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Abstract. Visuotactile sensors are indispensable for contact-rich robotic
manipulation tasks. However, policy learning with tactile feedback in
simulation, especially for online reinforcement learning (RL), remains a
critical challenge, as it demands a delicate balance between physics fi-
delity and computational efficiency. To address this challenge, we present
Tac2Real, a lightweight visuotactile simulation framework designed to
enable efficient online RL training. Tac2Real integrates the Precondi-
tioned Nonlinear Conjugate Gradient Incremental Potential Contact (PN
CG-IPC) method with a multi-node, multi-GPU high-throughput par-
allel simulation architecture, which can generate marker displacement
fields at interactive rates. Meanwhile, we propose a systematic approach,
TacAlign, to narrow both structured and stochastic sources of domain
gap, ensuring a reliable zero-shot sim-to-real transfer. We further evalu-
ate Tac2Real on the contact-rich peg insertion task. The zero-shot trans-
fer results achieve a high success rate in the real-world scenario, verifying
the effectiveness and robustness of our framework. The project page is:
https://ningyurichard.github.io/tac2real-project-page/
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1 Introduction

Tactile sensing is a cornerstone of human dexterity and has long motivated the
design of robotic manipulation systems [33,36,40]. Our sense of touch enables
us to perceive contact forces, surface textures, and local geometries, which is
essential for contact-rich behaviors such as compliant grasping, precise assembly,
and hand manipulation, especially under degraded or ambiguous visual feedback
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Fig. 1: Tac2Real Framework. Tac2Real contains a visuotactile simulator, which can be
seamlessly integrated into existing physics engines in a highly parallel way. Tac2Real
supports online large-scale RL training. Through the systematic approach introduced in
the TacAlign framework, the sim-to-real gap will be significantly reduced, and Tac2Real
guarantees reliable real-world policy deployment.

[39,41,47]. In robotics, vision-based tactile sensors (VBTSs) such as the GelSight
family have become a widely adopted sensing modality [1,42,43]. By capturing
high-resolution tactile images and marker displacement fields, VBTSs translate
low-level contact physics into rich perceptual signals that align naturally with
modern computer vision and learning-based frameworks.

However, integrating VBTS into data-driven policy training represents a key
challenge for online RL. The fundamental limitation lies in efficiently synthe-
sizing high-fidelity simulated tactile signals. While some penalty-based [2, 35]
approaches have been successfully applied to scalable tactile data generation,
they fall short of modeling soft deformation and multi-phase contact dynamics
that underpin realistic VBTS sensing. In contrast, high-fidelity physics-based
alternatives such as material point methods (MPM) [3,7,17,30] can capture
deformations with greater accuracy, yet often struggle with shear response and
numerical stability under large deformations [16,22,45|, making them unsuitable
for complex contact-rich tasks. Furthermore, few existing simulation pipelines
are architected for multi-GPU acceleration, restricting their use in large-scale
parallelization for online RL. Against this backdrop, the zero-shot sim-to-real
transfer [11,27,46,49] for tactile-based RL remains largely unresolved, with lim-
ited successful demonstrations on real hardware.

In this work, we present Tac2Real, a high-fidelity visuotactile simulation
framework designed to address these limitations, as shown in Fig. 1. At its
core, Tac2Real uses the Preconditioned Nonlinear Conjugate Gradient Incre-
mental Potential Contact (PNCG-IPC) solver [28], which builds typical IPC
method [10,15,19,20] and guarantees physically consistent elastomer simulation
with robust contact handling. By deploying this solver on a multi-node, multi-
GPU architecture, we achieve the simulation throughput that enables large-scale
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online RL. To mitigate uncertainties and high-dimensional cost introduced by
optical rendering, Tac2Real directly outputs the marker displacement field as
tactile representation and is designed as a lightweight plugin, allowing seam-
less integration with mainstream robot simulators such as Isaac Lab [25] and

MulJoCo [34].
Beyond simulation, we identify that reliable sim-to-real transfer requires a
structured strategy to reduce the reality gap [4, 13, 18,48]. This gap includes

both structured discrepancies, such as mismatched robot dynamics, material
parameters, and contact models, and stochastic variations from unmodeled noise
and environmental uncertainty. To close this gap, we introduce TacAlign, a
unified, general calibration pipeline for tactile tasks. It consists of four sequential
stages: (i) low-level robot controller calibration via trajectory alignment; (ii)
identification of material parameters through both baseline and task-engaged
tests; (iii) task-specific fine-tuning of friction and contact parameters; and (iv)
domain randomization during RL training.

