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Abstract— Achieving human-like dexterous manipulation is
essential for general-purpose robots but remains a challenge.
Recent advances in Vision-Language-Action (VLA) models offer
the potential to learn flexible skills from demonstration data.
However, training effective VLAs requires a large amount of
high-quality data, which is difficult to obtain: fully manual
teleoperation cognitively overloads human operators, while
automated planning produces unnatural motions and lacks data
diversity. We present a Shared Autonomy framework: a human
operator teleoperates the arm for global motion, while an
autonomous DexGrasp-VLA policy, as an Al Copilot, generates
force-adaptive actions for a five-finger hand with tactile feed-
back — drastically reducing human effort and enabling efficient
collection of high-quality demonstrations. Using these data, we
train an end-to-end VLA policy with a novel Arm-Hand Feature
Enhancement module — shared representations are conjunct
with separate arm and hand latent features, representing the
distinct dynamics of macro and micro movements, leading to
more robust and natural coordination of arm-hand motions.
Qur Corrective Teleoperation can further refine the policy
with failure-recovery demonstrations via human intervention.
Experiments show our approach efficiently generates high-
quality data and learns policies with a high success rate
and natural behaviors. The trained arm-hand VLA policy is
effectively generalized to both seen and unseen objects, with a
success rate of around 90% in more than 50 diverse objects.

I. INTRODUCTION

The goal of general-purpose robots is to achieve physical
intelligence comparable to humans for complex tasks through
flexible and diverse manipulation. Humanoid robots with
dexterous hands offer promising potential for this goal due
to their anthropomorphic design, which naturally blends into
human-centric environments. However, a critical bottleneck
remains in unlocking their full potential: advanced dexterous
manipulation [1], [2], [3]. This capability requires not only
precise control of the robotic arm’s spatial motion but also
the execution of delicate hand actions and, crucially, seam-
less coordination between the two. Currently, learning such
a level of arm-hand coordination remains an open question.

Recent advances in Vision-Language-Action (VLA) mod-
els [4], [5], [6], [7], [8] have shown great potential for dex-
terous manipulation. However, training such models requires
large-scale, high-quality demonstration data [9], [10], [11].
Current data collection methods often rely on fully manual
teleoperation [12], [13], which places a heavy cognitive
load on operators by requiring simultaneous control of all
Degrees-of-Freedom (DoFs) of the arm and hand. Alter-
native methods leverage motion planning [14], [15], [16],
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[17] or reinforcement learning [2], [18], [19] to automate
data generation. However, these typically involve significant
manual engineering and struggle to produce natural, human-
like behaviors, especially in multi-finger dexterous tasks.

To address these limitations, we propose a novel Shared
Autonomy framework. Our core insight is to share the load
of the control tasks: a human operator teleoperates the
robotic arm’s end-effector via a VR interface—focusing on
global motion and navigation through the workspace—while
the autonomous DexGrasp-VLA controller acts as an Al
copilot, managing fine-grained motor control of the dexterous
hand. Specifically, we train DexGrasp-VLA, which integrates
visual input from an in-hand camera, tactile feedback, and
proprioceptive data to generate grasping actions. This divi-
sion of labor significantly reduces the operator’s cognitive
load and enables more efficient collection of high-quality
demonstration data for coordinated arm-hand motions.

Leveraging this data, we conduct Supervised Fine-Tuning
(SFT) to train a coherent end-to-end VLA policy for arm-
hand coordination. Central to this policy is our novel Arm-
Hand Feature Enhancement module. It first processes shared
visual-semantic representations through separate encoders
for the arm and the hand, each of which is supervised
by auxiliary losses. The resulting dedicated features are
then fused with the shared representation to predict the
actions. This design explicitly captures the distinct kinematic
and control characteristics of arm macro-movements and
hand micro-manipulation, while retaining the task context
and coordination dynamics encoded in the shared features.
Experiments demonstrate that this architecture learns com-
plex coordination more efficiently and yields more natural
and robust behavior compared to a shared, undifferentiated
network for arm-hand action prediction.

