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Abstract— Tactile feedback is essential for dexterous ma-
nipulation, but most learned tactile representations rely on a
single sensing modality. We propose a heterogeneous tactile
graph representation that unifies multimodal tactile observa-
tions across a robotic hand. Our system combines vision-based
tactile sensors on the fingertips with uSkin magnetic tactile
sensors on the palm, capturing both fine contact structure and
distributed force information. These signals are structured as
a graph aligned with the hand and processed using a graph
convolutional network and masked autoencoder to produce
a compact tactile embedding. Pre-trained on play data from
30 objects, the representation achieves near-perfect object
classification across eight cup variants and shows structured
latent transitions during teleoperated manipulation.

I. INTRODUCTION

Humans rely heavily on tactile feedback during dexterous
manipulation. The fingertips contain much higher densities
of mechanoreceptors than the palm, enabling fine tactile
discrimination, while the palm provides broader contact
information during grasping [1]. Despite advances in per-
ception and control, dexterous manipulation remains difficult
for multi-fingered robot hands in unstructured environments.
Although vision improves object recognition and pose esti-
mation, it cannot directly capture contact-level signals such
as force distribution, friction, or slip. Tactile sensing is
therefore critical for robust manipulation.

Many tactile sensing modalities have been developed to
capture different aspects of contact. Vision-based tactile
sensors provide high spatial resolution and capture fine
surface deformation and texture [2]-[9], while sparse taxel-
based sensors—including piezoelectric [10], [11], capaci-
tive [12], [13], and magnetic tactile sensors [14], [15]—
are well suited for measuring force-related signals such as
contact pressure and distributed forces. Learning effective
tactile representations is therefore essential for contact-aware
manipulation. Prior work, however, mainly focuses on a
single sensing modality. Vision-based tactile sensing often
uses pretrained encoders or self-supervised representations
[16], and has also been fused with vision through contrastive
or cross-attention methods [17]. In contrast, sparse taxel-
based sensing commonly relies on canonical representations
[18], 3D spatial encodings [19], or pretraining strategies
for low-dimensional tactile signals [20], [21]. Methods that
jointly model heterogeneous tactile modalities remain largely
unexplored.
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Fig. 1: Heterogeneous tactile graph representation combining
taxel-based and vision-based tactile sensing.

Inspired by the heterogeneous sensing of the human hand,
we propose a heterogeneous tactile graph representation that
unifies tactile observations from multiple sensing modalities.
Our system combines uSkin magnetic tactile sensors [14]
on the palm with custom vision-based tactile sensors on the
fingertips (See Appendix I). These multimodal observations
are structured as a graph aligned with the physical layout
of the robotic hand and processed with a graph convolution
network to learn a unified tactile embedding. We evaluate
the representation on object classification across multiple
cup variants and analyze its behavior during teleoperated
manipulation.

II. HETEROGENEOUS GRAPH REPRESENTATION

We model tactile sensing across the robotic hand as a het-
erogeneous graph that reflects both the spatial layout of the
hand and the sensing modalities of the sensors. The system
integrates two types of tactile sensing: high-resolution vision-
based tactile sensors mounted on the fingertips and magnetic
tactile sensors distributed across the palm. Each vision-based
tactile sensor produces images with a resolution of 680 x 480.
To reduce dimensionality while preserving spatial contact
structure, each image is encoded by a convolutional neural
network (CNN) into a 16 x 12 feature map. Each spatial
location in this feature map is treated as a graph node,
resulting in 192 nodes per fingertip sensor.

The Allegro hand is equipped with four fingertip sensors,
producing 4 x 192 = 768 fingertip nodes. In addition, the
palm contains 248 uSkin magnetic taxels, each measuring
tri-axial force (fs, fy, f-), and each taxel is treated as an
additional graph node. Combining both modalities yields
a heterogeneous tactile graph with 768 + 248 = 1016
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Fig. 2: Overview of the proposed heterogeneous tactile graph representation.