We evaluate Tac2Real on the challenging blind peg-in-hole task with ran-
dom initial orientations, a benchmark that exemplifies the inherent difficulties
of contact-rich manipulation. Experiments show that policies trained entirely
in simulation transfer zero-shot to a real robot with high success rates, outper-
forming baselines built on TacSL [2] and Tacchi [6]. These results highlight the
importance of both high-fidelity tactile simulation and reality-gap mitigation for
the real-world deployment of tactile-based RL policies.

To summarize, this work makes the following contributions:

e Tac2Real, a high-performance visuotactile simulation framework based on
PNCG-IPC, which supports multi-GPU parallelization and enables seamless
integration with mainstream physics engines for RL.

e TacAlign, a systematic methodology for both reducing structured and stochas-
tic sim-to-real gaps in tactile contact-rich manipulations.

e Experimental validations on real-world peg insertion tasks, demonstrating
superior zero-shot transfer performance and robustness over existing state-
of-the-art approaches.

We believe that Tac2Real provides a robust foundation for scaling up tactile-
based policy learning, and takes a significant step toward the long-standing goal
of reliable, real-world dexterous manipulations.

2 Related Work

Research on visuotactile simulation has evolved through three distinct stages:
standalone sensor-object modeling, closed-loop policy generation (with or with-
out learning) and sim-to-real trial, and holistic system integration and real-world
deployment. Initially, methods like Tacchi [6] and Tacchi 2.0 [32] utilized the
Material Point Method (MPM) to accurately model elastomer deformation and
generate tactile images, though they often struggled with friction modeling and
numerical stability; this prompted a shift toward the more robust Incremental
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Table 1: Comparison of proposed Tac2Real with existing methods. S, O, and R denote
sensor, object, and robot, respectively. The ranking in contact fidelity is based on
suitability for online tactile RL, considering deformation realism, frictional contact
handling, and numerical robustness. BC is behavior cloning.

Sim. Method Tactile Polic, .
Method Scene Contact Fideli{y Representation Learni?}g Sim-to-Real
Tacchi [6] S-O MPM / medium RGB X X
Tacchi 2.0 [32] S-O MPM / medium Markers X X
TacIPC [9] S-0 IPC / high RGB x x
Difftactile [29] S-O MPM+FEM / medium Markers/RGB X v
Sun et al. [31] S-O MPM / medium Markers/RGB RL v
Chen et al. [5] S-O IPC / high Markers RL v
TacSL [2] S-O-R Non-physics / low Markers/RGB ~ RL/BC v
TacFlex [14] S-O-R FEM / high Markers/RGB BC v
Taccel [21] S-O-R IPC / high Markers/RGB X v
Tac2Real (ours) S-O-R IPC / high Markers RL v

Potential Contact (IPC) method, leading to simulators like TacIPC [9]. The
second stage extended these capabilities to policy generation and sim-to-real
transfer through differentiable optimization (Difftactile [29]) or reinforcement
learning integration [5,31], yet these approaches typically lacked a unified, phys-
ically consistent simulation of the entire robot—object—sensor system. Currently,
the third class achieves holistic integration within scalable environments like
Isaac Gym [24], where frameworks such as TacSL [2], TacFlex [11], and Tac-
cel [21] combine penalty-based [37,38], Finite Element Method (FEM) [8,50],
or IPC-based tactile models with robot dynamics to support large-scale parallel
training and reliable real-world deployment (summarized in Tab. 1).

Our proposed Tac2Real utilizes the PNCG-IPC method [28], an enhanced
IPC solver specifically designed to shorten convergence time. By leveraging
multi-node and multi-GPU acceleration and seamless integration with existing
physics engines, Tac2Real enables large-scale online RL while maintaining high
visuotactile fidelity. Also, Tac2Real incorporates a systematic strategy for mit-
igating sim-to-real gaps. We validate the robustness of our framework through
zero-shot real-world deployment.

3 Tac2Real Simulation Framework

3.1 PNCG-IPC Method

Our tactile simulation is built upon the PNCG-IPC solver [28], which strikes
an effective balance between physical accuracy and computational efficiency for
contact simulation. Additionally, the traditional PNCG-IPC solver has been en-
hanced to support frictional contact handling.

