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Abstract—Visuo-tactile perception is crucial for contact-rich
manipulation, yet scalable tactile data collection and standardized
policy evaluation remain difficult due to hardware cost, sensor
heterogeneity, and limited benchmarks. We present UniVTAC,
a simulation-based framework for visuo-tactile data generation,
representation learning, and benchmarking. UniVTAC supports
multiple optical tactile sensors, tactile-aware manipulation prim-
itives, and privileged physical annotations such as marker-free
tactile images, depth maps, marker displacements, and object
poses. It further provides eight contact-rich manipulation tasks
spanning shape perception, pose reasoning, and contact-rich
interaction. As a proof of utility, we pretrain a visuo-tactile
encoder from simulation-generated data and integrate it into
policy learning. Experiments show that UniVTAC improves
average success from 30.9% to 48.0% in simulation and from
43.3% to 68.3% in real-world tasks.

Index Terms—visuo-tactile perception, simulation, benchmark,
robotic manipulation

I. INTRODUCTION

Visuo-tactile perception is critical for contact-rich manipula-
tion, where visual observations are often limited by occlusion,
close-range depth noise, and the lack of direct contact-state
feedback. Tactile sensing provides complementary information
about local geometry, deformation, and relative motion, en-
abling policies to detect misalignment and perform corrective
actions during insertion, alignment, and grasping.

Despite recent progress in tactile sensor simulation [1]–
[8] and simulation-based robot learning [9]–[17], scalable
infrastructure for visuo-tactile manipulation remains under-
developed. Real-world tactile data collection is costly and
difficult to standardize across sensors, while existing manip-
ulation benchmarks provide limited support for tactile-rich
contact dynamics and unified evaluation. This limits both
tactile representation learning and fair comparison of tactile-
driven policies.

We propose UniVTAC, a unified simulation framework
for visuo-tactile data generation, representation learning, and
benchmarking. UniVTAC supports three optical tactile sensors,
provides tactile-aware manipulation primitives, and generates

privileged physical annotations including marker-free tactile
images, depth maps, marker displacements, and object poses.
Based on these signals, we pretrain a visuo-tactile encoder and
evaluate it on an eight-task contact-rich benchmark. Experi-
ments show that the pretrained encoder improves the average
simulation success rate from 30.9% to 48.0%, and improves
real-world success from 43.3% to 68.3%.

Our contributions are: (1) a unified visuo-tactile simulation
framework for scalable tactile data generation; (2) a privileged-
supervision pipeline for tactile-centric representation learning;
and (3) an eight-task contact-rich simulation benchmark that
enables systematic and reproducible evaluation of visuo-tactile
manipulation policies.

II. UNIVTAC

UniVTAC is an end-to-end simulation framework for visuo-
tactile manipulation, covering sensor simulation, tactile-aware
data generation, representation learning, and policy evaluation.

Platform and data generation. Built upon TacEx [4]
and Isaac Sim [20], UniVTAC extends soft-body visuo-tactile
simulation to three visuo-tactile sensors: GelSight Mini [21],
ViTai GF225 [22], and Xense WS [23]. The sensor geometry,
camera intrinsics, gelpad mesh, and rendering configuration
are modeled in a modular manner, allowing the same manip-
ulation pipeline to be evaluated across different tactile hard-
ware. To enable scalable data collection, UniVTAC provides
atomic manipulation primitives including Grasp, Move, Place,
Probe, and Rotate. In particular, Grasp and Probe use tactile-
reactive feedback to avoid unrealistic penetration and produce
physically meaningful contact observations.

Privileged supervision and encoder pretraining. A key
advantage of simulation is access to physical signals that
are difficult to obtain in the real world. UniVTAC records
raw marker-based tactile images together with marker-free
tactile images, gelpad depth maps, marker displacements, and
object poses in the gelpad frame. These privileged anno-
tations supervise three complementary perception pathways:
shape reconstruction, contact deformation prediction, and pose
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Fig. 1. Overview of our UniVTAC platform.

TABLE I
UNIVTAC BENCHMARK. WE REPORT THE SUCCESS RATES AND AVERAGE PERFORMANCE OF ACT WITHOUT TACTILE INPUT, VITAL, AND ACT WITH

THE UNIVTAC ENCODER (OURS) ACROSS THE EIGHT TASKS IN THE UNIVTAC BENCHMARK. (BEST, SECOND-BEST)

Method Lift Bottle Pull-out Key Lift Can Put Bottle in Shelf Insert Hole Insert HDMI Insert Tube Grasp Classify Average

ACT [18] 42.0 28.0 20.0 28.0 19.0 15.0 45.0 50.0 30.9
VITaL [19] 72.0 47.0 8.0 32.0 25.0 6.0 34.0 100.0 40.5
Ours 71.0 46.0 29.0 31.0 24.0 28.0 56.0 99.0 48.0

regression. As shown in Fig. 1, the UniVTAC Encoder is
pretrained with these auxiliary objectives, while the decoder
heads are discarded during policy learning, introducing no
additional inference-time overhead.

Contact-Rich Manipulation Benchmark. UniVTAC fur-
ther provides an eight-task benchmark for evaluating tactile-
dependent manipulation policies. As shown in Fig. 1, the tasks
are organized into three categories: shape perception, where
Grasp Classify requires inferring object geometry from tactile
observations; pose reasoning, where Lift Bottle, Lift Can,
and Put Bottle in Shelf require estimating object pose and
relative spatial relationships; and contact-rich interaction,
where Insert Hole, Insert Tube, Insert HDMI, and Pull Out Key
require fine-grained alignment and contact-based correction.
To make tactile observations informative, expert trajectories
include pose randomization and corrective behaviors, produc-
ing diverse contact patterns rather than near-perfect collision-
free motions.

III. EXPERIMENTS

We evaluate whether UniVTAC-generated data and privi-
leged supervision improve downstream manipulation. In sim-
ulation, we compare ACT [18], VITaL [19], and ACT aug-
mented with the UniVTAC Encoder on the eight-task UniV-
TAC Benchmark. All policies are trained with 50 automatically
collected demonstrations per task and evaluated over 100

rollouts. As shown in Table I, UniVTAC improves the average
success rate from 30.9% for vision-only ACT to 48.0%, and
also outperforms the visuo-tactile pretraining baseline VITaL,
which achieves 40.5%.

We further evaluate the sim-to-real transfer of the UniVTAC
Encoder on three real-world tasks using the ViTai GF225
visuo-tactile sensor: Insert Tube, Insert USB, and Bottle Up-
right. The UniVTAC Encoder is first pretrained purely in
simulation with privileged supervision, and is then integrated
into ACT and trained on real-world demonstrations together
with the policy. The results show that ACT with the UniVTAC
Encoder improves the average real-world success rate from
43.3% to 68.3% compared with the vision-only ACT baseline,
demonstrating the effectiveness of the simulation-pretrained
tactile encoder for real-world contact-rich manipulation.

IV. CONCLUSION

We introduced UniVTAC, a unified simulation framework
for scalable visuo-tactile data generation, representation learn-
ing, and benchmarking. By combining visuo-tactile sensor
simulation, privileged physical supervision, and eight contact-
rich manipulation tasks, UniVTAC enables systematic evalua-
tion of tactile-driven policies. Experiments in simulation and
on real robots show that UniVTAC-pretrained representations
improve manipulation success, highlighting the potential of
simulation-based tactile data for contact-rich robot learning.
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