Finally, we implemented a corrective human-in-the-loop
teleoperation system for self-improvement: we deploy the
trained arm-hand VLA policy for automated data collection,
where successful trajectories are recorded, while naturally
occurring failures are recovered through human-in-the-loop
intervention. Both the successful and recovery data are ag-
gregated into training datasets for iterative model refinement,
enabling incremental improvements to the policy.

Our primary contributions are as follows:

o Shared Autonomy for Data Collection: human VR
teleoperation combined with an autonomous AI Copilot
for grasping, enabling efficient collection of high-quality
demonstrations with low cognitive load.

« Multimodal AI Copilot for Dexterous Grasping: an Al
Copilot, DexGrasp-VLA, that fuses visual, language, tac-
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Fig. 1: Data collection and training pipeline for DexGrasp-VLA policy and arm-hand VLA policies. (a) Tactile-based
DexGrasp-VLA policy for a five-finger dexterous hand, (b) Shared autonomy data collection, (c¢) End-to-end arm-hand
policy learning with arm-hand feature enhancement, (d) Corrective human-in-the-loop teleoperation.

tile, and proprioceptive feedback to autonomously perform

force-adaptive grasping for a five-finger hand.

« End-to-End VLA with Arm-Hand Feature Enhance-
ment: an end-to-end VLA policy for holistic arm-hand
control and coordination using a novel architecture with
shared representations plus distinct arm and hand features,
capturing both macro- and micro-motions for robust and
natural control.

o Corrective Human-in-the-Loop Teleoperation: a contin-
uous learning strategy that incorporates both successful
trajectories plus human recovery data during deployment
for iterative policy refinement.

Experimental results validated our approach: the frame-
work efficiently generates high-quality demonstration data
and learns a VLA policy that achieves a 90% success rate on
a diverse set of over 50 objects. Ablation studies confirmed
that the DexGrasp-VLA model, the feature enhancement
module, and the corrective teleoperation system are all
critical components, which significantly improve the success
rate and robustness.

II. RELATED WORKS
A. Vision-Language-Action Models for Robot Control

Recent Vision-Language-Action models [4], [5], [6], [7],
[8] have shown remarkable performance for the control of
general-purpose robots. Most works [20], [21] are mainly
limited to the application of two-finger grippers. While new
research is addressing dexterous manipulation [22], [23],
these methods typically train the arm and hand policies
together as a single system, failing to distinguish between

them. This approach overlooks different roles during reach-
ing and grasping: the arm as the floating base is more for
long-horizon reaching and moving the hand around, while
the multiple fingers of the hand are more for fine-grained
grasping. Based on this, our work approaches the dexterous
grasping problem differently, by designing the data collection
process via shared autonomy between the human and the
robot, making the data collection easier and much more
efficient, expediting the iteration of VLA models.

B. Data Collection Paradigm

High-quality robot demonstration datasets are fundamen-
tal for training policies in imitation learning. Conventional
teleoperation methods—such as leader-follower [24], vision-
based [25], or VR systems [26], [27]—can capture high-
quality data shadowing the human dexterity, but are subject
to the operator’s skillfulness. In contrast, fully automated
paradigms [2], [18], [19], [28], [29] using motion planners,
e.g., CuRobo [30], can generate vast amounts of data effi-
ciently. However, such trajectories often lack the fine-grained
nuance and generalizability of human demonstrations. In this
paper, we propose the Al-Copilot framework, which makes
the large-scale, high-fidelity robot data collection much more
efficient and easier to operate for ordinary operators.

