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Abstract— Deep reinforcement learning (DRL) has achieved
remarkable success in robot control. However, DRL with tactile
feedback still faces challenges in contact-rich tasks involving
visual occlusion or high-speed dynamics. The challenges stem
from two primary sources. First, the complexity and diversity
of real-world tactile sensors make them difficult to simulate and
transfer to reality. Second, existing high-fidelity simulators are
often too computationally intensive for large-scale DRL, forcing
a trade-off between accuracy and speed. To address this, we
design a high-speed tactile simulation model for tactile arrays
enabling efficient, large-scale DRL training on GPUs. We then
propose the Contrastive Tactile (ConTact) framework, which
leverages contrastive learning to align tactile features for sim-
to-real transfer. ConTact employs a dedicated spatiotemporal
encoder that explicitly models temporal changes to capture
the dynamic features of contact events. We then validate it on
two kinds of manipulation tasks, Single and Composite Object
Tracking (SOT/COT), which rely solely on tactile information
and proprioception. Moreover, policies trained with ConTact
from simulation are directly deployed in the real world without
finetuning, achieving zero-shot transfer.

I. INTRODUCTION

Deep Reinforcement Learning (DRL) has emerged as
a paradigm in robotic control, enabling robots to learn
complex behaviors through environmental interaction and
achieving remarkable success in various scenarios, such as
agile locomotion [1], autonomous navigation [2], and dex-
terous manipulation [3]. However, these successes often rely
on vision, which falters in contact-rich scenarios involving
object occlusion, delicate handling, or high-speed sliding [4],
[5]. Incorporating tactile feedback into DRL can improve
performance in these contact-rich tasks. Thus, reliable tactile
hardware, fast high-fidelity tactile simulation, and robust sim-
to-real transfer are crucial for robot control.
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Reliable tactile hardware is the foundation for dexter-
ous manipulation. Early sensors can measure global forces
accurately [6], but they often fail to capture the pressure
distribution and multi-point interactions. To address these
challenges, researchers develop advanced tactile hardware,
including tactile sensor arrays and artificial skins. However,
the diverse sensing principles, such as resistive, capacitive,
and vision-based [7], [8], lead to a lack of a universal
simulation modeling paradigm.

Furthermore, a fast and reliable tactile simulation method
is crucial for large-scale DRL training, providing massive
tactile data while avoiding hardware drawbacks—such as
high cost, fragility, and poor data stability [8]. Currently,
mainstream simulated tactile sensors fall into two cate-
gories: Finite Element Method (FEM)-based (e.g., TacSL [9],
TACTO [10], Taxim [11] and Taccel [12]) and penetration-
based. While highly realistic, the intensive computational
overhead of FEM makes it prohibitively slow for DRL
training. To improve speed, MuJoCo MJX [13], IsaacGym
[14], and IsaacLab [15] utilize the penetration depth of
colliding geometries to estimate contact forces. However,
large-scale deployment of tactile sensors is impractical in
contact-rich tasks, as detecting all contact points imposes
huge computational pressure on DRL training.

More importantly, bridging the sim-to-real gap remains
a primary bottleneck for tactile-driven dexterous manipu-
lation. Ding et al. [16] address this by simplifying tactile
information to binary signals, which improves computational
efficiency and bypasses the need for a precise tactile model.
In contrast, some studies enhance tactile model robustness
and high fidelity through domain randomization [17] and
system identification [18]. However, for contact-rich tasks,
the key features captured by real tactile sensors—such as
contact force distribution, surface texture details, and object
deformations—are critical for force-sensitive tasks, but are
extremely difficult to accurately model in simulation.

