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Abstract— We propose ViTacGen, a novel robot manipulation
framework designed for visual robotic pushing with vision-
to-touch generation in reinforcement learning to eliminate
the reliance on high-resolution real tactile sensors, enabling
effective zero-shot deployment on visual-only robotic systems.
Specifically, ViTacGen consists of an encoder-decoder vision-to-
touch generation network that generates contact depth images,
a standardized tactile representation, directly from visual image
sequence, followed by a reinforcement learning policy that fuses
visual-tactile data with contrastive learning based on visual and
generated tactile observations. We validate the effectiveness of
our approach in both simulation and real world experiments,
demonstrating its superior performance and achieving a success
rate of up to 86%.

I. INTRODUCTION

Robotic pushing is a fundamental manipulation task that
requires tactile feedback to capture subtle contact forces and
dynamics between the end-effector and the object [1], [2].
Howeyver, real tactile sensors often face hardware limitations
such as high costs and fragility [3], [4], and deployment
challenges involving calibration and variations between dif-
ferent sensors [5], while vision-only policies struggle with
satisfactory performance [6].

Humans, in contrast, have the remarkable ability to infer
tactile states from visual information [7]. Inspired by this, we
propose ViTacGen, a novel robot manipulation framework
designed for visual robotic pushing with vision-to-touch gen-
eration in reinforcement learning to eliminate the reliance on
high-resolution real tactile sensors. Specifically, our method
introduces two key components: an encoder-decoder vision-
to-touch generation network VI-Gen that synthesizes tactile
contact depth images [5], a standardized tactile representa-
tion, directly from visual image sequence, and an RL network
VT-Con that learns robust policies through feature fusion
and contrastive learning based on visual and generated tactile
observations. Our ViTacGen is trained in simulation by two
steps: (1) training VT-Gen to generate tactile contact depth
images on paired visual and tactile data collected from expert
trajectories by a pre-trained RL network [8] with visual and
tactile observations, and (2) incorporating the frozen VT-
Gen to train VT-Con based on visual and generated tactile
observations. ViTacGen can perform zero-shot deployment
on visual-only robotic systems, which eliminates the reliance
on high-resolution real tactile sensors but still captures subtle
dynamics and interactions between the end-effector and the
object. Additionally, we solve the problem of manufacturing
variations across different tactile sensors using contact depth
maps as a standardized tactile representation. We conduct
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extensive experiments in both simulation and real world set-
tings to validate the effectiveness of the proposed framework.
The results demonstrate that ViTacGen achieves superior
performance, achieving a success rate of up to 86% and
outperforming baseline methods.

II. METHODOLOGY

As illustrated in Fig. 1, our proposed ViTacGen frame-
work comprises two key components: VT-Gen for encoder-
decoder vision-to-touch generation and VT-Con to learn ro-
bust policies through feature fusion and contrastive learning
based on visual and generated tactile observations.

A. VTGen: Encoder-decoder Vision-to-touch Generation

Humans have the remarkable ability to infer tactile states
from visual information [7]. Inspired by this, we propose
a VT-Gen for encoder-decoder vision-to-touch generation to
infer the tactile sensation of the contact region directly from
a image sequence of visual input. As depicted in Fig. 1
(a), given a visual image sequence V = {vi,...,vn}, it
is processed by VI-Gen to generate a current tactile contact
depth image c9¢"*, which is then repeated N times to form
a generated tactile contact depth sequence C with N frames
to align with the length of the visual sequence, serving as
the tactile observation for VT-Con.

B. VI-Con: RL with Visual-Tactile Contrastive Learning

1) Feature Extraction: As shown in Fig. 1 (b), we con-
sider the visual sequence V = {vy, ..., vy} for visual obser-
vation, and the generated tactile sequence C = {c1,...,cn}
for tactile observation, where N denotes the number of
frames in the visual and tactile sequences, respectively, em-
pirically set to 3 for capturing the velocity and acceleration
information. Each element v; or ¢; is represented as a tensor
resized to the same dimension RZ*WXC where H, W, and
C correspond to the height, width, and channel count of
the frames. To extract features from the visual and tactile
inputs, we first concatenate V' and C respectively along
their channel dimensions. Then, we employ two structurally
identical Convolutional Neural Networks (CNNs) £V and £¢
as encoders for the visual and tactile modalities, resulting in
a visual feature map f* and a tactile feature map f°.

2) Contrastive Learning between Vision and Touch: In
order to more efficiently fuse the encoded visual and tactile
features f* and f°, we optimize £ and £¢ with Momentum
Contrast (MoCo) [9] for contrastive learning between vision
and touch, inspired by [8].
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(b) VT-Con: Reinforcement Learning with Vision-to-Touch Generation

The workflow of our proposed ViTacGen comprises two components: a VI-Gen for vision-to-touch generation, and a VT-Con for reinforcement

learning on visual and generated tactile contact depth images with contrastive learning.
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Demonstration of ViTacGen in real world scenarios, where we present a tea box and a mug with a curve (sine) trajectories. The trajectories are

visualized in simulation and projected onto both simulated and real world environments to demonstrate the system’s performance.

3) Attention-based Visual-Tactile Feature Fusion: We in-
troduce an attention-based visual-tactile feature fusion oper-
ation [10], to integrate f” and f°, which can be formulated
as follows:

P10 = CLAT (f°, F9) o AT (S £ Jwo, (D)
where f/"* refers to the fused feature map. Along with the
fused feature map f/“*¢, the flattened and MLP-processed
proprioception, i.e., robot’s TCP coordinates, are concate-
nated to form the complete observation vector for robot
reinforcement learning and can be compatible with various
RL algorithms, such as SAC and PPO.

III. EXPERIMENTS

To validate the effectiveness of ViTacGen, we conducted
comprehensive evaluations in both simulated and real world
environments. Our simulation experiments were performed
using Tactile Gym 2 [5]. For our VI-Gen, we collect visual
and tactile data from 1,000 manipulation sequences and train
our model for 200 epochs with a batch size of 64, splitting the
data in a ratio of 7:2:1 for training, validation, and testing.
For VT-Con, we employ the Soft Actor-Critic (SAC) [11]
algorithm from Stable Baselines 3 [12] as our RL backbone,
with a max episode length of 350. We train our model for

1,000,000 time-steps with a batch size of 64 and a buffer
size of 20,000 for experience replay. The success termination
criterion is defined as the distance between the object center
and the goal center being less than 2.5 cm. For optimizer
we employ Adam [13], with a learning rate of le-4, and an
epsilon value of le-8. We provide qualitative results in Fig.
2. More results are available in our demo videos.

IV. CONCLUSION

This paper presents ViTacGen, a novel robot manipulation
framework designed for visual robotic pushing with vision-
to-touch generation in reinforcement learning to eliminate the
reliance on high-resolution real tactile sensors, inspired by
human’s remarkable ability of predicting tactile states from
vision to optimize manipulation. Specifically, we introduce
an encoder-decoder vision-to-touch generation network that
generates contact depth images, a standardized tactile rep-
resentation, directly from visual image sequence, followed
by a reinforcement learning policy that fuses visual-tactile
data with contrastive learning based on visual and generated
tactile observations. ViTacGen enables zero-shot deploy-
ment on visual-only robotic systems. We conduct extensive
evaluation in both simulated and real world environments,
demonstrating the effectiveness of our proposed methods.
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