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Grasp Like Humans: Learning Generalizable
Multifingered Grasping From Human Proprioceptive

Sensorimotor Integration
Ce Guo , Xieyuanli Chen , Zhiwen Zeng , Zirui Guo , Yihong Li , Haoran Xiao , Dewen Hu ,

and Huimin Lu

Abstract—Tactile and kinesthetic perceptions are crucial for hu-
man dexterous manipulation, enabling reliable grasping of objects
via proprioceptive sensorimotor integration. For robotic hands,
even though acquiring such tactile and kinesthetic feedback is
feasible, establishing a direct mapping from this sensory feedback
to motor actions remains challenging. In this article, we propose
a novel glove-mediated tactile–kinematic perception–prediction
framework for grasp skill transfer from human intuitive and natu-
ral operation to robotic execution based on imitation learning, and
its effectiveness is validated through generalized grasping tasks,
including those involving deformable objects. First, we integrate
a data glove to capture tactile and kinesthetic data at the joint
level. The glove is adaptable for both human and robotic hands,
allowing data collection from natural human hand demonstra-
tions across different scenarios. It ensures consistency in the raw
data format, enabling evaluation of grasping for both human and
robotic hands. Second, we establish a unified representation of
multimodal inputs based on graph structures with polar coordi-
nates. We explicitly integrate the morphological differences into
the designed representation, enhancing the compatibility across
different demonstrators and robotic hands. Furthermore, we intro-
duce the tactile–kinesthetic spatio-temporal graph networks, which
leverage multidimensional subgraph convolutions and attention-
based long short-term memory (LSTM) layers to extract spatio-
temporal features from graph inputs to predict node-based states
for each hand joint. These predictions are then mapped to final
commands through a force-position hybrid mapping. Comparative
experiments and ablation studies demonstrate that our approach
surpasses other methods in grasp success rate, finger coordination,
contact force management, and both grasp and computational
efficiency, achieving results most akin to human grasping. The
robustness of our approach is also validated through multiple
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randomized experimental setups, and its generalization capability
is tested across diverse objects and robotic hands.

Index Terms—Force and tactile sensing, grasping, learning from
demonstration, multifingered hands.

I. INTRODUCTION

B IONIC robotic hands have become a promising solution
to many manipulation tasks [1], [2], [3], [4]. Such hands

surpass two-fingered grippers in providing enhanced dexterity
to resemble human capabilities [1]. However, achieving reliable
finger coordination and contact force management for stable
grasping remains a challenge, especially for objects with diverse
properties, such as deformable ones. Drawing on visual feedback
and prior knowledge, humans can preplan a grasping strategy
tailored to an object’s shape, hardness, and other properties.
Even without vision, humans can still dynamically refine their
grasp through touch, adjusting hand posture and contact forces
in real-time. This reliability in grasping relies not only on manual
dexterity and experience but also on the high-resolution tactile
and kinesthetic feedback [5] and sensorimotor integration [6],
[7]. The latest definition describes sensorimotor integration as a
process whereby sensory input is integrated by the central ner-
vous system and used for assisting motor program execution [7].

Inspired by human biological mechanisms, we aim to develop
grasping skills for robotic hands by emulating human proprio-
ceptive sensorimotor integration, i.e., the mapping from tactile
and kinesthetic perception to hand joint movements. The goal is
to enable bionic robotic hands to develop biomimetic grasping
skills for handling objects of varying shapes, masses, and hard-
ness, without relying on visual feedback or identifying each ob-
ject individually. This requires effective force management and
precise finger coordination to minimize excessive deformation
and prevent object drops. As a result, our robotic hands can
achieve reliable, adaptive grasps even without prior knowledge
of the object, while avoiding potential damage caused by exces-
sive forces.

For learning-based grasping approaches utilizing multimodal
inputs, the collection of sufficient and accurate interaction data
is critical. One common method for acquiring such data are to
develop simulators that allow virtual hands to explore virtual en-
vironments [2], [8]. However, this approach presents challenges
due to the complexity of simultaneously simulating robotic
hands, manipulated objects with diverse properties, and their
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rich, nonlinear, and unpredictable interactions. Beyond creating
highly detailed simulators, prior studies [9], [10], [11] have
demonstrated that learning from human demonstrations is an
effective alternative for generating valuable imitation data.

Various methods have been proposed for obtaining human
demonstrations, including three categories: passive observation,
kinesthetic teaching, and teleoperation [12]. Passive observa-
tion [13], [14] appears straightforward for human demonstra-
tors. However, challenges, such as occlusion and interference,
from extraneous features frequently lead to issues like causal
confusion [15]. Kinesthetic teaching [11], [16], [17] and teleop-
eration [1], [9] avoid modeling the mismatch between human and
robot embodiments. However, these methods require demonstra-
tors to consciously translate their intuitive actions into robotic
equivalents, potentially resulting in incomplete representations
of human ontological intelligence in the demonstration dataset.
Moreover, the kinesthetic teaching and teleoperation demonstra-
tions are linked to a specific manipulator, necessitating the recol-
lection of all teaching data if the manipulator changes. To tackle
this, we propose a scheme that directly captures human tactile
and kinesthetic feedback along with instructional motions. Thus,
the demonstrations can be applied to guide different robotic
hands without demonstration recollection and model retraining.

Another key to realizing an imitation learning process based
on tactile and kinesthetic feedback is establishing a unified rep-
resentation of time-varying tactile and kinesthetic features [5].
In contrast to other modalities like images, tactile and kines-
thetic features are characterized by their sparsity and topological
correlation. Prior studies have employed convolutional neural
networks (CNNs) to encode tactile features [18], [19], neces-
sitating the reorganization of the original feature to conform to
the input specifications of CNNs. This restructuring process may
lead to the loss of spatially correlated features within the dataset.
To address this limitation, we employ graph convolutional net-
works (GCNs) to simultaneously encode and interpret tactile and
kinesthetic features, which operate directly on the connectivity
relationships of graph nodes, effectively preserving spatial and
topological correlations within the data.

In summary, we propose a learning-based approach imitated
from human proprioceptive feedback to convey human manipu-
lation skills to robotic hands. Its effectiveness has been validated
through diverse grasping tests involving objects with challeng-
ing attributes, such as deformable, irregular, and slippery ones.
This framework uses real-world interaction and motion data
of human hands as templates, aiming to accurately capture
and replicate their proprioception-based operations. The key
contributions include the following.

1) We propose a novel glove-mediated tactile–kinematic
perception–prediction framework, which enables manip-
ulation skills across biological and artificial systems
through standardized perceptual coding. The integrated
data glove simultaneously acquires full-palm tactile and
kinesthetic features at the joint level, enabling natural
demonstrations by different demonstrators across different
scenarios. When worn by robotic hands, the glove provides
real-time multimodal feedback similar to that observed
during human demonstrations. This consistent multimodal
feedback allows the trained model to adapt to new robotic

hands via only simple manual calibration, avoiding the
need for additional data collection or retraining. Further-
more, we establish unified evaluation metrics that com-
prehensively assess grasp performance across both human
and robotic hands.

2) We propose a unified graph representation to encode joint
motions and contact forces within a graph structure. Polar
coordinates are used for such joint motions to empha-
size key finger movement patterns. We then introduce
novel tactile–kinesthetic spatio-temporal graph networks
(TK-STGN) to predict desired joint motions and contact
forces. This architecture leverages topological features
through weighted multidimensional subgraph convolu-
tions, enabling robust spatial feature extraction. Integrated
long short-term memory (LSTM) layers with attention
mechanisms further optimize temporal pattern analysis
across motion sequences.

3) We establish a force-position mapping from desired joint
features to robotic hand inputs. This mapping enables the
generalization capability across different robotic hands.
We validate this on six configurations of real robotic hands.

II. RELATED WORK

A. Robot Manipulation Based on Imitation Learning

Using robotic hands in executing grasping deformable objects
presents many challenges, such as predicting the multiple con-
tact positions for reliable grasping, modeling nonlinear interac-
tions, forecasting the desired contact force in the steady state, and
the complexity of finger-gaiting [20]. These difficulties hinder
the use of modeling and optimization methods [21], [22] and
result in a significant performance gap when implementing iden-
tical learning-based approaches in simulated and physical envi-
ronments [23], [24]. Collecting multimodal demonstration data
by human demonstrators in physical environments has shown
promise in tackling these challenges. For instance, kinesthetic
teaching methods [11], [16] are used to obtain human grasping
demonstration for standard cubes, thus enabling the grasping of
unseen objects. Zhao et al. [9] presented the ALOHA system that
performs imitation learning directly from real demonstrations.
They teleoperate using the leader robots, with the follower robots
mirroring the motion, and eventually achieve dexterity oper-
ations with 80%–90% success. UMI [25] employs hand-held
grippers to enable portable, low-cost, and information-rich data
collection for challenging bimanual and dynamic manipulation
demonstrations. Wei et al. [17] utilized kinesthetic teaching via a
wearable robotic hand that simultaneously captures demonstra-
tions and executes dexterous manipulation through hand-over-
hand operation.