IPC formulates elastodynamic contact simulation as a variational optimiza-
tion problem. Using implicit Euler integration, the positions x!*! at each time
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step are obtained by minimizing:
Ex) = %(x—f{)TM(X—f{) + W2 (x) + B(x) + D(x), (1)

where the four terms represent the inertia potential, the hyperelastic energy
¥, and the log-barrier contact potential B(x) and frictional potential D(x),
respectively. Crucially, we extend the original PNCG-IPC formulation—which
lacks the frictional term—Dby incorporating D(x) to explicitly handle frictional
contact. Further implementation details of our solver are provided in the supple-
mentary material. The standard IPC pipeline employs Newton’s method with
continuous collision detection (CCD) based line search, which yields high per-
iteration accuracy but is computationally expensive and difficult to parallelize
on GPUs. PNCG-IPC replaces Newton’s method with the nonlinear conjugate
gradient algorithm, which directly solves the nonlinear optimization without as-
sembling or factorizing the Hessian matrix. The algorithm only requires gradient
evaluations, diagonal Hessian entries, and vector-vector dot products—all highly
GPU-parallelizable operations. A CCD-free line search strategy further elimi-
nates the expensive collision detection per iteration by deriving an analytical
step-size upper bound.

This design philosophy trades per-iteration accuracy for dramatically faster
iteration throughput: while each conjugate gradient step is less precise than a
Newton step, the extremely low per-iteration cost on GPUs allows PNCG-IPC
to converge to sufficient accuracy within only tens of iterations. For tactile sim-
ulation where visually plausible and physically consistent deformation matters
more than machine-precision convergence, this trade-off is highly favorable.

Moreover, our PNCG-IPC based method is implemented as a lightweight
solver based on the Taichi programming language [14], which compiles to high-
performance GPU kernels from concise Python code. This compact implementa-
tion makes it straightforward to integrate PNCG-IPC as a plug-in module into
diverse simulation pipelines, as detailed in Sec. 3.3.

3.2 Tactile Representation

In this work, we mainly focus on simulating the tactile representations of Gel-
Sight Mini sensor, which can output either an RGB tactile image (320x240)
or a marker displacement field (9x7) depending on the sensor gel type. Marker
displacement fields excel at capturing diverse contact states, which is critical for
robots contact-rich manipulation tasks, whereas RGB tactile images are useful
for texture identification. To select the appropriate representation, we conduct
a simple collision test. We mounted tactile sensors on the gripper of a Franka
Panda robot, then grasped a peg to perform various contact interactions with
sockets. We recorded both RGB outputs and 2D marker displacement fields un-
der static, press-down, move-forward, and move-backward conditions. As shown
in Fig. 2, the marker displacement fields exhibit significant variations across
different collision states, while RGB images show only subtle differences. This
superior sensitivity of markers to distinct contact modes, combined with their



6 N. Yan et al.

lower-dimensional representation, may prove crucial for large-scale RL training
by enhancing regularity and efficiency. In our simulation, a mapping between
marker and initial IPC mesh nodes can be constructed using the k-nearest neigh-
bor method; then, the displacements of marker are interpolated using weighted
interpolation from mesh node positions in the deformed state.

@ ® © @

Fig. 2: Tactile feedback under 4 different contact modes in the peg insertion case.
(a) stationary state; (b) press-down state; (c) move forward state; (d) move backward
state. Tactile marker displacement fields (low dimension) exhibit greater sensitivity to
contact than tactile RGB images (high dimension), which may enhance the regularity
and efficiency of RL training.

3.3 Integrating to Physics Engine

Tactile Parallel Simulation Rel. quantities Physics Engine

0
eose ! Rel. position | iodl 1saac Lab
£33 v | [ i
| Rel. rotation ] S d | G Action
«____1____. -Gy Isaac Gym _
— Agent
* il e S - £ eysulet

Obs

- Tactile fields

Fig. 3: Tactile Simulation Framework. Our tactile simulation is an external interface
outside the physics engine. Receiving relative quantities from physics environments,
Tac2Real starts tactile simulation in a multi-node, multi-GPU parallel way, with each
GPU assigned tactile tasks from multiple environments.