To solve the above problems, we first design a compu-
tationally efficient tactile simulation model. Based on this,
we then propose a pre-training Contrastive Tactile (ConTact)
framework to align the tactile features, addressing the sim-
to-real challenge in tactile signals. The key contributions of
this work are listed as follows:

« We propose a fast ray-casting tactile simulation model
in MuJoCo, boosting computational efficiency for large-
scale DRL training on GPUs.

o« We build a contrastive learning framework to bridge
the sim-to-real gap by aligning tactile features between
simulation and the real world.
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Fig. 1: The framework of our Contrastive Tactile Alignment method. (a) Our method first pre-trains tactile encoders using Contrastive Learning (left),
where paired simulation and real-world tactile sequences are processed to align their latent representations via a contrastive loss (LcT 4). (b) The Encoder
Architecture (top right) employs spatial and temporal modules to extract spatiotemporal features. (¢) For the Downstream RL Task (bottom right), we train
the policy in simulation using the Sim Encoder. This policy is then deployed zero-shot on the real robot, using the frozen, pre-trained Real Encoder to

process real-time tactile feedback.

o We design a Spatial and Temporal module to extract the
spatiotemporal feature, which is essential in dexterous
and highly dynamic manipulation tasks.

o DRL controllers trained with our ConTact framework
achieve zero-shot transfer to a physical robot, eliminat-
ing the need for real-world fine-tuning.

II. METHOD

Bridging the sim-to-real gap for tactile sensing is crucial
for robust robotic manipulation. In this section, we first
detail our novel high-speed tactile sensor simulation model,
designed to capture essential contact mechanics for large-
scale DRL training. Subsequently, we introduce the Con-
Tact framework. As depicted in Fig. 1, ConTact leverages
contrastive learning and a spatio-temporal encoder to align
tactile features across simulated and real domains, extracting
unified representations for downstream DRL tasks.

A. Tactile Sensor Array

1) Real world tactile sensor: Our experimental setup uses
a real-world 25x25 tactile sensor array, as shown in Fig. 2(a).
Each tactile element measures 8x8 mm, covering a total
detection area of 20x20 cm. This grid structure enables
the capture of pressure distributions at a fine resolution. As
depicted in Fig. 2(c), the sensor surface is integrated with 1-
mm-thick silicone and 3-mm-thick plastic foam layers, which
provide mechanical compliance and allow it to conform to
object surfaces. The sensor operates by detecting changes
in resistance under applied pressure, outputting a real-time
pressure map across a range of 500 Pa to 300 kPa.

2) Simulated tactile sensor: Our simulated tactile sensor
is modeled in MuJoCo [13], specifically utilizing its JAX-
based backend (MJX) for its high-speed, parallel processing
capabilities on GPUs. Referring to the distribution of real-
world tactile arrays, a series of detection sites is tiled D
below the contact surface, as shown in Fig. 2 (b). Each
site casts a normal ray with a maximum length of L. The
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Fig. 2: (a) The 25x25 real-world tactile sensor array. (b) Our simulation
model utilizes ray-casting; contact forces are distributed across detection
sites based on their pseudo-penetration depth d;. (c) real-world tactile tray,
and (d) simulated tactile tray.

pseudo-penetration depth d; of tactile site 7 is computed as:
d; = L — ¢;, where {; is the ray’s measured distance to the
first collision. Notably, when the ray length matches the site
depth (L = D), d; becomes equivalent the normal object’s
penetration depth. By setting L > D, our model can capture
pre-contact proximity perception, providing richer data for
control.

While pseudo-penetration depth is geometrically infor-
mative, it is not a direct measure of force. To create a
physically plausible tactile representation, our tactile model
directly utilizes the contact force! computed by the MuJoCo
physics engine. Specifically, we take the normal component
of the contact force, F'|, and distribute it across the tactile
sites. The force f; assigned to each site is weighted by its
pseudo-penetration depth d;, ensuring that sites with greater
penetration register proportionally higher force?:

d,
LY, d A0,
2.4, ’ (0

0 if Y2, d; = 0.

Our goal is not to perfectly replicate the real sensor’s elec-
trical signals, which are influenced by noise and materials.
Instead, we aim to provide a computationally efficient simu-
lation that captures the essential physical dynamics of contact
events. This model provides the robust simulation-side foun-
dation required by our subsequent contrastive framework to
effectively bridge the sim-to-real gap.

fi = wi - |FL],

w; =

B. Contrastive Tactile Alignment Framework

This section elaborates on key components of ConTact
framework: the generation of paired sim-to-real data, the
contrastive learning approach for feature alignment, and the
design of the spatio-temporal tactile encoder.

1) Pair Data Generation: To generate paired data for
contrastive learning, we record object-tray interaction data in
both simulation and the real world. For real-world data col-
lection, the robot arm tracks a set of predefined trajectories

I'The contact force is between two colliding objects, not object and tactile
sensors. The rigid body dynamic simulation system can directly provide this
force, without further computation burden.