However, kinesthetic teaching [11], [16] and teleoperation
methods [1], [9] require the operator to perform tasks from the
robot’s perspective, which is unintuitive and misaligned with
natural human operation. UMI [25] and HIRO Hand [17] enable
demonstrators to perform operations from their perspectives.
Nevertheless, the data collection process still relies on specific
teaching devices, which constrains the replication of human
hand dexterity and the imitation of human proprioceptive intel-
ligence. Furthermore, these device-mediated imitation learning
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methods face difficulties in replacing the manipulators, which
can lead to incompatibility or necessitate the recollection of
demonstration data.

B. Tactile Sensing and Tactile-Based Manipulation

Many of the studies on dexterous manipulation rely on visual
inputs [8], [13], [26], [27]. However, visual feedback faces chal-
lenges, such as occlusion, inability to capture proprioception,
and the lack of direct force observation [5]. In the presence
of nonlinear elastic deformations or plastic deformations in the
manipulated objects, tactile feedback becomes crucial. Some re-
lated studies focus on integrating visuo-tactile technology [28],
[29], [30] or novel material techniques [31], [32] to design
precise tactile sensing devices. They are used for tasks, such as
object localization and reconstruction [28], slip detection [29],
and dynamic swing-up [30].

However, these sensors are often configured only at the finger-
tips of robotic hands due to structural complexity or expensive
price [33], [34], [35], [36]. In this work, we argue that the dis-
tribution and topology of tactile sensing also matter, especially
for contact-rich tasks. For example, Sundaram et al. [18] used a
scalable tactile glove to show that sensors uniformly distributed
over the hand can identify individual objects, estimate their
weight, and explore the typical tactile patterns that emerge while
grasping objects.

C. Data Glove With Embedded Tactile–Kinesthetic Feedback

Data gloves are widely employed across various domains,
including hand pose reconstruction [37], object identification
and property inference [18], and immersive teleoperation with
force-motion feedback [38], [39]. For instance, triboelectric
sensing with pneumatic actuation on the data glove enables
comprehensive tactile–kinesthetic sensing and feedback during
virtual object interactions, replicating texture and mechanical
resistance properties [38]. In addition, stretchable liquid–metal
sensors integrated into the data glove enable precise hand pose
reconstruction for cross-platform teleoperation via anatomically
conformal motion capture [37]. Advanced tactile and kinesthetic
sensing technologies [31], [37], coupled with the miniaturiza-
tion and modularization trends of commercial sensors, have
accelerated the development of integrated tactile–kinesthetic
perception data gloves. This progress enables glove-mediated
natural demonstration-to-execution frameworks for generating
cross-platform dexterous manipulation strategies.

D. Graph Neural Networks (GNNs) for In-Hand Manipulation

When employing images to represent tactile [28], or tactile
sampling points are dense [18], CNNs are viable solutions for
encoding tactile features. However, in many cases, the tactile
sampling points are sparse [40], [41], leading to sparse and
non-Euclidean tactile feedback. In such cases, employing CNNs
requires rearranging the feedback to match the desired rectan-
gular input. To preserve the topological characteristics inherent
in sparse tactile features, certain studies represent these features
as graphs. Consequently, GNNs are leveraged as a toolkit for
analyzing and learning from graph-structured data [5], [10], [42],
[43]. Despite abundant studies employing GNNs on dexterous

manipulation [5], [10], [43], the integration of multimodal inputs
within graph structures remains an open issue.

III. METHODOLOGY

In this section, we describe the main components of our ap-
proach. Fig. 1 shows the pipeline, including the human demon-
stration procedure, the imitation learning procedure, and the
prediction and execution procedure. Specifically, tactile and
kinesthetic feedback is captured through the data glove and
is uniformly encoded as graph data, which is later fed into
the TK-STGN. TK-STGN outputs joint state predictions that
ultimately guide the motion of the robotic hands. We present a
detailed description of the proposed approach’s components as
follows.

A. Acquisition of Tactile and Kinesthetic Feedback

To obtain training data directly from human operations rather
than from operating robotic hands [1], [10], we have integrated
a data glove capable of capturing tactile feedback and joint
motions while allowing for intuitive and natural operation by
humans. This data glove enables the establishment of the glove-
mediated tactile–kinematic perception–prediction framework
for transferring human proprioception-based skills to various
robotic hands.

The palm of the data glove is covered with 25 tactile sampling
pads, located on the contact surface of the distal phalanx, middle
phalanx, proximal phalanx, metacarpal bone of each finger,
and the lower part of the palm, as shown in Fig. 2(a). The
flexible tactile sensor array is created by applying force-sensitive
materials, such as sensitive ink and silver paste, onto a flexible
film substrate using a precise printing process, followed by
drying and curing.1 The hollowed-out portion of the substrate,
located between the fingers and at the palmar center, is designed
to enhance mechanical flexibility. The tactile pads on the array
are capable of a maximum positive pressure of approximately
20 N and a sampling frequency exceeding 200 Hz. Each tactile
pad of the data gloves is calibrated using standard weights. In
this article, we treat the acquired magnitude and distribution
of contact forces as a downscaled but reasonable observation
of tactile features [22], [33], [44], [45]. The back of the glove
integrates the PN3 Pro, an inertial motion capture device de-
veloped by Noitom,2 as depicted in Fig. 2(b). This device can
capture the Euler angles in the local coordinate system and the
position and orientation in the global coordinate system of the 20
hand joints at a frequency of approximately 70 Hz. The inertial
measurement unit (IMU) corresponding to each finger should be
located between the middle and proximal phalanges. Calibration
via flexion and opposition movement is needed before each use.

By wearing the data glove, the demonstrator can demonstrate
directly with their own hands, ensuring a natural and intuitive
demonstration process. The glove captures real-time tactile and
kinesthetic feedback with minimal interference to the operation.
In addition, the glove can be worn directly or with minor mod-
ifications on a humanoid robotic hand, acquiring multimodal

1[Online]. Available: http://www.roxifsr.com/
2[Online]. Available: https://www.noitom.com/

Authorized licensed use limited to: National Univ of Defense Tech. Downloaded on March 02,2026 at 06:40:39 UTC from IEEE Xplore.  Restrictions apply. 

IEEE Transactions on Robotics (T-RO) paper, presented at ICRA 2026, Vienna, Austria. Cite as T-RO paper.



GUO et al.: GRASP LIKE HUMANS: LEARNING GENERALIZABLE MULTIFINGERED GRASPING 5703

Fig. 1. Pipeline of our framework. (a) In the demonstration procedure, the human operator wears the data glove to complete the grasping operation, and the
tactile and kinesthetic features are integrated as graph data, which is sampled to become an expert template. (b) In the imitation procedure, the graph data are fed
into the TK-STGN, and the mse of the TK-STGN’s outputs with respect to the expert templates are computed to optimize the parameters. (c) In the prediction and
execution procedure, the robotic hand wears the data glove to perform grasping operations. Its tactile and kinesthetic perceptions are transformed into graph data
and input into the trained TK-STGN. The desired node-based state output from the network generates the action commands through force-position hybrid mapping
to regulate the robot’s real-time movements.

Fig. 2. Data glove. (a) Palm side of the glove. It is covered by the customized
flexible tactile sensor array. (b) Back side of the glove. There are six inertial
measurement units (IMUs) spread out here.

features in the same format as the human hand. The data glove,
including its data acquisition module, has a total weight of
65.2 g and can work continuously for over 4 h. The PN3 Pro
offers skeletal length templates tailored to different genders and
heights and allows for the input of customized skeletal length
templates. This feature enhances the precision in capturing the
kinematic characteristics of various demonstrators’ hands and
robotic hands.

Fig. 3 shows the distribution and labeling of 25 tactile sam-
pling pads and 20 hand joints. The corresponding joint and tactile

pad are labeled identically for a further unified encoding of the
multi-inputs.

In summary, based on the data glove, we ensure the consis-
tency of data formats when used by different human and robotic
hands. This consistency guarantees uniform input features for
both the training and prediction procedures, eliminating the
need for remapping caused by perceptual absence or structural
differences in robotic hands. In addition, based on the uniform
features captured by the data glove, we further establish unified
evaluation metrics for both human and robotic hand operations,
as detailed in Section V-B.