The integration of our tactile simulation into existing physics engine for RL
training follows a plugin-based architecture. As shown in Fig. 3, the RL agent
first sends the action command, triggering one simulation step in the physics en-
gine. We then extract the relative position and orientation between the grasped
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object and the tactile sensor during this step, and compute the corresponding
linear and angular velocities which are used in the following tactile simulation.
Finally, the output marker displacement fields, together with the baseline ob-
servation in the physics engine, form the combined observation that is fed back
to the RL agent to continue training. This integration method has the following
main properties:

Cross-engine compatibility. Our tactile simulation only requires relative
physical quantities between the sensor elastomer and the interacting objects, so
this interface can be embedded within the environment file layered on top of the
physics engine, for example, the get observations() function in Isaac Lab [25],
or play steps rnn() function in rl-games library [23].

Multi-node Multi-GPU parallelization. Benefiting from the paralleliz-
ability of the PNCG-IPC and Taichi language, Tac2Real leverages multi-node,
multi-GPU parallelization to enable robust and efficient RL training. Specifically,
we construct a Ray [26] cluster containing multiple nodes, each equipped with
multiple GPUs. A Ray-wrapped tactile simulation class is instantiated for each
GPU, which manages tactile simulation for a set of environments. During the
online RL roll-out process, the simulation function within the Ray-wrapped class
is invoked iteratively: it takes the relative pose quantities as input and returns
the marker displacement fields after simulation. Finally, Ray-based distributed
communication across multiple nodes is used to gather simulation results from

all GPUs.

4 TacAlign to Narrow Sim-to-Real Gap

To systematically mitigate the sim-to-real gap, we propose TacAlign within the
Tac2Real framework, addressing both structured and stochastic discrepancies,
as illustrated in Fig. 4.

4.1 Robot Control Alignment

In our framework, the Franka robot in simulation and real world both adopt
Cartesian impedance control. The target force applied at the end-effector is
given by:F'"9 =k, « (p'®"9(a) — p*®) — kq * v°¢, where k;, and kq denote the
proportional and damping gains respectively, with kg = 2\/E € R to ensure
critical damping. Here, p?®"9(a) € R® is the target end-effector pose determined
by the action a, p°® is the current end-effector pose, and v¢¢ is the end-effector
velocity. * is the element-wise multiplication.
By this controller, the end-effector trajectories in simulation and reality can
be expressed as:
Xiifi = foim(xt, a1 kp™™), Xiiall = freal(xtaat5kpreal)v (2)
where fqm and frea represent the closed-loop system dynamics induced by the
impedance controller. An intuition is that reducing the discrepancy between



8 N. Yan et al.

Structured Alignment Randomization
u _ _ E—
° e [ Indenter ﬂ ;i/‘ ) Controller Gains

Hand Init. Pose

) |
! =
H . % 4 /.
: O v | —*' (e Contact Friction
2 . ° |
| R — - 1 B y J-/ =1 Socket Position
. . I . Vi
om0 w0 a0 s | / ® /@ Objects Pose
. - { -
|
| L 4

- '_'F,- ‘I: Indenters Marker ! ‘: Displacement Fields | -
1 Displacement Fields | 1 Sequences 1
A |

IPC Random
Movement

Robot Control Alignment ! Basaline IPC Calibration

S
o
5 1
o
& 1
o
a «l
3 i
-1 1
4 1
@ i

1
-
0
@ 1
o 1
A i
- I
o
5 4
3 1
® '
o 1
I 1

1
-

m
T
o
®

Fig. 4: TacAlign Framework. TacAlign narrows the sim-to-real gap from both struc-
tured and stochastic perspectives. TacAlign is composed by robot control alignment,
baseline IPC calibration, task-based calibration and randomization.

k"™ and k" would synchronously reduce the sim-to-real trajectory gap. In
practice, however, this relationship is highly non-linear and non-monotonic due
to unmodeled dynamics, actuator delays, frictional effects, and contact nonlinear-
ities. We empirically validate this phenomenon in the upper left part of Fig. 4,
where we randomly choose 20 sim-real k, pairs and visualize the trajectory
discrepancy. Notably, the trajectory discrepancy does not necessarily decrease
as [kp*™ — k™| becomes smaller, and exhibits no significant linear correla-
tion. This observation suggests that simply matching controller parameters is
insufficient to minimize the sim-to-real gap; instead, trajectory-level alignment