C. Tactile Sensing for Robot Manipulation

Adding tactile signals provides information about physical
interactions in contact-rich manipulation. Prior works typi-
cally apply reinforcement learning to fuse vision and touch,
achieving success in assembly [31], [32] and dexterous in-
hand control [33], [34]. More recently, imitation learning
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approaches [35], [36], [37], [38] have emerged, emphasizing
joint vision-tactile representation learning for fine-grained
control. Some methods further extend this to VLA mod-
els [39], [40], [41], [42], improving generalization across
tasks. However, such method of injecting tactile information
directly into the vision-language model demands large-scale
tactile data or separate tactile-language pretraining. In con-
trast, our method introduces tactile signals only within the
expert model, avoiding full model re-training and retaining
the benefits of visuo-tactile fusion.

III. METHODOLOGY

We present an integrated pipeline for learning dexter-
ous arm-hand policies (Fig. 1). First, the DexGrasp-VLA
controller performs autonomous grasping using multimodal
feedback for the dexterous hand, serving as the core func-
tionality in our shared autonomy framework to make human
teleoperation easier. Within this framework, a human opera-
tor teleoperates the arm via VR while DexGrasp-VLA acts
as an Al copilot, enabling force-adaptive grasping and easing
data collection. Using the resulting synchronized hand-arm
data, we train a holistic end-to-end policy augmented with
an arm-hand feature enhancement module that extracts and
fuses dedicated features to improve coordination. Finally,
a corrective teleoperation system continuously improves
the policy using successful and recovery demonstrations.
Together, these components form a complete system for
acquiring and refining dexterous manipulation skills.

A. Problem Formulation

Our ultimate goal is to learn an end-to-end VLA model
capable of controlling all the joints coherently for coordi-
nated arm-hand grasping. Both DexGrasp-VLA policy for the
hand, and the end-to-end arm-hand VLA policy for the hand
and arm, are fine-tuned from 7y [6] using the open-source
framework LeRobot [43]. Specifically, the model predicts
a sequence of future actions conditioned on the current
observation. Let A; = l[at,at41,...,a:1m-1] denote a
horizon-H action sequence. The model aims to approximate
the conditional distribution 7(A¢ | o), where oy is the obser-
vation at time ¢. Each observation o; includes multiple RGB
views, a language command, and proprioceptive states: 0; =
[I},..., I, 1,q;). Here, I} represents the i-th camera image,
l is the tokenized instruction, and ¢, is the robot’s joint state
vector. All modalities are encoded through modality-specific
encoders and projected into a shared embedding space for
cross-modal reasoning and control.

B. DexGrasp-VLA: Autonomous Dexterous Grasping Policy

Our shared autonomy framework centers on DexGrasp-
VLA, a high-performance controller that acts as an Al copilot
for dexterous hand grasping. To ensure robustness and gener-
alization, DexGrasp-VLA is developed through a two-stage
training pipeline. It begins by learning a hand-only LSTM
policy from a hybrid dataset consisting of parameterized
force-control and teleoperated demonstrations. This compact,
“blind” policy captures rich contact behaviors using tactile

Dataset Model

e .

Force-Adaptive Control Human Teleoperation

%

Fig. 2: Force-adaptive grasping policy learned via LSTM
using datasets collected by parameterized control and tele-
operated human strategies, ensuring data diversity.

sensing and can autonomously collect diverse grasping data.
Building upon this, we train a hand-centric VLA policy
that further integrates visual and tactile sensing, enabling
perceptual grasping that is context-aware and reactive.

1) Force-Adaptive Grasping Policy Learned by LSTM:
To bootstrap the learning of underlying contact dynamics
without complex visual perception, a “blind” policy is trained
first [44]. This initial stage focuses on learning the reactive
closing and force-adaptive gripping of the hand using a
hybrid dataset, combining grasping force control and human
teleoperation. The controller updates joint commands ¢; as:

where ¢;" is the measured joint angle, f; the fingertip normal
force, ¢ a position scale, and k a force gain. The increment
Agq; decreases with f;, controlling the hand to close quickly
and then gradually increase its grip force for a stable grasp.
In addition, human demonstrations are collected via hand
retargeting to enhance data diversity. The dataset comprises
hand joint positions ¢'", torques 77", and tactile forces
fhand “ An LSTM policy (Fig. 2) is then trained via behavior
cloning to unify diverse strategies—including parameterized
force control and teleoperation—into a compact state-based
policy that generalizes across various object shapes and
materials. Once trained, this lightweight, fast-to-compute
policy autonomously generates diverse and stable grasping
trajectories, which are used to collect data quickly for
training a hand-only VLA policy.