>This model naturally extends to multi-point contact scenarios. The
simulation engine first identifies all distinct contact pairs and their rays
(identified by body IDs). We then apply the distribution process described
in Eq. (1) to each contact pair independently and then aggregate the resulting
forces at each correspond tactile site. This superposition principle allows us
to robustly model complex interaction patterns.

using a Proportional-Derivative (PD) controller at a control
rate of 50 Hz. We apply the same protocol in simulation,
but on a much larger scale, to create a comprehensive dataset
that broadly covers the real-world interactions. As detailed in
Algorithm 1, we use a sliding window over the object’s pose
data P,, obtained via a motion capture system, to compute
the motion feature vector. The corresponding tactile data is
denoted as T;. The motion feature ¢(P;) based on the poses

of the objects over the window, Py = [P, ..., Prrw_1]:
1 1 2 2 K
¢(Pt):(s7(:)v"'7 §+)W 1) S%), s1(f+)17"'7 s1(£+‘)/V 1) @
stV = (a-p?, B-vi, gul),
where s( ) is the feature vector for object k at timestep t.

It concatenates the object’s position (pgk)) and its forward
and up directional vectors (vglC 7utk)). The scalars « and
[ serve as weight coefficients for position and orientation,
respectively. With this feature representation, we then build
a KD-tree on the simulation features to efficiently find the
best-matching (i.e., the nearest neighbor) simulated tactile
sequence for each real-world sequence, ensuring temporal
and spatial consistency between pairs.

Algorithm 1 Sim-Real Paired Data Generation

Define: Sliding window size W, the number of tracked
objects K, the size of dataset Lg;y, and Ljeqi;
Build dataset: simulated dataset { P77, T }Leim  reql
dataset {‘Ptreal7 Ttreal}tL:rBal;
for all dataset D € {real,sim} do
fort=0to Lp — W do
Pose sequence: PP = [PD ooy PP ]
Extract motion feature: g7 < <z§( )
Tactile sequence: 7,° = [TP, TR, ..
end for
end for
Build KD-tree using {g;™} for j € [0, Ln — W]
For each real window index t € [0, Leas — W]:
Query KD-tree with g to find best-matched j
Form pair (7,74, 7}51“‘)
Output paired dataset:
Real tactile sequences: [n, W, 25, 25]
Simulated tactile sequences: [n, W, 25, 25]

Tt+W 1]

2) Contrastive Learning with Reconstruction: We employ
a symmetric contrastive loss [19] to align the latent repre-
sentations of paired data from different domains, preserving
spatio-temporal information. For a batch of NV paired tactile
arrays, the loss is calculated bidirectionally. For instance, the
loss for aligning the simulation data (domain A) to the real-
world data (domain B) is:

ex T
Lavp=—= Z PeGLaDT )
Sl exp(s ( 2, 2P) 7))
where s(-,-) is the cosine similarity, 24 and 2? are latent

representations, and 7 is a temperature parameter. The to-
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tal Contrastive Tactile Alignment loss Lcpa averages both
alignment directions:

1
Leta = 3 (LasB+Lsa), )

where Lp_, 4 is from swapping the A and B in Eq. (3).

We also introduce a reconstruction loss for both domains.
Since consecutive tactile frames are highly correlated, di-
rectly reconstructing them can fail to capture subtle dynam-
ics. We therefore predict the initial frame /; and subsequent
frame-to-frame differences AIl; = I; — I;_1. The loss is a
weighted Mean Squared Error:

w
Lrecon :onll _Il||§+zwA”AIt_AIt”§7 &)
t=2

where [I;, AI]IV., is the decoded output, and weights wa >
wy prioritize temporal dynamics.

Our final training objective combines both components
with a balancing hyperparameter A: Lo = Liecon + ALCTA-
This composite loss produces a feature space that is both
robust to domain shifts and rich in contact dynamics.