is required. We therefore formulate control alignment as the problem of mini-

_ . . i T i al |2
mizing trajectory discrepancy:D(kp*™, k™) = >y ||t — xgead ||, where

the discrepancy is computed over six canonical end-effector motions (single-axis
translation and rotation) as shown in Fig. 4 . Rather than treating either do-
main as ground truth, we jointly calibrate both simulation and reality using
alternating minimization:

kpsim,(k+1) = arg Hli_Il D(kpSim,kpreal’(k)), (3)
kpdlln
real,(k+1) __ : im, (k+1 real
kp eal, ( ) — arglglrlglp(kps (k+ )7kp ea ) (4)

This bidirectional procedure iteratively reduces trajectory divergence and alle-
viates controller-induced sim-to-real mismatches.
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4.2 Baseline IPC Calibration

Material parameters in PNCG-IPC simulation, specifically Young’s modulus F,
Poisson’s ratio v, density p, and friction coefficient u, play a critical role in
reducing the sim-to-real gap. To ensure that the mechanical response of the
elastomer in tactile simulation closely matches physical reality, we conduct a
baseline calibration experiment. First, we use the apparatus shown in Fig. 4,
which contains a 6-DOF positioning stage, a GelSight Mini sensor and several
3D-printed indenters, to record sequences of marker displacement fields under
different indenters and deformation modes. Let ureal and u“m(a) denote the
marker displacement fields for the ¢ indenter at frame k in the real and simulated
settings respectively, where @ = [E, v, p, ] is the vector of material parameters.
We then replicate these deformation modes in the IPC simulator and define the
mean squared error (MSE) between simulated and real displacement fields as
the loss function £(8):

=

L) = ==

2 —_
ﬁMw

Z sun realH2 , (5)

where K is the total number of frames, and N is the number of indenters.
The calibration is formulated as an optimization problem to find the optimal
parameter set ° that minimizes this discrepancy:

0" = arg mein L£(9). (6)

To solve this gradient-free nonlinear optimization efficiently, we adopt the Co-
variance Matrix Adaptation Evolution Strategy (CMA-ES) [12].

4.3 Task-based Calibration

Given the complex interactions encountered in real-world contact-rich tasks, the
baseline calibration alone may not capture the full range of sensor deformation.
Therefore, we further perform task-aware fine-tuning on simulation parameters
of Isaac Lab, such as friction coefficient p1;544. and contact stiffness s;544¢, under
both static and dynamic contact conditions. Four representative contact states
are considered: stationary grasping, press-down, forward and backward collisions
as illustrated in Fig. 4. We record the marker displacement field sequences for
both simulation and reality, with the real measurements used as the ground-truth
reference. Then, we fine-tune the f1;544c and s;sqqc until the MSE of displacement
fields between the closest-matching frames falls below a predefined threshold.

4.4 Randomization

We model the sim-to-real discrepancy as parametric and observational uncer-
tainty. Accordingly, we randomize physical parameters (controller gains, fric-
tion), geometric configurations (object and socket poses), and sensing channels
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(end-effector pose noise and IPC perturbations). This stochastic regularization
encourages the policy to be invariant to low-level dynamics mismatches and con-
tact variations. Domain randomization complements our structured alignment
by narrowing the stochastic gap that is difficult to resolve through deterministic
calibration alone. Details are provided in the supplementary material.

The first two modules of TacAlign (control alignment and baseline IPC cal-
ibration) depend only on robot and the tactile sensor, requiring one-time cali-
bration for identical hardware. The task-based calibration essentially builds an
"alignment dataset" for a specific task. For a new task, the marker field se-
quences under static and random contact states need to be collected to cover
the manipulation process as much as possible; the four settings adopted in the
paper are representative.

5 Experimental Results

5.1 PNCG-IPC Simulation Results

Reliability. We evaluate PNCG-IPC (Tac2Real) against Tacchi and TacSL us-
ing a cube indenter rotation task. As shown in Fig. 5(a), Tac2Real and Tac-
chi both yield realistic deformations consistent with real-world data, whereas
TacSL exhibits significant discrepancies due to its non-physical, penalty-based
approach that only models interpenetration regions. Under large rotational de-
formations (Fig. 5(b)), Tacchi suffers from particle splashing and numerical in-
stability caused by adhesion deficiencies. In contrast, Tac2Real robustly handles
large rotations and slips, with the sensor reliably recovering its original state
post-contact, demonstrating superior stability for contact-rich RL tasks. More
simulation results and comparisons are provided in supplementary material.