B. Unified Representation of Multimodal Inputs

Compared to common visual feedback, the joint motion
features and tactile features acquired in this study are sparse and
exhibit significant topological correlations. Utilizing image-like
encoding requires a large amount of data reordering, affecting
the efficiency and effectiveness of extracting structure-related
features. Therefore, we adopt the use of graphs to organize
multimodal data. Fig. 4(a) illustrates the hand graphG = (V, E),
where the node set V = (vT1, vT2, . . . , vPm4, vH) represents
hand joints and corresponding tactile pads shown in Fig. 3.
The subscripts of the nodes are abbreviations of the labels used
in Fig. 3. The edge set E indicates the structural correlation

Authorized licensed use limited to: National Univ of Defense Tech. Downloaded on March 02,2026 at 06:40:39 UTC from IEEE Xplore.  Restrictions apply. 

IEEE Transactions on Robotics (T-RO) paper, presented at ICRA 2026, Vienna, Austria. Cite as T-RO paper.



5704 IEEE TRANSACTIONS ON ROBOTICS, VOL. 41, 2025

Fig. 3. Distribution of 25 tactile sampling pads and 20 hand joints. Among the
25 tactile pads, 19 are positioned to directly correspond to the major bones of
the human hand, including the phalanges and metacarpal bones. Each of these
19 pads is associated with the joints that primarily determine its local posture,
such as interphalangeal joints and metacarpophalangeal joints, and is labeled
identically for a further unified encoding of the multi-inputs. The remaining six
sampling units (Palm1-Palm4, InHandThumb, and Hand) are evenly distributed
across the lower region of the palm. Since the intermetacarpal joints exhibit
minimal relative motion [46], which cannot be effectively measured, five of
these units (Palm1-Palm4 and InHandThumb) are not directly linked to any
specific joint. The Hand pad, however, is specifically bound to the motion of the
carpometacarpal joint. This figure presents a view from the palm side of the left
hand.

between them. The structural characteristics of the hand,
including the relative independence of finger proprioception
and movement, as well as the dense distribution of muscles
between the metacarpals [46], suggest that proprioceptive
coupling is stronger in the palm. Therefore, nodes on the fingers
are only connected sequentially to neighboring finger nodes,
while nodes in the palm are fully connected. The nodes directly
connected to vi are called neighbors of vi, denoted N (vi).
Nodes that require traversing at least k edges to establish
interaction are defined as k-hop neighbors of vi. The subgraph
containing all the k̃-hop neighbors (k̃ = 0, 1, 2, . . . , k) and the
edges between them are called the k-hop subgraph of vi.

Based on the hand graph, the multimodal hand data can be
uniformly represented as state vectors bound to the nodes

xi �
[
xki

xti

]
(1)

wherexki andxti represents the kinesthetic and tactile feedback
of vi, respectively. The vPmX nodes correspond to the lower
region of the palm, where the metacarpal bones are located.
These nodes only provide tactile feedback because the morpho-
logical changes in this part of the palm are difficult to capture.
According to [46], the metacarpal bones have highly intricate
structures, yet their relative displacement is negligible. To ensure
feature alignment, we assign the kinematic feedback of the
carpometacarpal joints to the vPmX nodes.

We describe hand motion within the joint space because it
offers a more concise and effective representation of movement
compared to Cartesian space [1], [22]. Besides, to achieve a

Fig. 4. Unified representation based on the graph and polar coordinates.
(a) Hand graph. The edges in the palm are simplified for aesthetic purposes.
(b) Motions’ depiction of the thumb metacarpal and the index finger’s middle
phalanx within their respective polar coordinate systems. r and θ represent the
bone length and joint angle, respectively.

comprehensive understanding of motion dynamics across vari-
ous demonstrators, we incorporate the factor of bone length into
our analysis. By combining this factor with the identification
of motion patterns in joint space, we create a representation of
joint motion in polar coordinates. Specifically, by establishing a
polar coordinate system with the joint position as the origin of
the principal motion plane, the bone lengths and joint angles are
effectively translated into coordinates within the polar frame-
work. Fig. 4(b) illustrates the motion of the thumb metacarpal
and the middle phalanx of the index finger within their respective
polar coordinate systems as examples. These coordinate systems
correspond to the abduction/adduction of the thumb and the flex-
ion/extension of the index finger. As illustrated in Fig. 4, the po-
lar coordinates-based motion representation selectively captures
key finger movements essential for grasping [46], specifically
finger flexion/extension and thumb abduction/adduction. This
avoidance of overparameterized motion representations enables
skill transfer with fewer demonstrations while enhancing oper-
ational robustness. In addition, angular velocity is considered
another important reference for recognizing human hand mo-
tion characteristics and controlling joint movements. Thus, the
kinesthetic feedback of vi can be expressed as

xki � [ri, θi, θ̇i]
� (2)

where ri, θi, and θ̇i represent the bone length, joint angle, and
angular velocity of vi, respectively. They can be captured in
real-time through the inertial motion capture device.

In summary, the multimodal state vector of vi at nth sampling
moments are defined as

xi,n � [ri, θi,n, θ̇i,n, hi,n]
� (3)

where h represents the magnitude of contact force captured
through the tactile sensor array.
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Fig. 5. Structure of TK-STGN and imitation learning procedure. The input to
TK-STGN consists of historical states, including node-structured kinesthetic
and tactile features. TK-STGN comprises L sequentially connected graph
convolutional layers followed by temporal feature extractors. Specifically, the
graph convolutional layers perform linear combinations of graph shift operations
on multidimensional subgraphs, while the graph activation layers enhance the
network’s ability for nonlinear mapping. Spatial patterns captured by graph
convolutions are then fed into bidirectional LSTM modules to model tempo-
ral dynamics, with subsequent multihead attention mechanisms highlighting
task-critical features across time steps. This hierarchical architecture enables
robust spatiotemporal feature encoding for grasp perception. During training,
the mse loss is computed between the predicted states generated by TK-STGN
and the target states sampled from the human demonstration training dataset.
The parameters are then optimized using the Adam optimizer.

C. Imitation Learning Based on TK-STGN

Once obtaining the node-based multimodal inputs X =
[x1,x2, . . . ,xN ]� data from our glove, we introduce TK-STGN
as the backbone to extract features from the grasping state spa-
tially and temporally. The structure of TK-STGN and imitation
learning procedure are depicted in Fig. 5.

The graph convolution operation can be defined as a weighted
linear combination of graph shift operations in multidimensional
subgraphs

Hn(Xn,Sn) =
K−1∑
k=0

Sk
nXnWk (4)

where Sn ∈ RN×N is the nth graph shift operator, which de-
scribes the relevance of the graph nodes atnth sampling moment.

N is the total number of nodes in the hand graph. Xn ∈ RN×F

represents the nth observation matrix of the hand nodes.F is the
dimensionality of the observations. Wk ∈ RF×D represent the
filter coefficient matrix to be optimized, which is shared across
all nodes. Here,K specifies the maximum order of the subgraph,
defining the maximum range of the subgraph from which a node
aggregates information for its output computation.

In this article, we regard the symmetrically normalized ad-
jacency matrix as the graph shift operator to reduce feature
scale variations. Furthermore, we assume that the topological
relationships of nodes remain unchanged during the grasping
process. Therefore, Sn can be expressed as

Sn = D−
1
2AD−

1
2 (5)

where D ∈ RN×N is the degree matrix and A ∈ RN×N is the
adjacency matrix.

The TK-STGN comprises L sequentially connected graph
convolutional layers, each containing a graph convolutional
layer and a graph activation layer. The graph activation layer
can be expressed by

Xl+1 = σ(Hl(Xl,S)) (6)

where Xl+1 ∈ RN×Fl+1 and Xl ∈ RN×Fl represent the output
and input state matrices of lth layer, respectively, and σ denotes
the graph activation function.

Spatial patterns captured by graph convolutions are then fed
into bidirectional LSTM modules to model temporal dynamics,
which can be expressed by(−→
h n,
−→c n

)
= LSTM

(
X̄n,

(−→
h n−1,

−→c n−1
))

(7)(←−
h n,
←−c n

)
= LSTM

(
X̄n,

(←−
h n+1,

←−c n+1

))
(8)

HT =
[−→
HT ‖

←−
HT

]
(9)

=
[(−→

h 1,
−→
h 2, . . . ,

−→
h T

)
‖
(←−
h 1,
←−
h 2, . . . ,

←−
h T

)]
(10)

where ‖ denotes feature concatenation,
−→
h n and

←−
h n denote the

forward and backward hidden states at timestep n, −→c n, and←−c n represent the corresponding cell states capturing long-term
temporal dependencies.

−→
HT and

←−
HT denote the tensors con-

catenating all forward and backward states over T timesteps.
This bidirectional processing captures both causal and anticausal
dependencies in the grasping process, which is essential for
anticipating contact transitions during dynamic grasping.