3) Tactile Encoder-Decoder Architecture: We now detail
the architecture of the spatio-temporal encoder used for
feature extraction and the corresponding decoder used for
reconstruction. We design the tactile encoder to process se-
quences of tactile images (W, 25, 25) and generate a compact
latent representation. The architecture is modular, consisting
of a Spatial Module that processes individual frames and a
Temporal Module that aggregates information across time.

a) Spatial Module: This module extracts a feature
vector f; € RP from each (25,25) tactile frame using
Convolutional Neural Network (CNN). To enhance feature
quality, it incorporates two key elements: a Convolutional
Block Attention Module (CBAM) [20] to adaptively focus
on salient channels and spatial locations, and a residual
connection (Res) to facilitate training and preserve feature
integrity. It processes each frame independently, producing
the input sequence (f1,..., fu) for the temporal module.

b) Temporal Module: This module aggregates the fea-
ture sequence (f1,..., fiy) to capture contact dynamics. We
first compute a difference vector:

0 =1,
Afy = ) 6)
fe— fimr ift>1,

and concatenate it with the original feature to form an
augmented vector f/ = [fi, Afi]. This Feature Difference
(FD) module explicitly encodes temporal dynamics, rather
than relying on the network to learn them implicitly.

The resulting sequence of augmented features is subse-
quently processed by a lightweight 1D convolutional network
(Conv1D) to efficiently capture local temporal patterns. Fi-
nally, mean pooling is applied across the time dimension to
produce a single, fixed-size latent vector z that represents
the entire spatio-temporal tactile observation.

The decoder, active only during pre-training, complements
the encoder by reconstructing the tactile sequence from

the latent representation, utilizing transposed convolutional
layers and interpolation to recover the original resolution.

ITI. TACTILE-AWARE MANIPULATION CONTROLLER

Motion tracking with DRL provides explicit sub-goals
for policy learning, which reduces the exploration space
and guides robots to learn more natural movements [21].
In the past decade, this technology has achieved significant
performance in contact-rich tasks. For example, OmniH20
[22] teaches a robot to master tool-using skills, such as
writing, sweeping, and watering plants. Cheng et al. [23]
enable robots to learn diverse insertion and extraction tasks,
including handling test tubes and recycling cans. Therefore,
we develop two motion tracking manipulation tasks to evalu-
ate the simulation tactile model and the ConTact framework.
In the following, we will elaborate on the design of the
tracking tasks and the details of DRL.

A. Task Specification

We introduce two kinds of manipulation tasks: Single Ob-
ject Tracking (SOT) and Composite Object Tracking (COT).
In both scenarios, a robotic arm equipped with a tactile tray
end-effector must track a predefined reference motion. The
core challenge is to maintain the object’s stability throughout
the trajectory, relying solely on the learned tactile features
to infer the object’s state without any visual input.

(a) SOT task

_

Fig. 3: Single Object Tracking and Composite Object Tracking task.

1) Single Object Tracking: The SOT task, shown in
Fig. 3(a), requires the robot to keep a spherical object
centered on the tactile tray, preventing it from falling off.
This task serves as a baseline to evaluate the fundamental
capability of our learned tactile representation to infer the
object’s position and physical properties.

2) Composite Object Tracking: The COT task in Fig. 3(b)
presents a more advanced challenge: manipulating a compos-
ite toy car, which consists of a box-like body and two capsule
wheels. Here, the controller not only tracks the car’s overall
position but also maintains its structural integrity. The key
challenge lies in detecting the asymmetric loading on the
wheels that occurs when the box’s center of mass shifts.
To prevent the collapse, the controller must leverage our
learned features to infer the object’s overall composite shape
and react to pressure imbalances with corrective actions.

B. DRL Task Settings

To learn the policies for our object tracking tasks, we em-
ploy a DRL approach. We now define the key components:
observation, action, and reward.

22573



Modules Ablation \

. - N
74 \@

) : FD + MLP + CBAM + Res

) : FD + LSTM + CBAM + Res
(3): ConviD + CBAM + Res

@ : FD+ConvlD+CBAM+Res

©

®
@

) : FD + ConvID + Res
©) : FD + ConvlD + CBAM
7 : FD + ConvlD

@

> G

N

0951 0957 0955770950 0952

/

("

@) Paired Data Latent Similarity
@ 0.0035

(b) Average Reconstruction Loss(50x50)