2) Tactile-based DexGrasp-VLA Tpanq: While the LSTM
policy provides robust low-level force adaptation, it lacks
scene understanding. To incorporate visual context and en-
able task-aware grasping (e.g., timing to grasp the target
object in clutter), we use the data autonomously collected
by the LSTM policy to train a multimodal VLA policy that
integrates tactile sensing for robust dexterous grasping.

a) Tactile Feature Extraction: The raw tactile data
(Frayw € R10X12X3 for each fingertip) are high-dimensional
and unsuitable for feeding into a VLA policy directly. To
derive compact and meaningful representations, we extract
two complementary tactile features from raw sensor data,
as shown in Fig. 3. First, we introduce the resultant force
feature £ € R5*3, defined as the vector sum of contact
forces on each fingertip. This feature explicitly reflects the
magnitude of the net forces, offering a direct measure of the

Ag = ce Ft,
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Fig. 3: Tactile-based DexGrasp-VLA for hand control. Two
complementary tactile features are extracted: (i) resultant
forces, representing the net contact force vector at each
fingertip, and (ii) tactile image latents, capturing spatial
contact patterns through a convolutional autoencoder.

interaction’s strength. However, this single value does not
capture the detailed spatial distribution of the contact points
of the fingertip surface. To enrich the representation, we
introduce a latent embedding f2°* € R5*128 derived from
tactile images. Each fingertip signal F,,, is first padded to
construct the tactile image Fy, € R'*16%3 The five tactile
images are then encoded by a convolutional autoencoder into
compact latent vectors that capture detailed contact patterns.
By integrating both tactile features, the policy perceives both
physically grounded force magnitude and spatially detailed
contact patterns. This dual representation enhances robust-
ness in contact-rich interactions and improves grasp stability
across various objects.

b) Grasping VLA Policy Learning: To adapt the ex-
tracted tactile features to the VLA input space, the per-
fingertip features f*T and f are processed through
MLPs into tactile embeddings 22T and 2{**, which are
then fused with other pre-embedded modalities and fed into
the action expert model, enabling the model to learn mul-
timodal representations for manipulation. The observation
space of the hand-level VLA policy is defined as: o =
[[hand 'ghand “phand ptac-ftacs] = where [hand denotes the eye-
in-hand camera image, I; is the language command, ¢
is the hand joint state, and 21T 23 are the embeddings
derived from our dual tactile features. This approach enables
Thand (AJ9 | o1nd) o produce firm grasps across various
objects, benefiting from both the expert’s sense of touch and

rich multimodal context.

C. Shared Autonomy for Data Collection

Building upon DexGrasp-VLA, we introduce a shared
autonomy framework for efficient data collection, combin-
ing the autonomous grasping capability of DexGrasp-VLA
with global guidance from the human. The framework di-
vides control strategically: a human operator teleoperates the
robotic arm’s end-effector via a VR interface for navigation
and positioning, while the pre-trained DexGrasp-VLA policy
autonomously controls the dexterous hand for fine grasping.
This approach dramatically reduces the operator’s cognitive

load by eliminating the need to simultaneously coordinate
both the high-DoF arm and hand, while preserving the
naturalness and quality of the demonstrations.