Subsequently, a M -head attention mechanism prioritizes
task-critical features across temporal windows

am = Softmax

(
(HTWQ,m) (HTWK,m)�√

dk

)
(HTWV,m)

(11)

Hatt = [a1 ‖ a2 ‖ · · · ‖ aM ]WO (12)

where dk represents the dimension of the key and query vectors
per attention head, WQ,m,WK,m, and WV,m are learnable
projection matrices for queries, keys and values of themth head,
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am is the context vector from the mth attention head, and WO

is the output projection matrix.
The tensorHatt is then passed through a multilayer perceptron

(MLP) to generate the future predictions for P steps

Û = MLP(Hatt) (13)

where Û contains predicted joint angles and contact forces.
Unlike other imitation learning processes that take the robot

action commands as the target outputs, we aim to predict the de-
sired states that match the human hand’s joint topology through
imitation to ensure generalization capability among different
robotic hands. Specifically, the output of TK-STGN at nth
moment can be expressed as

Ûn = [û1,n, û2,n, . . . , ûN,n]
� (14)

ûi,n � [θ̂i,n+1, ĥi,n+1, b̂i,n]
� (15)

where θ̂i,n+1 and ĥi,n+1 represent the predicted joint angle and
contact force of vi for the next moment, respectively, and b̂i,n
represents the determination of whether the current state is a
steady state. The corresponding target output from the templates
is expressed as

U∗n = [u∗1,n,u
∗
2,n, . . . ,u

∗
N,n]

� (16)

u∗i,n � [θ∗i,n+1, h
∗
i,n+1, b

∗
i,n]
� (17)

where θ∗i,n+1 and h∗i,n+1 are collected by the data glove and b∗i,n
is manually annotated, and U∗n ∈ RN×3 represents the target
outputs sampled from the demonstration dataset.

The input and output structure of TK-STGN aligns with the
perception input and state output at the joint level of human
hands. Combined with the use of our data glove, this design
enables the collection of demonstration data for the same task
in different scenarios and from various demonstrators. Further-
more, replacing different robotic hands does not affect the state
prediction performance of TK-STGN, eliminating the need to
recollect demonstration data or retrain the model when a new
robotic hand is introduced.

The objective of our imitation learning procedure can be
expressed as

W∗ = argmin
W

∑
Tn∈T

L(Ûn,U
∗
n) (18)

where W∗ represents the optimal coefficient matrix, T rep-
resents the demonstration dataset, and L is the loss function
computed by weighted mean square error (MSE). The loss L
can be expressed as

L =

P∑
p=1

ωp

(
1

N

N∑
i=1

[
(θ̂i,p − θ∗i,p)

2 + (ĥi,p − h∗i,p)
2
])

(19)

ωp =
e−p∑P
p=1 e

−p
(20)

where ωp is the weight for step p and exponentially decaying
with p, and P is the prediction horizon.

In summary, TK-STGN enables node-based joint state predic-
tion at the human joint level, replicating the multi-joint control
strategies of the human hand under proprioceptive feedback
while providing real-time evaluation of grasp reliability. Utiliz-
ing the consistency of multimodal representations, any robotic
hand equipped with the data glove can acquire real-time desired
joint angle and contact force references, which reflect the human
hand’s dexterity and stability criteria.

D. Force-Position Hybrid Mapping

In Section III-C, we obtain the desired joint node state predic-
tionUn that matches the dimensions of the human hand’s action
space. To translate Ûn into action commands for the robotic
hand, we develop a hybrid mapping method that combines force
and position. The mapping scheme can be expressed as

cn = Γθ(Θ̂n+1 −Θn) + Γh(ĥn+1 − hn) (21)

with vector definitions

Θ̂n+1 = [θ̂1,n+1, θ̂2,n+1, . . . , θ̂N,n+1]
�

Θn = [θ1,n, θ2,n, . . . , θN,n]
�

ĥn+1 = [ĥ1,n+1, ĥ2,n+1, . . . , ĥN,n+1]
�

hn = [h1,n, h2,n, . . . , hN,n]
�

where cn ∈ RC represents the action commands, C is the active
degrees of freedom, Θ̂n+1, ĥn+1 ∈ RN represent the predicted
joint angles and contact forces, Θn,hn ∈ RN represent the
joint states captured by the data glove, and Γθ,Γh ∈ RC×N

are the sparse matrices containing the coefficients determined
experimentally.
Γθ and Γh represent the correlation between joint angles

and contact force errors with the commands. The correlation
coefficients are assessed based on various factors, including the
robotic hand’s actuated degrees of freedom and its morphologi-
cal similarities to the human hand. In the case of underactuated
robotic hands, the command input for each actuator is related
to the angle and contact force deviations of multiple associated
joints. For example, the flexion or extension of the index finger
should be determined collectively by Index1–3, InHandIndex,
Palm1, and Palm2 nodes, which are located in or near the
flexion/extension plane of the index finger. In contrast, Γθ and
Γh are diagonal for fully actuated robotic hands, meaning that
the command input for each joint actuator is correlated only with
the angle and contact force error of its corresponding joint. Note
that Γθ and Γh remain unchanged while dealing with different
objects, unless the robotic hand is replaced.

In summary, our approach generates suitable operation com-
mands for both underactuated and fully actuated robotic hands,
as long as the dimensionality of their action space does not
exceed that of a human hand. By leveraging dimensionality
reduction mapping, this method eliminates the need to collect
additional demonstration data or retrain the model when deploy-
ing on different robotic hands.

Building on all the above, our framework enables continuous
integration of demonstration data from various demonstrators
into the expert dataset, which enhances the robustness of the
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Fig. 6. Demonstration of grasping by a human hand. (a) Human grasping
process, hand posture reconstruction, and visualization of contact force mag-
nitude and distribution. (b) Variations of main joint angles and contact force
magnitude. Data from different joints of each finger are labeled with similar
colors. Triangles, rectangles, forks, inverted triangles, and dots are used to label
the distal phalange, middle phalange, proximal phalange, and metacarpal bone
of each finger and other sampling points in the palm, respectively.

Fig. 7. Seen and unseen objects used in the training and testing process.

generated grasping skill. Furthermore, it facilitates the gen-
eralization of the same skill to robotic hands with differing
configurations.

IV. DATASET COLLECTION AND NETWORK TRAINING

This section details the collection methodology for demon-
stration data, including visualization protocols for tactile and
kinesthetic features during grasp execution. The experimental
dataset encompasses both seen objects used during training and

TABLE I
PROPERTIES OF THE GRASPED OBJECTS

unseen objects for generalization testing, as shown in Fig. 7 and
quantitatively characterized in Table I.

The data glove help us obtain rich human proprioceptive sen-
sorimotor integration features to build a demonstration dataset.
Fig. 6(a) shows the process of grasping and lifting the bottle.
We realize the reconstruction of hand posture and the visual
display of the contact force magnitude and distribution based on
the acquired kinematic and tactile features. As demonstrated in
the tactile feature visualizations, contact force magnitudes are
encoded through proportional point scaling and color gradients,
with the visual mapping calibrated to represent the range from
0 to approximately 20 N. Fig. 6(b) shows the variations of main
joint angles and contact force magnitude during the grasping
process. Except for Thumb1, the joint angles represent Euler
angles within the flexion/extension plane of the fingers. For
the thumb, the flexion/extension motion mainly occurs at the
Thumb2 and Thumb3 joints, while the abduction/adduction
motion is mainly reflected in the feedback of Thumb1 [46].
Therefore, the value corresponding to Thumb1 is set as the
abduction angle. All joint angles are zero when the fingers are
fully extended.

The distinct phases of human hand grasping, including prepar-
ing, expanding, closing, clutching, holding, reclutching, and
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TABLE II
TRAINING HYPERPARAMETERS AND SETUP

reholding, can be clearly identified through data variations. Joint
angle changes mainly characterize the process from the closing
phase to just before contact. In contrast, during the clutching
phase, joint angles stabilize after contact, while the contact force
gradually increases and stabilizes. The demonstrator lifts the
bottle between the holding and reclutching phases, causing a
noticeable change in the contact force and leading to a new force
equilibrium. In summary, both kinesthetic and tactile feedback
reflect the human grasping experience, and they are important
inputs for realizing stable grasping.

Fig. 7 presents the 20 selected objects exhibiting diverse
physical properties, including mass, hardness, shape, and elastic
modulus. Five seen objects are used to build the demonstration
dataset, while the remaining fifteen unseen objects are used for
testing the generalization ability of different approaches. Key
properties are annotated in this figure, including deformable,
slippery, and irregular. To improve the standardization of the
test, we introduce some objects from the YCB dataset [47] as
unseen objects.

The properties of the grasped objects are listed in Table I.
Hardness is measured using Shore A and Shore C durometers,
and the values for the elastic modulus are obtained as the
average of the material properties referenced from a material
database MatWeb.3 We use Shore durometers with an accurate
measurement range between 10 and 90 HA/HC. For objects
with hardness values exceeding 90 HC, the Shore A durometer
is used, while objects with values below 10 HA are measured
using the Shore C durometer. We regard objects with a hardness
exceeding 90 HA as rigid bodies that cannot be deformed during
grasping. For certain objects, hardness varies across different
sites, resulting in a range of hardness values.