(c) Average Reconstruction Loss(25x25) \
0.0035

0.00325

0.00300

0.00275

Temporal Modules

=

Spatial Modules Temporal Modules Spatial Modules

T & N

0.00300

0.00275

0.00250

0.00250

Fig. 4: Ablation study on the encoder architecture, evaluating latent similarity (a) and reconstruction loss (b-c).

a) Observation Space: The observation o; consists of
three components: the robot’s proprioceptive state, a refer-
ence signal, and the learned tactile features. Specifically, it
includes the current joint positions g; € R7, the reference
joint positions m; € R7, a time phase variable v, € [0, 1],
and the latent tactile representation z;. The time phase 1/,
progresses from O to 1 over the trajectory’s duration. The

complete observation vector is formulated as:

Oy = [qtamtthazt]-

Proportional-Derivative controller.

c¢) Reward Function: As detailed in TABLE I, our
reward function is structured to promote three key behav-
iors: tracking the reference motion, performing the specific
balancing task, and ensuring smooth actions. Following the
methodology of DeepMimic [21], most terms are formulated

(7

b) Action Space: The action a; € R” is a residual ad-
justment to the reference, yielding a target joint configuration
q; = m; + a;. This target is then tracked by a low-level

as exponential penalties to encourage precise control.

We employ an asymmetric actor-critic framework. The
actor (policy) receives the standard observation o, (Eq. 7)
and can be zero-shot transferred to the real world. The critic,
however, receives an augmented state that includes o; and
, such as ground-truth object
kinematics and contact physics. We use Proximal Policy

privileged information s!™"

Optimization (PPO) [24] to train both networks.

TABLE I: Reward Function Components and Weights.

varying the tray’s orientation using trigonometric functions
with different frequencies. For the COT task, since the
composite car has a delicate structure that’s easy to collapse,
we first train a basic tracking policy using motion capture
data for the purpose of safe and efficient data collection,
rather than relying on tactile sensing. For both tasks, the
control frequency and the tactile sample frequency are set to
50 Hz. The resulting datasets contain 8,000 tactile frames for
the SOT task and 10,000 for the COT task, corresponding to
6 minutes of real-world interaction.

b) Simulation Training: We train our policies in 4096
parallel environments simulated in MuJoCo MJX [13]. Each
environment features a Kinova Gen3 arm with a tactile tray
end-effector. To foster robust sim-to-real transfer, we apply
extensive domain randomization at the beginning of each
episode. For the SOT task, this includes randomizing the
sphere’s initial position, size, and density. For the COT
task, we randomize the initial relative poses of the car’s
components. We also vary friction coefficients and add noise
to proprioceptive observations across all tasks. An episode
terminates if the manipulated object falls off the tray. Key
hyperparameters for the training are detailed in TABLE II.
The contrastive pre-training of the tactile encoder converges
in few minutes, and the downstream RL policy training
requires about 8 hours on 2 NVIDIA V100 GPUS.

c) Zero-Shot Real-World Deployment: We deploy the
trained policies directly onto a physical Kinova Gen3 arm
with a tactile tray, operating at a 50 Hz. The transfer is
zero-shot, with the policy network deployed directly without
fine-tuning. This is achieved by replacing the simulation

Reward Term Equation , Weight  encoder with its pre-trained, frozen real-world counterpart,
Joint position tracking e~ 21225 ¢’ = @’ll 0.5 which processes raw tactile signals for the policy.
j ~ 2
i Arm position tracking e %! 2% Parm = Parmll 0.1
Tracking J L 2
Arm orientation tracking e~ ! 2 %arm ~%armll 0.1 TABLE II: Key Hyperparameters.
Tray position tracking e~ 10llPend—Pendal ® 0.1 C - Val
Tray orientation tracking e—2lloend—0enall? 0.05 ategory yperparameter alue
Task  Object tracking e 1011Pob; —Pob; |7 0.4 . Sliding window size W 4
Smoothness Action rate Tat — ar_1|]? 50.0 Data Pairing Mot}on feature pos. Wf?lght (0): 0.5
Motion feature rot. weight (5): 2.0
Latent dimension 256
Contrastive loss weight (\) 0.1
IV. EXPERIMENT AND RESULTS ConTact Contrastive .temper‘ature (1) 0.5
Reconstruction weight (wo, wa) (20.0, 40.0)
A. Experimental Setup Batch size 128
PSR trad _ Actor network architecture [64, 64]
a) Data collection: To pre-train our ConTact frame DRL Critic network architecture (64, 64. 64]

work, we first collect a paired sim-to-real dataset. For the
SOT task, we generate diverse 6D pose trajectories by
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Fig. 6: The real-world tactile input (top row) and the reconstructed tactile
signals (bottom row). The first frame is the initial frame, while the
subsequent three frames represent frame-to-frame differences.