TABLE I: Object classification performance.

Class Precision  Recall F1-score
Original Cup 1.000 1.000 1.000
Standard Cup 0.988 0.995 0.992
Low-Poly Cup 0.999 1.000 0.999
Cup with Double Strip Deformation 1.000 1.000 1.000
Cup with Single Strip Deformation 1.000 0.952 0.975
Polygonal Cup 0.954 1.000 0.976
Wavy Cup 1.000 1.000 1.000
Wavy Twisted Cup 1.000 0.982 0.991

nodes. Edges are defined according to spatial proximity and
the kinematic structure of the hand, allowing neighboring
tactile elements to exchange information across both local
contact regions and larger hand-level structure. The graph is
processed by a graph convolutional network (GCN), and the
resulting latent representation is further compressed using a
masked autoencoder to form the final heterogeneous tactile
embedding. This embedding is designed to capture both fine
local contact structure from the fingertips and distributed
force information from the palm. The encoder is pre-trained
using play data collected from interactions with 30 objects,
and during downstream tasks the encoder is frozen while
task-specific heads are trained for applications such as object
classification.

III. EXPERIMENTS

A. Object Classification

We evaluate the learned representation on an object classi-
fication task using eight cup variants with different geometric
deformations. During data collection, the robotic hand in-
teracts with each object through grasping and manipulation
motions, allowing both fingertip and palm sensors to capture
contact signals. The frozen GCN encoder produces a tactile
embedding that is used as input to a lightweight classification
head. Table [[] reports the per-class precision, recall, and F1-
score. The results show near-perfect performance across most
object variants, suggesting that the heterogeneous tactile
representation effectively captures geometric and contact-
related differences between them. Future work will extend
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Fig. 3: Frames from a teleoperated manipulation sequence
and the corresponding tactile latent space.

this evaluation to broader material understanding tasks in-
volving texture and hardness.

B. Latent Space Analysis During Manipulation

To analyze how the learned embedding evolves during
manipulation, we examine teleoperated demonstrations col-
lected using a motion capture glove for the Allegro hand and
a downsized leader device for arm control [22] and real world
robot setup described in Appendix II. The heterogeneous
graph encoder is pre-trained on play data from 30 objects and
frozen during evaluation. Figure 3] shows a PCA visualization
of the tactile latent space during a manipulation sequence in
which the hand grasps a cup, opens the lid using the thumb
and index finger, and pours its contents. Before contact,
the latent representation remains compact. When the palm
first contacts the cup, the embedding begins to separate into
more structured regions. As the fingertips engage in the lid-
opening and pouring actions, the latent trajectory spreads
further in the embedding space. These results suggest that the
learned heterogeneous tactile representation captures mean-
ingful contact transitions during manipulation by integrating
distributed palm forces with fine fingertip contact structure.

IV. CONCLUSION

We propose a heterogeneous tactile graph representation
integrating vision-based fingertip and magnetic palm sens-



ing.

Experiments on object classification and manipulation

demonstrate its effectiveness. Future work will extend to
texture and material classification and analyze its impact on
policy learning.
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APPENDIX I. VISION-BASED TACTILE SENSOR
FABRICATION

The vision-based tactile sensor mounted on the fingertip
was fabricated using readily available materials. The sensor
consists of a soft contact surface, an internal marker layer,
and an embedded camera for capturing deformation patterns
during contact. This design enables high-resolution tactile
observation at the fingertip.

Details of the sensor structure are shown in Fig. ]

Fig. 4: Fabrication breakdown of customized vision-based
tactile sensor.

APPENDIX II. SYSTEM SETUP

The overall experimental setup is shown in Fig.[5] The sys-
tem consists of URS5e robot arm and Allegro hand equipped
with vision-based tactile sensors on the finger tip, and taxel-
based uSkin tactile sensor on the palm.

Camera x 2
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+ 6DOF Joints
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Fig. 5: Experimental system setup.
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