The demonstrators conduct 30 grasps for each object, with
each session lasting 10 s and data sampled at 15 Hz. During
the first 5 s, the demonstrator transitions from an extended hand
position to a stable grasp. In the remaining 5 s, the object is
lifted to a specified height while maintaining a stable grasp.
The demonstration data are sourced from both the left and right
hands, as well as from different demonstrators. See Section VI-A
for more details.

TK-STGN is built using Pytorch and runs on Ubuntu 20.04
with an NVIDIA GeForce RTX 3060 Ti graphics processing
unit. Table II summarizes the key hyperparameters and training
setup details for TK-STGN.

3[Online]. Available: https://matweb.com/index.aspx

Fig. 8. Grasp testing system. The left and right figures show the initial positions
of the side grasp and the top-down grasp, respectively.

V. EXPERIMENTS

In this section, we introduce novel metrics for grasp per-
formance evaluation, detailed in Section V-B. Beyond success
rates (SRs), these metrics emphasize force management during
grasping, as well as grasping and computational efficiency.
Leveraging the generalization capabilities of our data glove,
these metrics enable direct comparisons of grasping perfor-
mance across different robotic hands and human hands. We also
provide extensive comparative experiments and ablation studies
in Section V-D, demonstrating that our approach outperforms
existing methods in grasp SR, finger coordination, grasp force
management, and both grasp and computational efficiency. The
results indicate that our approach achieves performance closely
resembling human grasping. The robustness and generalization
capabilities of our approach are also validated in Section V-E.
More experimental details are also provided in the video of the
Supplemnetary Material.

A. Experimental Bionic Robotic Hand Setups

As illustrated in Fig. 8, the grasp testing system is constructed
using a UR3 robotic arm4 and an Inspire robotic hand.5 Our
data glove is mounted on the robotic hand, directly outputting
multimodal perceptual features that are isomorphic to human
demonstrations. In Section V-D, we assume that the robotic hand
has been guided to a suitable grasping position, with the hand’s
initial posture fixed and the object’s relative position to the hand
fixed. In Section V-E, we test the performance for random invalid
tactile pads, random approach angles, random initial postures,
and random placement positions. The PN3 Pro and tactile pads
are calibrated before use.

B. Metrics for Grasp Performance Evaluation

We believe that the ideal grasping approaches should dynam-
ically adjust motions to achieve the appropriate force balance
for each object, which provides sufficient friction to counteract
gravity while preventing excessive deformation or potential
damage to the object. Thus, we present several grasp evaluation
metrics, including SR, force evaluation metrics (FEMs), and
some temporal efficiency evaluation metrics.

4[Online]. Available: https://www.universal-robots.com/
5[Online]. Available: https://en.inspire-robots.com/
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SR is obtained based on 15 attempts for each object. A
successful attempt means that the robotic hand is able to grasp
the object and lift it to a specified height without dropping it
during the sampling time.

The evaluation of contact force is implemented based on the
tactile feedback from our data glove. Assessing contact force
is inherently complex due to its simultaneous involvement in
the object (20 objects × 15 attempts), period (10 s), and height
(25 sampling positions). Consequently, the force evaluation is
divided into three distinct metrics. In addition, to eliminate the
influence of failed grasps on force evaluation, we randomly
selected five successful grasps from 15 attempts for each object.
If fewer than five successful grasps are achieved, additional trials
are conducted to meet the requirement.

Force evaluation metric for all forces at the terminal stage
(FEM-AT) is designed to assess the magnitude and consistency
of all contact forces at the terminal stage of grasping. Given the
independence of tactile feedback across different objects and
sampling points, we aggregate the mean and standard deviation
of contact forces from various objects and sampling points to
serve as a comprehensive metric for the force evaluation. FEM-
AT calculates the cumulative mean FAT_aver and cumulative
standard deviation FAT_std by

FAT_aver =
O∑

o=1

N∑
i=1

∑S
j=1 ht_oij

S
(22)

FAT_std =
O∑

o=1

N∑
i=1

√∑S
j=1(ht_oij − h̄t_oi)2

S
(23)

where ht_oij represents the ith contact force at the terminal stage
of grasping for the jth successful attempt of the oth object, and
h̄t_oi is the mean contact force at the terminal stage of grasping
for the ith contact force across S successful attempts of the oth
object. Here, O represents the number of objects grasped during
the testing process, N is the number of force sampling pads,
and S represents the number of successful grasps considered
per object in the force evaluation. In this study, the evaluation
focuses on five successful grasps for each of the 20 objects, with
data collected at 25 sampling pads. Consequently, the parameters
are set as follows: O = 20, N = 25, and S = 5.

Force evaluation metric for the key forces during the entire
process (FEM-KE) is designed to evaluate the magnitude of the
top five key forces throughout the entire grasping process. In
our experiments, we find that there are always several critical
contact pads that provide the main contact force during each
grasp. The key forces are selected by sorting the average value
of contact forces across all selected attempts for a given object.
The value of FEM-KE, denoted as FKE, is defined as

FKE =
1

5

5∑
t=1

⎛
⎝ 1

OST

O∑
o=1

S∑
j=1

T∑
n=1

hoinjn

⎞
⎠ (24)

where hoinjn represents the inth contact force at the nth time
for the jth successful attempt of the oth object. The indices
in correspond to the top five sampling points with the highest
mean forces across all selected grasps. T denotes the number of

sampling times per grasp. With a sampling frequency of 15 Hz
over 10 s, T is set to 150.

Force evaluation metric for the maximum for all forces during
the entire process (FEM-MAE) is used to measure the instanta-
neous force performance throughout the entire grasping process,
and it is determined by the maximum contact force observed
across all selected grasping attempts and sampling pads.

At equivalent SRs, we believe that approaches with lower
FEM values better control force during grasping, avoiding ex-
cessive force and reducing the risk of object damage.

We additionally identify two metrics to evaluate the efficiency
and time cost of different approaches.

Steady-state time (S-Time) denotes the average time required
for all grasping processes to reach force steady states from the
beginning. The force steady state refers to the fluctuation interval
in which the value of the contact force maintains a distance from
the end state that does not exceed ± 5% of the maximum range
of variation. The S-Time of a single grasp is the moment when
more than 80% of the forces enter the steady state.

Processing time (P-Time) refers to the average time required
from the input of perceptual features to the output of action
commands.

Deformation Chamfer distance (DCD). Besides direct FEMs,
we utilize DCD to quantitatively assess the differences between
pregrasp and postgrasp reconstructed meshes of clay speci-
mens. This approach takes advantage of the plastic deforma-
tion properties of clay, allowing us to accurately capture the
maximum deformations caused by the grasping process. By
using DCD, we can easily visualize and quantify the impact of
excessive forces on the material. We perform reconstructions
of the clay specimens before and after grasping by Instant-
NGP [48] to record the deformation. Specifically, images of
objects are captured uniformly across the hemisphere using the
camera mounted on the robotic arm. To achieve high-quality
reconstruction results, we employ SAM-Track [49] to accurately
segment the objects across multiple images and effectively
eliminate irrelevant backgrounds. Subsequently, images are pro-
cessed through Colmap [50] to access pose estimation. Finally,
meshes of objects are generated within one minute through the
training and rendering process. The Chamfer distance between
the normalized point clouds obtained pregrasp and postgrasp
is used to quantify the deformation. Given a successful grasp,
a smaller deformation correlates with a more appropriate ap-
plication of grasping forces. Fig. 9 illustrates clay duck and
clay heart specimens manufactured using molds, along with
their corresponding reconstructed meshes before being grasped.
The DCD metric is formally calculated as the mean normalized
Chamfer distance between pregrasp and postgrasp reconstructed
meshes, averaged across three grasping trials for each specimen
type. Consequently, each approach’s DCD evaluation comprises
six complete assessment cycles involving grasping, mesh recon-
struction, and distance computation.

C. Baseline Approaches

To demonstrate the superiority of our method, we compare it
with existing different types of grasping methods as follows.
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Fig. 9. Deformation assessment specimens and reconstructed meshes.

Human operation: This is performed directly by the demon-
strator with his hands while possessing a priori knowledge of
the object’s properties. It serves as the source of demonstration
data and represents the upper performance for all imitation
learning-based grasping approaches. Its inclusion in the table
provides a benchmark for evaluating grasp SR, contact force, and
grasping efficiency. Beside Human Operation, all other tested
approaches are carried out using robotic hands.