1) Arm Teleoperation System Based on VR Headsets:
The human operator focuses solely on controlling the 6-
DoF pose of the arm’s end-effector. A VR-based teleop-
eration system has been developed on the foundation of
the XRoboToolkit [27], to achieve intuitive and seamless
manipulator control. When the clutch button is pressed, the
initial poses of the controller and end-effector, 1t o and 1 g,
are recorded. The controller’s current pose T, defines the
target end-effector pose as:

Ter=Teo (Tog - Ten), 2

which is resolved via inverse kinematics (IK) to ensure
smooth and intent-aligned motion.

2) Coordinated Arm-Hand Data Collection: The data
collection process employs a dual-threaded architecture that
seamlessly integrates human teleoperation with autonomous
policy execution. While the operator controls the arm’s
motion through the VR interface, the DexGrasp-VLA policy
runs concurrently to generate appropriate grasping actions
based on real-time visual and tactile feedback. This parallel
execution enables natural and efficient collection of coor-
dinated arm-hand demonstrations. The resulting dataset in-
corporates temporally synchronized observations and actions
from both control sources:

Dani = {(0", ™, ™)} Ty,

hand (3)

arm hand
Ay ™~ Preleopy; Q¢ ~ 71'hand(' | O )7

where the combined observation vector is formally defined
as o = [I,l;, ™, "], incorporating multi-view RGB
images I, language instruction [;, and the joint states of the
arm ¢®™ and hand ¢!, This comprehensive dataset provides
the foundation for training end-to-end arm-hand manipula-
tion policies that learn effective coordination strategies from

human-guided arm motions and autonomous hand actions.

D. Learning End-to-End Arm-Hand VLA Policy m,,;

Building upon the arm-hand demonstration data collected
through our shared autonomy framework, we perform SFT
of my to learn an arm-hand coordinated dexterous grasping
policy i (At™™ | ot™). Unlike the hand-only policy mhands
tactile information is not included in o™ to avoid disrupting
stable arm-centric coordination during reaching. A key chal-
lenge lies in effectively handling the distinct characteristics
of arm motion and hand movement. To address this, we
introduce an Arm-Hand Feature Enhancement module that
extends the base architecture with explicit mechanisms to
capture both shared task context and individualized features
for arm and hand dynamics.

1) Arm-Hand Feature Enhancement: As illustrated in
Fig. 4, we extend the base my model, which encodes multi-
modal observations and language instructions into a shared
task representation z{"™© € R? using PaliGemma and
Gemma Expert and relies on 23" to predict actions. To
better handle the dual challenges of high-DoF dexterous hand
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Fig. 4: Arm-hand feature enhancement for the end-to-end
VLA policy. 23" is extracted and distilled into distinctively
enhanced 2™ and 29 via specific encoders and auxiliary
predictors, and then the main action head fuses all represen-

tations to produce coherent and precise joint actions.

manipulation and large-workspace arm motion, we introduce
Arm-Hand Feature Enhancement, as shown in Fig. 4. Specif-
ically, the shared context 2" is processed by two MLPs,
Eam and Enang, producing task-specific latent vectors zi™ €
R% and 24 ¢ R, Each latent vector is guided by an
auxiliary prediction head, H,m and Hpang, Which supervise
the corresponding sub-actions A¥™ and A" to enforce
arm-specific and hand-specific latent feature learning. For
coordinated execution, the main action head H ., consumes
the fused representation ziUsed [ghare parm phand] © qpq
predicts the final joint action AU [Agm | Aband) - The
direct connection from z{"* ensures that the global semantic
context is preserved. This design allows Hpain to adaptively
balance global strategy with local precision, enabling coor-
dinated actions that are both coherent and fine-grained.