B. Ablation Study of the Tactile Encoder

We conduct an ablation study to validate our encoder
architecture. We design a cross-resolution sim-to-sim align-
ment task within a simulated environment, pairing tactile
data of (25,25) and (50,50) resolutions. As shown in Fig.4,
we ablate key components: the temporal processing module
(comparing our ConvlD with MLP and LSTM), the spatial
modules (CBAM, Res), and the FD. We measure perfor-
mance using the cosine similarity of paired latent and the
average reconstruction loss.

In Fig. 4, our full model (4) achieves the best performance,
yielding the highest latent similarity and the lowest recon-
struction loss among all tested variants. In the spatial domain,
removing the CBAM module (5) or residual connections
(® degrades performance, which indicates that focusing on
salient regions and preserving feature integrity are both
critical. In the temporal domain, our lightweight ConvlD
network outperforms both MLP-based (1) and more complex
LSTM-based (2) models, as it is simple and sufficient to
model the local temporal patterns. Finally, removing the FD
strategy (3) also impairs performance, showing the benefit
of explicitly encoding temporal dynamics akin to velocity,
rather than relying on the network to learn them implicitly.

C. Analysis of Tactile Feature Alignment

We also evaluate the ConTact encoder’s ability to bridge
the sim-to-real domain gap. A selected pair is shown in
Fig. 5(a-b). Fig. 5(c) shows a t-SNE visualization of the
learned latent space, where paired tactile sequences from
simulation (blue) and the real world (red) are projected. The
tight coupling between corresponding points across the entire

space demonstrates a strong pairwise alignment. The model
thus learns a domain-invariant representation that is robust
to the shift from simulation to reality.

To assess the learned representations, we evaluate their
ability to reconstruct dynamic tactile sequences from real-
world inputs (Fig. 6). The model accurately reconstructs the
tactile sequences and the subtle frame-to-frame differences.

D. Compare with Baseline

Binary signals—used by [17] and [18] to simplify tactile
information—serve as a baseline for sim-to-real transfer. In
Fig. 7, we compare the analysis of this approach, which un-
covered fundamental limitations and highlights the necessity
of ConTact’s feature alignment strategy.

We first evaluated the binary signal on the challenging
COT task. Fig. 7 highlights the key difference: our force
tactile model provides a pressure map that can detect im-
balances, such as one wheel pressing harder (b). In contrast,
the binary signal is ambiguous, unable to differentiate this
unstable state from a balanced one (c), capturing only the
presence of contact. The resulting policy struggles to achieve
a high reward compared to our force tactile model (d),
because its ambiguous signal cannot detect the imbalances
that cause the car-wheel separation.

(@
400

Reward

300

100 ——— Binary tactile model

Force tactile model

0.0 0.5 1.0 1.5 20
le8

Training Steps

Fig. 7: Comparison of the force-based model and the binary-based model on
the COT task (a). The force-based model can detect variations in pressure
between the two wheels (as illustrated in figure (b), where deeper colors
signify greater pressure), whereas the binary-based model can only identify
the wheels’ positions (c). Figure (d) illustrates the reward curves, where each
curve’s shaded region represents the standard deviation of reward values
across three different random seeds, indicating the uncertainty in the results.

More critically, even with this simplified binary represen-
tation, the sim-to-real gap remains uncrossed. We introduce
domain randomization into the simulation (e.g., randomizing
the sensor’s ray length L) in an attempt to bridge this
gap. However, when deployed, the policy is completely
unstable, resulting in severe vibrations of the tactile tray and
immediate task failure. This demonstrates that for contact-
sensitive tasks, even a simple binary signal contains subtle
sim-to-real discrepancies that naive randomization cannot
overcome. This gap arises because simulated contact often
registers as a contiguous patch of signals, whereas real-world
contact, due to microscopic surface imperfections, is often
sparse and intermittent. These baseline failures, stemming
from the ambiguity of simplified signals and an intractable
sim-to-real gap, directly motivate our data-driven approach
of learning a domain-invariant feature space with ConTact.
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Fig. 8: End-effector trajectory tracking performance in the real world. The
plots compare the predefined reference trajectories (red) with the actual
trajectories executed by the robot (blue) over five episodes.

