes in the pick-and-place step and 14/30 full
task completions including drawer closure. In contrast, the
exocentric view—free variant degenerates to a shortcut pol-
icy, consistently skipping the pick-and-place step and only
learning to close the drawer, resulting in an overall 0/30
success rate. The failure suggests that egocentric observa-
tions alone introduce state ambiguity, preventing the policy
from reliably tracking task progression. These results show
that exocentric view observations are not merely auxiliary
but provide essential global context, which enables VIL to
sustain coherent task execution across stages, underscoring
the necessity and effectiveness of incorporating exocentric
view input for robust imitation learning.

3) Arrange Cup: In the final task, the robot is required to
transfer a cup from the desk to a coaster, with performance
evaluated under a dynamically changing exocentric view
captured by a human-held tracking camera (see Fig. 4 right).
To better visualize disturbances, an additional white ball is
placed on the desk to reveal action vibrations. This setting
requires the capability to handle continuous viewpoint shifts
in a zero-shot manner, which, to our knowledge, has not
been reported in prior robot learning pipelines. Despite the
challenges of dynamic, noisy, and turbulent viewpoints, our
proposed VIL achieves a 7/10 success rate, demonstrating
its stability and robustness even under continuously shifting
visual conditions. The experiment demonstration can be
found in the accompanying video.

C. Ablation Study

This section further validates the effectiveness of two
components in our pipeline on the long-horizon store-
cube task. Removing the inpainting-based visual alignment
module results in a 6.7% (2/30) drop in overall success
rate, where failures consistently exhibit jittering gripper
motions, confirming its contribution to consistent policy
execution. For trajectory tracking, the UMlI-style SLAM
baseline achieves 48/64 successful demonstrations, whereas
incorporating ArUco-marker tracking raises this to 55/64,
underscoring its utility for more reliable data acquisition.

V. CONCLUSION

We present a zero-shot exocentric viewpoint-robust im-
itation learning framework (VIL), comprising a universal
handheld gripper for data collection and an exocentric-
egocentric-complementary visuomotor policy that leverages



the viewpoint-robust capability of Swin Transformer. The
coordination between these two parts allows us to leverage
the exocentric view’s essential global context without com-
plicating the real-world deployment for manipulation policy
trained with scalable, low-cost data. Skills learned using our
handheld gripper can be transferred to manipulators equipped
with Robotiq gripper without aligned views or policy fine-
tuning, enabling scalable data acquisition and seamless de-
ployment in diverse environmental settings. Future work will
explore the integration of our hybrid encoder with other
visuomotor policies, such as Diffusion Policy. Additionally,
multi-viewpoint mixed training within a single task—though
not validated due to time constraints—represents a promising
direction for scalability. Moreover, mitigating the effects of
egocentric viewpoint variation remains an open challenge,
requiring further investigation.

APPENDIX
A. Hardware

1) Hardware and Synchronization: As described in the
methodology, we employ two RealSense D435i cameras
(exocentric and egocentric) for visual observations and a
GP2Y0AS1SKOF infrared distance sensor for gripper action
signals. Both images and distance signals are recorded at
30 Hz. For synchronization, the RealSense cameras support
built-in triggering for hardware-level alignment. Since ArUco
marker detection and SLAM rely on image streams, they
are naturally synchronized, and the distance sensor signals
are interpolated based on image timestamps to construct a
synchronized dataset.

2) Temporal Smoothing with Forward Rescaling: During
inference, we apply temporal smoothing with forward rescal-
ing to ensure predicted gripper actions comply with hardware
limits. The Robotig-2F-85 gripper supports a maximum jaw
speed of 0.1 m/s, whereas our handheld prototype has no
such restriction, allowing humans to generate much faster
motions. As a result, the learned policy may output com-
mands that exceed the Robotiq’s limit. To resolve this, we
smooth and rescale the predicted actions in advance, ensuring
executed trajectories remain within feasible speed bounds.

3) Inferred Sensing for Adaptive Gripper Width Estima-
tion: The handheld gripper adopts an underactuated, spring-
based self-adaptive mechanism that enables both parallel
and enveloping grasps, consistent with the original Robotiq
design (Fig. 5). While this improves dexterity, it renders
direct visual measurement of gripper width unreliable. In-
stead, we estimate the width from inferred sensing by
tracking the trigger’s position. Further empirical tests reveal
an approximately linear relationship between sensor output
and gripper opening, allowing calibration using only fully
open and closed states, with linear interpolation for real-time
estimation.

B. Training Setups and Implementation Details

In our framework, ResNetl8 is used for egocentric view
feature extraction and Swin-Tiny for exocentric view. Both
are initialized with torchvision checkpoints and frozen to

944

Fig. 5: Hand gripper with self-adaptive mechanism.

stabilize training. Policies are trained for 4000 epochs in
simulation and 8000 epochs in real-world tasks, using 480 x
640 input images, batch size 32, and learning rate 3 x 107
on a single RTX 3090 GPU. To improve inference speed,
only a single timestamp image is used.

For the segmentation and inpainting module, we first train
a DEIM model to generate bounding-box prompts for SAM?2.
We collect 10 videos, apply SAM2 with manual correction,
and sample every 10 frames, yielding about 300 training
frames. We then fine-tune the DEIM backbone with these
frames and integrate it with SAM2 for initialization. Since
SAM?2 offers both initialization and tracking modes, we run
initialization every 2.5 seconds and apply tracking in between
to balance accuracy and efficiency. After segmentation, both
the mask and original image are downsampled to 240x320
and passed into the E2FGVTI inpainting model [14] for fast
inference. The inpainted regions are then used to fill the
masked areas, providing clean robot-arm-removed images.

C. Experiment Details

For simulation tasks (cube transfer and insertion), datasets
are collected with absolute joint-space actions as supervision.
Since training and inference share the same visual domain,
the inpainting-based visual alignment module is not applied.
We adopt the model with a chunk size of 100 and utilize the
first 35 steps for execution during inference. The comparison
baselines (ACT and Diffusion Policy) are trained with the
same joint-space supervision for fair comparison and under
the default configuration provided. Notably, Diffusion Policy
suffers from noisy gripper actions, which we mitigate via
gripper action filtering.

For real-world experiments, we follow UMI in using
relative pose supervision and apply the inpainting module
for both training and inference time preprocessing. We set
the chunk size to 30 and select 20 steps to execute following
their timestamps. Although our policy supports inference at
10 Hz, we query actions every 0.5 s to improve consistency.
Specifically, we do not apply the inpainting module in the
arrange cup task because dynamic viewpoints can lead to
unstable inpainting performance.
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