2) Learning Objective: The model is trained using a
composite loss that integrates a primary coordinated action
generation loss with two auxiliary expert-specific losses.

a) Main Loss: The primary objective, Lain, follows
the conditional flow matching formulation (as in my) and
is applied to the concatenated action chunk vector A =

(Agm, A
2
@

where A7 = 7 A; + (1 — 7)e is the noisy action chunk, and
u(A7 | Ay) = € — As denotes the target vector field.

b) Auxiliary Expert Losses: To supervise and enhance
the individual, distinct features of the arm and the hand, two
auxiliary objectives are introduced:

rin(8) = | Hain (1) — u( A7 | A™)

hana(0) = EHHhand(Z?and) — Unana (A7 | A?a"d)HZ- )

Lin(0) = B [Ham (™) — wan(A7™ | ™) 6)

c) Total Loss: The final training objective combines
the main and auxiliary losses:

Liotat = Linain + A (»Chand + ﬁarm), (7

where )\ is a weighting factor balancing global coordination
with individual motions of the arm and the hand.

E. Corrective Human-in-the-Loop Teleoperation System

To enable robust deployment of robotic policies in unstruc-
tured real-world environments, where distribution shifts and
long-tail scenarios often occur, we implement a corrective
teleoperation system. The core of it is an incremental SFT
framework that enables the policy to continuously learn and
adapt from real-world data. This framework uses a human-
in-the-loop corrective intervention paradigm for data collec-
tion and policy refinement. Specifically, during real-world
deployment, successful trajectories executed by the unified
arm-hand policy 7y, are recorded as positive demonstration
data. When the policy fails or exhibits suboptimal behavior,
the system triggers a shared-autonomy paradigm that enables
human-in-the-loop corrective intervention. A human operator
then takes over via teleoperation to recover from the failure.
After successful recovery, the system seamlessly transitions
back to its autonomous inference mode. The data from both
the initial failure and the successful recovery is captured
as a valuable corrective demonstration. This process forms
an improvement cycle that leverages both successful and
failed trials, allowing the policy to continually enhance its
robustness and task performance.

IV. EXPERIMENTAL VALIDATION
A. Experimental Settings

1) Robot System: Our grasping platform comprises a
UR3e robotic arm paired with a five-fingered dexterous
hand Xhand [45], which features 12 DoFs and is equipped
with 120 triaxial force sensors on each fingertip. The vi-
sion module integrates three RGB-D cameras: two Intel
RealSense D435i cameras in third-person view for global
scene perception, and one eye-in-hand Intel RealSense D405
for close-range observations.

2) Datasets: We construct different datasets to train dif-
ferent stages within our framework. For the LSTM-based
grasping policy, 218 trajectories are collected, including
150 human teleoperation demonstrations and 68 autonomous
trajectories generated by a force-adaptive controller. The
hand-only DexGrasp-VLA dataset comprises 180 cluttered-
scene grasping trajectories over 60 objects, collected using
the trained LSTM grasping policy. For arm-hand VLA fine-
tuning, 100 single-object demonstrations across 20 everyday
objects are collected through shared autonomy, forming
Duni- Each trajectory contains synchronized RGB observa-
tions, joint states, and action sequences. To support iter-
ative human-in-the-loop refinement, two additional correc-
tive datasets are constructed: Dorient (50 trajectories for
orientation failures) and Dcorner (50 trajectories for other
challenging corner cases).

B. Main Results

1) Grasping Performance of 7pauq: We evaluate the
hand-only DexGrasp-VLA policy on cluttered tabletop sce-
narios, where the task is to clear all objects from the
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Fig. 5: Table bussing in clutter via Dex-Grasp VLA policies for a dexterous robotic hand—validated capability as an Al

copilot with local autonomous tactile-based robust grasping.

Fig. 6: Grasping and placing objects via end-to-end (arm-hand) VLA policies with a dexterous hand.

TABLE I: Success rates(%) of the final end-to-end arm-hand
VLA policy myyi-final across 50 objects.

Methods | Seen objects | Unseen objects | Average
917 | 85.6 | 887

Truni-final \

table sequentially. The evaluation includes five randomly
arranged scenes, comprising a total of over 50 objects with
varying sizes, colors, and materials. The policy achieves an
overall success rate of 95.5%, successfully clearing most
objects in each scene. Fig. 5 shows some representative
examples. These results demonstrate that the hand VLA can
robustly handle complex, densely cluttered environments and
generalize effectively across diverse object properties.