E. Real-world Deployment

Our approach enables zero-shot deployment of the learned
policy onto a physical Kinova Gen3 arm, and the attainment
video shows the stability and robustness of our framework.
We evaluate its capability to stabilize objects during dynamic
movements across four distinct reference trajectories: linear,
circular, lemniscate, and ascending helical. As shown in
Fig. 8, the robot’s end-effector tracks these diverse paths
with fine accuracy, demonstrating robust control.

The policy’s effectiveness is shown in challenging COT
tasks, as shown in Fig. 9(a-b). The toy car successfully
stabilizes along both linear and circular paths. The tactile
feedback proves vital for maintaining the car’s structural
integrity, especially when we test the policy’s sensitivity
by shifting the car’s body forward/backward relative to the
wheels at initialization. Fig. 9(a) shows the tactile sensor
detecting uneven pressure from the wheels, with the control
policy quickly adjusting the tray’s orientation to balance the
forces and thereby preventing the wheel separation.

To quantify the performance of the zero-shot deployed
policy, we analyzed the success rate of the policy under
the four reference trajectories. The evaluation criteria for
failure are defined as follows: if the manipulated sphere
or the composite toy car falls off the tactile tray during
the movement, or if the composite toy car in the COT
task experiences structural collapse. As shown in III, the
policy achieved a 100% success rate in linear and Lemniscate
trajectory tests, and an 80% success rate in more complex
circular and ascending helical trajectory tests.

TABLE III: Success Rate of ConTact in Different Trajectories. For each
trajectory, we conduct 5 independent tests to ensure the reliability of the
results. The recovery time is how long it takes to stabilize the object.

Trajectories Recovery time|Success rate|Failure type
Linear (COT) 4's 100 % -
Circular (COT) 7s 80 % Collapse
Lemniscate (SOT) 3s 100 % -
Ascending Helical (SOT) 5s 80 % Drop

Beyond the COT task, the policy demonstrates robustness
in SOT by dynamically adjusting the sphere’s position across
various challenging real-world scenarios(Fig. 9(c)).

Object Generalization: The policy handles spheres of
varying diameters (5-8 cm) and materials. In a challenging
test, it seamlessly adapts to real-time object switching for
over eight consecutive trials without failure (Fig. 9(d)).

Initial Condition Robustness: The policy proves highly

robust to starting conditions, consistently recovering from
extreme boundary placements with initial offsets up to 13
cm. Fig. 9 (e) depicts successful trials from various distinct
off-center positions.

Perturbation Resistance: The policy’s robustness is val-
idated against external disturbances. In Fig. 9(f), during a
lemniscate trajectory, it recovered and stabilized the object
after over 10 consecutive light taps with a hammer.

V. CONCLUSIONS

This paper introduces ConTact, a contrastive learning
framework that effectively bridges the sim-to-real gap for
tactile-driven robotic manipulation. We also develop a high-
speed, ray-casting tactile simulator in MuJoCo MIJX and
design a spatio-temporal encoder to align features between
simulated and real-world tactile sensors. We validate the
framework through zero-shot deployment of a DRL con-
troller on a Kinova Gen3. Specifically, our controller suc-
cessfully executed dynamic balancing tasks (SOT and COT)
across four diverse trajectories, demonstrating the efficacy of
the sim-to-real tactile features.

Experimental validation relies on a single tactile sensor,
inevitably limiting the ConTact framework’s generalizability
across different tactile hardware. Meanwhile, our manipula-
tion tasks are also restricted to tray-based object stabilization,
leaving complex dynamics such as sliding contacts and slip
detection to be fully addressed. In the future, we will deploy
our ConTact on more diverse types of tactile sensors in real-
world to verify its versatility across various platforms. Addi-
tionally, we will design more contact-rich tasks using robots
equipped with diverse dexterous hands, further expanding the
scope of tactile-driven control.
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