Teleoperation: This is achieved by the demonstrator under
limited observation, prior knowledge, and force feedback. We
establish a bilateral mapping channel between the Dexmo glove6

and the Inspire robotic hand, which includes a morphological
mapping from the human interface to the remote system and
a tactile mapping from the remote system to the human inter-
face. As a human-in-the-loop robotic hand control approach,
teleoperation with force feedback channels presents a feasible
and highly controllable solution for implementing grasping with
robotic hands. This approach integrates human instruction and
robotic proprioception, ensuring controllability and adaptability
in robotic operations across varied environments. When dan-
gerous environments prevent human on-site operation and fully
autonomous control lacks reliability, teleoperation becomes an
ideal alternative and has been widely used in various scenar-
ios [52], [53], [54].

Admittance control: In this method, we set the desired torque
to 80% of the robotic hand’s maximum torque to ensure safety
and enhance the grasping SR. Simultaneously, we output po-
sition control commands while limiting the maximum closure
angle. Each finger is controlled independently in this approach,
disregarding coordination between finger movements.

Modified ACT [9]: It maintains the original backbone struc-
ture while substituting its input and output with kinesthetic and
tactile representations aligned with TK-STGN. This adaptation
enables the migration of the ACT framework to our grasping
task while providing a benchmark to specifically evaluate the
performance of nongraph-based networks and our graph-based
TK-STGN architecture.

Modified Multisensory Self-Attention (MULSA) [51]: For this
method, we preserve the backbone structure and implement an
end-to-end mapping from multimodal perceptions (i.e., visual,
kinesthetic, and tactile) to direct motion commands for the

6[Online]. Available: https://www.dextarobotics.com/

robotic hand through imitation learning. The demonstration
data for the modified MULSA need to be reacquired through
teleoperation to obtain additional required visual demonstrations
and corresponding motion of the robotic hand. This baseline
specifically evaluates the impact of distinct sensory modalities
in demonstration data on grasping performance.

GenDexGrasp [55]: This approach generates contact maps
based on the point cloud of the grasped object, then constructs
and solves an optimization problem targeting these contact maps
to obtain joint angles for robotic hands, thereby accomplishing
grasping tasks. This baseline approach enables performance
comparison between the vision-based optimization approach
and the tactile–kinesthetic-based imitation learning approach in
grasping tasks.

D. Comparative Evaluation and Ablation Experiments

We conduct a comparative analysis of various grasping ap-
proaches, with the evaluation results presented in Table III.
Among all tested methods, excluding human operation, TK-
STGN achieve the highest SR, the lowest grasping force, and
the greatest efficiency. Furthermore, the values for these metrics
of TK-STGN closely align with those of the Human Operation.
While the admittance control achieves a high SR and grasping
efficiency, it performs poorly in managing contact force. In con-
trast, modified MULSA falls short in terms of SRs and grasping
efficiency, but it performs well in contact force management.
The failure of admittance control is mainly due to two factors:
independent finger control and the lack of regulation for bending
speed. Independent control can result in uncoordinated finger
movements and disrupt the balance of force between the fingers.
In addition, excessive grasping speed can make slippery objects
more likely to slip away.

The robotic hand’s lower compliance and dexterity compared
to the human hand often result in nonnormal contact directions
and misalignments between actual contact points and measure-
ment locations. These factors introduce errors in tactile feedback
when the glove is mounted on the robotic hand. In addition,
tangential stretching of the flexible substrate and bending of the
tactile pads during the grasping process also introduce errors in
measuring normal contact forces. In light of these challenges,
comparisons between modified ACT and TK-STGN demon-
strate that our graph-based architecture is more robust to such
tactile feedback deviations. TK-STGN notably achieves a higher
grasp SR and superior contact force management, utilizing the
same input/output format and demonstration data. Compared
to the modified MULSA method, which requires processing
additional visual features, our approach significantly reduces
the P-Time, enabling higher frequency proprioceptive motion
control. The SRs and force management results indicate that,
upon reaching the predetermined position, the robotic hand
can rely solely on tactile and kinesthetic feedback to achieve
a stable grasp, and visual input is not a necessary reference.
As a preplanning approach, GenDexGrasp directly generates
target joint angles from point clouds through the contact map
construction and force closure optimization phase. This process
results in an average P-Time of 14.57 s, preventing real-time
updates of the grasp strategy. In addition, its lack of real-time
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TABLE III
EVALUATION OF DIFFERENT APPROACHES

TABLE IV
RESULTS OF ABLATION EXPERIMENTS

tactile feedback leads to significantly lower SRs and inferior
contact force management compared to TK-STGN, strongly
demonstrating the critical importance of tactile sensing for dy-
namic grasping tasks.

The comparison between teleoperation and human operation
highlights the significant impact of limited observation perspec-
tives, communication delays, and force feedback distortion on
completing grasping tasks. This demonstrates that teaching via
natural human operation is more efficient than teleoperation-
based teaching and raises the upper limit of grasping perfor-
mance. At least within our experimental setup, the TK-STGN
approach learning from natural human operation outperforms
the teleoperation method in terms of grasping SRs and force
management. These results suggest that our approach has the
potential to replace human operators in executing tasks au-
tonomously within complex and hazardous scenarios.

In addition, we perform ablation experiments on the TK-
STGN to assess the impact of its individual components. The
evaluation results of the ablation experiments are presented
in Table IV. T-GCN and K-GCN utilize tactile features and
kinesthetic features, respectively. Compared to TK-STGN, these
approaches exhibit better efficiency, but they suffer from signif-
icantly reduced SRs and degraded performance in contact force
management. During grasping scenarios, the actions controlled
by K-GCN tend to converge to a fixed angle regardless of
the object being grasped. Under T-GCN, actions often result
in insufficient contact, causing slippage. TK6-GCN does not
employ our proposed polar coordinate-based representation of
finger movements. Instead, it uses the position and orientation
of each joint in the inertial frame as input. This motion rep-
resentation accurately reconstructs the motions of each finger
joint. However, this overparameterized description makes it
more challenging to learn general grasping skills from multiple
demonstrations. Despite our efforts to maintain consistent grasp
positions and postures across trials, the fine details reveal larger
differences between demonstrations, particularly when they in-
clude both side grasps and top-down grasps. In addition, this

representation renders TK6-GCN highly sensitive to input per-
turbations, resulting in oscillatory movements. Consequently,
it experiences a significant drop in grasping SR and requires a
longer time to reach a steady state. In the TA-GCN approach, the
well-established axis–angle representation replaces our kines-
thetic representation. Axis–angle representation encodes joint
motions using a direction vector and angular displacement
and is widely used in hand reconstruction. Compared to TK6-
GCN and TA-GCN, our motion representation neglects the
fine characterization of noncritical movements in grasping but
incorporates flexion/extension velocities and bone lengths. This
tradeoff facilitates efficient skill transfer across diverse human
demonstrators and robotic hands, yielding higher grasp SRs and
more appropriate contact force management, as substantiated
in Table IV. Unlike TK-STGN, TK-GCN eliminates the LSTM
layers and attention mechanisms, which are used for extracting
temporal features. Although TK-STGN exhibits longer P-time, it
demonstrably increases SRs by 5.34% while achieving superior
contact force management.

Following the analysis of the quantitative results, we present
a visual depiction of the grasping performance. Fig. 10 shows
some of the successful grasping processes using TK-STGN
approach. Fig. 11 illustrates the final states of successful and un-
successful grasps using different approaches. We further classify
successful grasp into ideal and suboptimal grasp in Fig. 11. Most
suboptimal grasps succeed in preventing dropping but exhibit
excessive forces or deformation due to poor force management.
As shown in Tables III and IV, while counted as successes,
suboptimal grasps contribute to higher force evaluation values
and are more likely to cause damage to fragile objects. Only
grasps achieving both object retention and proper force manage-
ment are defined as ideal grasps. Fig. 12 depicts representative
reconstruction outcomes of deformable clay ducks after being
grasped by different approaches. The postgrasp clay duck visu-
alizes the impact of poor contact force management. Through
reconstructed meshes, we quantify this impact using DCD, as
listed in Tables III and IV. Both visual and quantitative results
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Fig. 10. Successful grasping processes using our TK-STGN. We present the grasping processes for three objects from two perspectives. Besides, we visualize
the distribution of contact forces during the grasping process. The size and color of each point represent the magnitude of contact forces at corresponding locations,
with values ranging from 0 to approximately 20 N.

Fig. 11. Final states of ideal, suboptimal and unsuccessful grasps using different grasping approaches. The annotations below the subfigures identify the grasping
approach and the reasons why this trial is categorized as successful yet suboptimal, including excessive force and excessive deformation. Note that the training and
testing of the modified MULSA are conducted based on the right hand, as the visual input capture device is fixed to the left side of the robotic hand.

Fig. 12. Representative mesh reconstruction comparisons before and after grasping across different approaches (one specimen shown per approach from six trials
each). Circles highlight major deformations.
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Fig. 13. Distribution of critical contact forces among 50 successful grasps for pitaya at the terminal stage with various approaches. The top five grasping forces
with the highest average amplitude among 50 successful grasps are identified as critical forces, and their corresponding labels are marked in the figure.