2) Grasping Performance of ,,;: We evaluate the arm-
hand VLA policy, 7y, on a pick-and-place task involving
20 seen and more than 30 unseen objects of varying shapes.
Fig. 6 illustrates the grasping results. Each object is tested
in 3 trials with randomized positions and orientations within
a 40cm x 40cm workspace. In each trial, the robot attempts
to grasp the object and place it in a target basket. A
trial is deemed successful if the object is securely grasped
and accurately placed without slipping or being dropped.
Table I summarizes the success rates of our policy, which
achieves an average of about 90%. The model demonstrates
consistently high performance on familiar objects, reflect-
ing effective hand-arm coordination and stable grasping
capabilities. Furthermore, m,,; generalizes robustly to novel
objects and challenging orientations, enabling reliable pick-
and-place across diverse geometries and configurations.

3) Data Collection Efficiency of Shared Autonomy:
Our shared autonomy framework improves data collection
efficiency. A single operator collects 110 trajectories per hour
for the main dataset, compared to 90 under full teleoperation

(+22.2%), and 100 trajectories per hour for corrective data,
versus 80 with teleoperation (+25%). These improvements
accelerate policy iteration and underscore the practical ad-
vantages of the shared autonomy paradigm.

C. Ablation study

1) Effectiveness of Tactile Sensing in Tpguq: To eval-
uate how tactile information improves grasp robustness in
DexGrasp-VLA, we designed a two-stage test. After grasping
an object with the trained policy, the robot must first hold it
steadily for 3 seconds, then continue to hold it for another
10 seconds after the camera input is occluded. A grasp
is counted as successful only if the object remains secure
throughout both stages. This criterion highlights the role of
tactile sensing in ensuring stability when vision is unreliable.
As shown in Table II, tactile feedback substantially improves
performance. Without tactile input, the policy achieves only a
21% average success rate, while adding force-based feedback
raises the success rate to 70%. With both tactile features
combined, the success rate reaches 90%, confirming that spa-
tially detailed and magnitude-aware tactile signals are crucial
for maintaining stable grasps under visual occlusion. Fig. 7
demonstrates this effect: while vision is occluded, without
tactile feedback, objects slip within seconds, whereas with
dual tactile features, the dexterous hand can hold firmly for
the full duration—even under perturbations such as intense
shaking or knocking against the table. Contact distributions
of tactile sensors during grasping are shown in Fig. 8. These
tests confirm that tactile sensing not only compensates for
temporary visual loss but also provides essential information
for keeping firm gripping forces.

2) Effectiveness of Arm-Hand Feature Enhancement
in m,,;: We evaluate the enhanced policy myy-enhance
(with Arm—Hand Feature Enhancement) against the base-
line myyi-origin (the original my policy)—both fine-tuned
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TABLE II: Success rates of dexterous grasping policy mhana across 10 everyday objects under different tactile configurations.

Methods | Salt Can | Bottle 1 | Bottle 2 | Apple | Orange | Banana | Bowl | Mug | Ball | Gamepad | Average
Thand-OTigIn(mo [6]) 1/10 2/10 2/10 0/10 5/10 0/10 1710 | 5/10 | 3/10 2/10 21%
Thand-tact 8/10 8/10 710 6/10 9/10 4/10 7/10 | 9/10 | 6/10 6/10 70%
Trhand-tacf-tacs 8/10 10/10 10/10 8/10 10/10 710 9/10 | 10/10 | 10/10 8/10 90%
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Fig. 8: Representative cases showing the contact distributions
of tactile sensors.

on Dy,—under varied conditions. As shown in Tab. III,

to-end arm-hand VLA policy mypi

- - *  TABLE HI: Grasp success rates(%) on 10 objects of the end-

Methods | Xhand | RY-H2 | Xhand-Occlude
, Tani-origin(mo [6]) 88 71 19
Tuni-€nhance 95 81 58

TABLE IV: Grasp success rates(%) across five everyday
objects under corrective human-in-the-loop teleoperation.