Fig. 14. Distribution of critical contact forces among 50 successful grasps for bottleP at the terminal stage with various approaches.

demonstrate TK-STGN’s outstanding performance in contact
force management.

Figs. 10–12 highlight the capability of our TK-STGN ap-
proach in managing contact forces throughout the grasping
process and preventing slippage on objects with diverse at-
tributes. In contrast, other methods often result in uncoordinated
finger movements, insufficient contact, excessive deformation
or forces, and heightened sensitivity to disturbances. Dynamic
demonstrations of the grasping processes and further details are
available online7 and in the video of the Supplemetary Material.

In addition, pitaya and bottleP are selected to assess the
magnitude and consistency of critical contact forces in the
terminal state using different grasping approaches. Figs. 13 and
14 show the distribution of these forces for grasping pitaya
and bottleP, respectively. For each approach, data from 50
successful grasps are collected. However, due to the negligible
SR of using Modified MULSA and TK6-GCN for grasping the
pitaya, achieving 50 successful grasps for these objects is nearly
impossible. Consequently, the corresponding data are absent in
Fig. 13. Similar to the distribution of grasping contact forces
observed in human operation, we posit that for a given object,

7[Online]. Available: https://grasplikehuman.github.io/.

the grasping forces should be minimized and remain consistent.
The boxplot reflects this characteristic through a compact, lower
positioned interquartile range and fewer, more closely clustered
outliers.

Among all successful grasps, the distribution of critical forces
is relatively more concentrated and of lower magnitude in those
controlled by our TK-STGN. In contrast, the distributions of
critical forces under Teleoperation, Admittance Control, Gen-
DexGrasp, K-GCN, and TK6-GCN are notably more dispersed
and exhibit higher magnitudes. Although the Teleoperation pro-
cess incorporates force feedback, it suffers from latency and
inaccuracies as perceived by the operator, leading to inconsistent
force distribution. Actions guided by the admittance control
approach lack proper finger coordination, as each finger operates
independently based on its desired contact force. This results in
higher overall contact forces and greater variability in termi-
nal states. GenDexGrasp and K-GCN approaches lack tactile
perception entirely, resulting in poor force management capa-
bilities. TK6-GCN’s sensitivity to the inputs induces oscillations
during grasping, leading to a more diverse and inconsistent force
distribution.

In conclusion, for diverse objects and different grasping
modes, our TK-STGN approach demonstrates the ability to
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Fig. 15. Range of random approach angles. For side grasps, the maximum
forward and backward pitch angles are 0.3 radians and 0.2 radians, respectively.
For top-down grasps, the maximum forward and backward pitch angles are 0.4
and 0.2 radians, while the maximum roll angle is 0.5 radians.

maintain the highest grasp SR while achieving elegant contact
force management and coordinated finger movements through-
out the grasping process. Our approach effectively avoids slip-
ping, excessive deformation, oscillations, and excessive contact
forces while delivering more consistent grasps for the same ob-
ject. Compared to the other grasping approaches, our TK-STGN
approach exhibits performance that more closely approximates
human operation.

E. Robustness and Generalization Evaluation

In this section, we further examine the performance of TK-
STGN approach, focusing on its robustness to random invalid
tactile pads, random approach angles, random initial postures,
and random placement positions. We also evaluate its gener-
alization capability across different robotic hands. To maintain
representativeness while ensuring experimental efficiency, all
robustness and generalization tests are exclusively conducted
using five seen objects and five unseen objects. As detailed in
Section V-D, modified ACT achieves the second-best overall
performance among all imitation learning-based approaches
and is surpassed only by our approach. Therefore, we select
modified ACT as a baseline for grasping tests under the same
experimental conditions, providing a reference for assessing
the robustness and generalization capabilities of our TK-STGN
approach.

While testing with random invalid tactile pads, three channels
are randomly turned OFF in each grasping trial to simulate data
loss caused by tactile sensor damage or contact position shifts.
As shown in Fig. 15, the range of random approach angles
includes variability in pitch angles for side grasps and both pitch
and roll angles for top-down grasps. In the random initial posture
setting, each finger of the robotic hand is initialized to a random
angle between 70◦ and 85◦ before grasping. As for random place-
ment positions, the initial position of the robotic hand remains
consistent, while the target object is randomly positioned within
a defined area, as illustrated in Fig. 16. The random placement
areas for side and top-down grasps are specifically configured
to ensure that the manipulated objects remain within the robotic
hand’s operational range. The random placement positions and
approach angles simulate the effects of perception and execution
errors on the initial grasp state when the robotic arm transitions
to the preset grasping position.

The SRs in different randomized setups are shown in
Table V. The SRs are calculated based on 15 grasps per object,
totaling 150 grasps per setup. Compared to the baseline setup,

Fig. 16. Region for random placement of the grasped object (top-down view).
The random selection region is determined by the grasping mode and the size of
the robotic hand and manipulated objects. The approximate size of the touchable
boundary marked in the figure is based on on-site measurements of the Inspire
robotic hand.

TABLE V
SRS UNDER RANDOMIZED SETTINGS

the random invalid pads have little to no impact on the SR of
our approach. However, for the Modified ACT approach, which
shares the same input–output structure and demonstration data
as our method, the SR drops significantly under the random
invalid tactile pads setup. This highlights that the modified
ACT method is more sensitive to disrupted sensory information,
whereas our approach maintains robust performance in such
scenarios, thanks to TK-STGN’s ability to handle individual
anomalous inputs. In addition, in other randomized experimental
settings, the SRs reduction for the modified ACT method is also
significantly greater compared to our approach.

In the case of random approach angles, our approach main-
tains a high level of grasp success because our proposed kines-
thetic feature representation is unaffected by end-effector orien-
tation perturbations. Random initial postures also affect the SR.
Still, the impact is limited since our demonstration process does
not require identical initial postures, which indicates that our
demonstration data already includes the corresponding action
strategies. In comparison, the variability in placement positions
exerts the most significant impact on the grasp SR. The decline in
SR is attributed to the difficulty in establishing force equilibrium
due to the variability in placement positions. Such variability
can cause the object to deviate from the robotic hand’s grasp-
ing center or position it near the boundaries of the reachable
workspace, thereby complicating the achievement of a stable
force balance. Despite these challenges, TK-STGN approach
manages to achieve a grasp SR of 86.67%. Fig. 17 illustrates
the final states of the selected successful grasps under random
conditions, including the distribution of contact forces at the
corresponding moments.

In addition, we test the generalization ability of our approach
on different robotic hands, and the SRs are listed in Table VI. We
also test the SR when blocking the proprioception and motion of
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Fig. 17. Successful grasps under random setups. The labeled locations represent tactile sampling pads that are randomly masked.

Fig. 18. Successful grasps with different robotic hands. Key dimensions and the number of actuated DoF of each hand are labeled.

TABLE VI
SRS USING DIFFERENT ROBOTIC HANDS

individual fingers. Comprehensively, our cross-platform gener-
alization evaluation encompasses six distinct robotic hand con-
figurations. This evaluation involves variations across robotic
platforms, the number of actuated DoF, the number of fingers,
and left/right-handed variants of identical models. When em-
ploying different robotic hands, we only need to fine-tune the
relevant parameters of the force-position hybrid mapping to
ensure that the output dimensions and data format align with
the control commands of the robotic hand.

Fig. 18 illustrates successful grasps achieved with various
robotic hands, with the key dimensions and the number of
acutated DoF labeled in the figure. The comparison of the SRs
demonstrates that our approach exhibits strong generalization
capabilities across different robotic hands. Our approach main-
tain relatively high grasp SRs even when proprioception and
motion of 1–2 fingers are blocked. In contrast, the performance
of the modified ACT method shows a more significant decline
under these conditions, highlighting its sensitivity to robotic

hand configuration changes and inhibited finger functionality.
Notably, the RY-H1 Hand8 and Ti5 Hand9 achieve higher grasp
SRs than the Inspire Hand in some configurations due to their
larger finger length proportion, which facilitates the envelop-
ment of grasped objects.

In summary, our approach demonstrates strong robustness to
randomized experimental settings and superior generalization
capability across different robotic hand configurations, signifi-
cantly outperforming the modified ACT method. The robustness
tests indicate that our approach can achieve reliable grasping per-
formance even with a certain level of perception and execution
errors. Meanwhile, the generalization tests show that for grasp-
ing tasks, our approach can adapt to changes in robotic hand
configurations without the need for recollecting demonstration
data or retraining the model.