Methods | Bottle | Apple | Nailoong | Chips | Bowl | Average

: : i-enhance | 4/10 | 4/10 5/10 4/10 | 3/10 | 40%
which reports results from three experimental groups each Truni-CNN;

. . . . uni~ t | 6/10 | 6/10 6/10 4/10 | 4/10 | 52%
testing 10 seen and unseen objects over 10 trials per object T;lef)é;e; 8/10 | 9/10 9/10 9/10 | 9/10 88‘72

within a 20cm x 20cm region, mym-enhance consistently
outperforms myi-origin on both Xhand and RY-H2 [46]
dexterous hand, with gains of 7% and 10% respectively. To
evaluate robustness under degraded perception, we block the
right-view camera. This occlusion reduces visibility in the
grasping area, impairing shape cues near contact regions. In
this setting, the success rate of my;-origin drastically drops to
19% , while m,,;-enhance still retains 58% performance. Such
notable improvement confirms that our method enhances
robustness in perception-limited scenarios. The occlusion ex-
periment is particularly well-suited to validate the necessity
of enhancing each individual latent feature, as it selectively
disrupts visual perception, thereby compelling the policy to
rely on the quality and completeness of its internal kinematic
representations. The enhanced model’s ability to compensate
for missing views suggests that its arm and hand branches
have learned distinct, complementary roles—such as robust
reaching and contact strategies. These evidences suggest that
our Arm-Hand Feature Enhancement enforces coordinated
actions, compared to a standard architecture without explicit
individual features extracted for the arm and hand.

3) Effectiveness of Corrective Teleoperation: To evaluate
the efficacy of our corrective human-in-the-loop teleoperation
system, we designed a challenging experimental setup featur-
ing a larger workspace (40 cm x 40 cm). This configuration
evaluates policy robustness through varied object placements
(arranged in a 3x3 grid), orientations, and states (upright and
inverted). As detailed in Table IV, the my,;-enhance model,
which is trained exclusively on the initial dataset Dyy;, failed
to handle specific orientations and all corner-case scenar-
ios. After one iteration, m,y-orient was developed by fine-
tuning the base model with 50 corrective trajectories Doyient
for orientation failures. This model demonstrated improved
generalization to varied orientations and exhibited emergent
error recovery behaviors, yet it was still unable to address
the corner cases. Finally, the my,-final model was further
fine-tuned with an additional 50 trajectories Deomer targeting
corner-case scenarios, which successfully generalized across
all tested scenarios. These results clearly demonstrate that
our system can precisely identify and inject data for corner
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cases, thereby significantly enhancing the policy’s robustness
in complex scenarios through continuous iterations.

V. CONCLUSION

This work presents a shared autonomy framework that
combines human teleoperation for global arm motion with
an autonomous DexGrasp-VLA hand control using tactile
feedback for adaptive grasping, reducing operator cognitive
load and thus enabling efficient collection of high-quality
demonstrations. Our arm-hand feature enhancement design
and corrective human-in-the-loop mechanism further support
robust policy learning and continuous improvement. Experi-
ments show a grasping success rate of about 90% across over
50 seen and unseen objects, validating both efficiency and
generalization. While this study focuses on grasping tasks,
the proposed shared autonomy paradigm—along with its sub-
modules—can be applied to other manipulation skills and
long-horizon tasks through additional specialized Al copilots.
Future work will explore its generalization to bimanual and
tool-use scenarios, robustness under real-world distribution
shifts, and improved tactile integration for arm-hand coordi-
nation. Overall, this work provides a practical solution for
collaborative data collection and outlines promising direc-
tions for dexterous manipulation research.
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