VI. DISCUSSION

A. Training With Expanding Datasets

Here, we explore the relationship between the training set
scale and its impact on grasp success and model generalization.
Table VII lists the objects included in each training set, along
with the number of successful attempts and SRs for the seen and
unseen objects. Notably, the data for the carambola is derived
from the same demonstrator using both the left and right hands;
the data for the football is sourced from a male demonstrator

8[Online]. Available: http://ruirobot.cn/index.asp
9[Online]. Available: https://www.ti5robot.com/en/
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TABLE VII
CHANGES IN SR WITH EXPANDING TRAINING DATASETS

with a hand length of 18.5 cm and a female demonstrator with
a hand length of 15.5 cm.

As observed in Table VII, adding new objects to the training
set improves grasp SRs not only for those objects but also for
others with similar properties, such as size, grasp mode, and
hardness. Notably, incorporating demonstration data from both
left and right hands, as well as from diverse demonstrators,
leads to a steady increase in SRs for unseen objects and over-
all performance. This highlights the compatibility of our data
glove and kinesthetic–tactile representation with heterogeneous
demonstrations. Moreover, the developed demonstration dataset
for generalizable grasping demonstrates significant potential for
large-scale expansion.

The fluctuations in SRs as the training set expands are primar-
ily observed with objects such as pitaya, carambola, football,
and jar. These objects present greater challenges for grasping,
making their SRs particularly sensitive to the expanding dataset.
Specific difficulties include insufficient friction during top-down
grasps due to deformable characteristics (pitaya), inconsistent
tactile feedback caused by irregular shapes leading to random
contact points (carambola), limited contact area due to small
size (football), and a tendency to slip due to slippery surfaces
(carambola and jar).

B. Role of Tactile Feedback in Grasping

Tactile perception plays a crucial role in human grasping,
especially when visual feedback is unavailable. Our approach
achieves successful grasping-based solely on real-time proprio-
ceptive sensory inputs without any prior knowledge or visual
observation of the objects. It ensures effective contact force
management and finger coordination, achieving performance
that closely resembles human-hand grasping.

As shown in Table IV and Figs. 13 and 14, the grasp SRs
for K-GCN and T-GCN are comparable when relying solely on
kinesthetic or tactile perception, respectively. However, T-GCN
demonstrates superior contact force management, evidenced by
smaller FEM values and a narrower, more concentrated contact
force distribution during repeated grasps on specific objects.
When both tactile and kinesthetic perceptions are integrated, the
grasp SR significantly increases, and contact force management
is also improved. This enhancement is attributed to the combined
information from contact force and joint angle variations, which
provides a reliable estimation of the object’s hardness or elastic
modulus, thereby facilitating more effective adjustments to the
grasp strategy. The comparison between GenDexGrap and our
approach also highlights the key influence of real-time tactile

feedback. In addition, the comparison in Table III between our
approach and the Modified MULSA suggests that real-time
visual feedback is optional once the robotic hand has been guided
to a suitable pregrasp position.

However, our approach utilizes a reduced-dimensional yet
reasonable tactile representation, emphasizing the critical role
of low-dimensional full-hand tactile feedback in grasping. Com-
pared to our tactile representation, human tactile perception
exhibits higher density and includes additional capabilities,
such as thermal detection and lateral shear strain perception.
These capabilities are essential for implementing more complex
dexterous manipulation with robotic hands.

C. Generalizability and Robustness of Our Approach

We demonstrate the generalization and robustness of our
method in four aspects: compatibility with different demonstra-
tors, various objects, random experimental setups, and different
robotic hands. Due to our motion representation based on polar
coordinates, which account for the skeletal models of different
demonstrators’ hands, our method can extract universal motion
experience from the grasps of diverse demonstrators. Results
in Table VII confirm our method’s compatibility with different
demonstrators. While training with five objects, our approach
reliably grasps at least 20 objects with varying shapes, masses,
and hardness. In addition, we test our method by grasping clay
specimens. Based on the DCD comparison shown in Table III
and Fig. 12, we show that our approach can achieve reliable
grasps with minimal deformation of the object’s shape. Sec-
tion V-E validates our approach’s robustness to various random
experimental conditions and its generalization capability across
different robotic hands. Even when some fingers are disabled,
i.e., when the five-fingered hand is reconstructed into four-
or three-fingered hands, our approach adapts effectively while
maintaining a high SR.

We further evaluate our approach on several practical grasp-
based tasks, including grasping and passing a raw egg, filling
and passing a bottle, grasping a leaking balloon, and grasping an
explosive. Fig. 19 illustrates the task execution process and the
corresponding contact force distribution at different moments.
Specifically, grasping and passing a raw egg tests the grasp
force management for small, fragile objects under the distur-
bance caused by robotic arm movements. The water filling and
passing task examines the grasp’s robustness under changing
object mass and arm-induced disturbances. Grasping a leaking
balloon evaluates the compliance of the grasp and the ability
to dynamically manage contact forces. Grasping an explosive
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Fig. 19. Grasp-based task execution processes and the corresponding contact force distribution.

assesses the reliability of the grasp and force management under
specialized grasp postures. As shown in Fig. 19, our approach
successfully completed all these tasks, demonstrating reliable
grasps with well-coordinated finger movements and appropriate
contact force management throughout the process. These results
highlight the robustness and generalization capabilities of our
approach in real-world application scenarios. More details are
shown in the video of the Supplementary Material.

D. Limitations and Future Works

As a preliminary exploration of glove-mediated skill transfer
via proprioceptive feedback, multimodal graph representation,
and natural human demonstrations, our approach exhibits lim-
itations in four aspects: i) sparse tactile sensing, ii) simplified
motion representation, iii) hardware-specific tuning challenges,
and iv) constrained task design.

i) Our current approach uses sparse tactile sampling points
that only measure normal contact forces. Such sparse
sensing does not fully capture the richness of human-
tactile sensation, which includes the ability to sense
vibration, temperature, deformation, and lateral strain.
However, we have verified that extracting the spatial topo-
logical correlation of sparse but palm-wide distributed
tactile features also contributes to improved grasping
performance. Specifically, the sparse tactile representa-
tion simplifies the learning problem, emphasizes the role
of spatial topological features, and reduces the amount
of demonstration data needed. Future improvements in
mimicking human-like tactile feedback could be sup-
ported by commercial advancements in the development
of denser, miniaturized, and modular tactile sensors. We
plan to integrate these advanced high-density tactile sen-
sors (e.g., BioTac or GelSight) with a hierarchical graph
structure, where local tactile patterns are processed via
convolutional operators or weighted edges to capture fine-
grained spatial relationships, before being incorporated
into higher level vertices for skill transfer.

ii) For grasping-centric tasks, we exclude the motion repre-
sentation for finger abduction and adduction (except for
the thumb), thereby accelerating training and enhancing
robustness. However, a more detailed and precise motion

representation could be beneficial for supporting complex
manipulation, particularly for multi-DoF robotic hands
advance.

iii) We set TK-STGN’s outputs as the desired joint angles
and contact forces, which simplifies training and en-
ables cross-platform transfer without data recollection
and model retraining. However, current force-position
hybrid mapping requires manual parameter tuning spe-
cific to the hardware. We plan to replace this with an
optimization-based procedure for matching finger pose
and contact force for adaptive mapping.

iv) Our validation focused solely on grasping with prepo-
sitioned hands. Future implementations may consider
incorporating in-hand manipulation/adjustment tasks or
integrating arm motion planning and multihand coordi-
nation.

In summary, our future work will focus on advancing glove-
mediated skill transfer through high-density multimodal tac-
tile sensing upgrades, fine-grained motion representation re-
finements that encompass full dexterous movements of human
hands, and integrated arm-hand coordination for complex ma-
nipulation. In addition, we will complete a comprehensive grasp
evaluation using the YCB dataset [47] and develop a rigorous
benchmark.

VII. CONCLUSION

In summary, we develop a glove-mediated grasp skill
transfer framework based on imitation learning that enables the
transition from human proprioceptive operation to robotic hand
manipulation. We integrate a data glove to collect kinesthetic
and tactile features applicable to both human and robotic
hands. Moreover, we propose a unified graph-based multimodal
feature representation method. By leveraging human hand grasp
demonstration data and the TK-STGN, our approach enables
grasping objects with various properties, including deformable,
slippery, and deformable ones. Comparative experiments
illustrate the advantages of our approach in terms of grasp
SR, finger coordination, contact force management, as well
as both grasp and computational efficiency. The results show
that learning from natural human operations and the interaction
between human hands and the real-world environment is
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both effective and efficient in achieving reliable grasping.
In addition, ablation studies highlight the crucial role of
tactile feedback in ensuring successful grasping and effective
force management. Furthermore, our approach exhibits strong
robustness to randomized experimental settings, indicating that
it achieves reliable grasping performance even in the presence
of certain levels of perception and execution errors. Meanwhile,
generalization tests demonstrate that our approach can adapt to
different robotic hand configurations for grasping tasks without
the need to recollect demonstration data or retrain the model.
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