Parallel Performance. Benchmarked on a node with 16 RTX 4090 GPUs,
Tac2Real achieves exceptional scalability (Fig. 5(c)). At 4,096 environments,
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Fig. 5: Comparison of different simulation methods. (a) Comparison among Tac2Real,
Tacchi, TacSL and real reference in cube indentation test; (b) Comparison of Tac2Real
and Tacchi in large rotation deformation; (c¢) Parallel performance comparison.
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it reaches 4,465 FPS (pseudo-structured mesh) and 1,665 FPS (unstructured
mesh), outperforming Tacchi. While TacSL achieves higher raw FPS by rely-
ing on simple SDF queries, it sacrifices physical fidelity. Tacchi’s lower parallel
efficiency stems from the overhead of constructing large background grids for
multiple environments on a single GPU. Consequently, Tac2Real offers the op-
timal balance of high-throughput parallelism and physical accuracy required for
online reinforcement learning.

5.2 TacAlign Results

Control Alignment. We employ the alternating optimization approach de-
scribed above to search for an optimal combination of controller gains for both
simulation and reality. We start with the original value of k™™ = (100, 30) in
Isaac Lab, which is an abbreviation for (100,100, 100, 30, 30, 30), and keep k"
to be the same. Thresholds for the averaged trajectory discrepancy of transla-
tion Dirans and rotation Dyot along the 3 coordinate axes are set to 3 mm and
0.5° respectively. As shown in Tab. 2, the initial averaged trajectory discrep-
ancy is relatively large, with a translational mismatch of 11.11 mm recorded.
This large discrepancy makes it impossible to complete the peg insertion task,
as the diameter of the socket hole in this task is only approximately 8 mm. By
the optimization, the trajectory discrepancy is reduced to 2.521 mm (transla-
tion) and 0.454° (rotation). The corresponding optimized controller gains are
kpSim = (600,50) and kpreal = (400, 20), which are fixed for all subsequent
alignment procedures and RL training.

Table 2: Controller Alignment Performance.

kpSim kpre""ll ‘ Dirans (mm) Drot (degree)
(100, 30) (100, 30) 11.11 2.635
(300, 30) (500, 40) 7.381 1.091
(600, 50) (400, 20) 2.521 0.454

Baseline IPC Calibration Results. Four indenters of distinct shapes, includ-
ing the cube, cylinder, moon and triangle, are used in the baseline calibration.
For each indenter, we performed three deformation interactions with the Gel-
Sight Mini sensor’s elastomer: pressing, sliding, and rotating. The magnitudes of
these three deformation modes are set to 1 mm, 1 mm and 2°, with step incre-
ments of 0.1 mm, 0.1 mm and 0.5°, respectively. We also constructed an identical
calibration environment (comprising the sensor elastomer and indenters) using
PNCG-IPC, simulating the entire deformation process to support the CMA-ES
optimization. The final results are presented in Fig. 6, where only the results for
the cube indenter at the final frame are illustrated. As evident from the results,
the mechanical behavior of the elastomer in simulation closely approximates that
in the real world. More optimization information is provided in supplementary
material.
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Task-based Calibration Results. We further use the marker displacement
field sequences from the static state and three typical contact events in real-world
peg-insertion tasks 4.3 to fine-tune the physics parameters in Isaac Lab. We find
that the contact friction coefficient pi;sqqc, together with the use of compliant
contact in Isaac Lab, plays a critical role in reducing the discrepancy between
IPC-simulated and real-world marker displacement fields during contact. The
closest fields between reality and simulation for these four task-based scenarios
after calibration are shown in Fig. 6, demonstrating strong alignment.

5.3 Online RL Learning Results in Simulation

We first evaluate Tac2Real using two typical contact-rich tasks, where tactile
marker displacement fields are essential to estimating the relative pose and iden-
tifying the complex contact interactions:

¢ Random Orientation Peg Insertion. The Franka robot is required to
fully insert a cylindrical peg held in its gripper into a fixed cylindrical
socket. Notably, the entire insertion process, especially after the peg en-
ters the socket, must not rely on gravity; that is, the insertion is achieved
entirely through the robot’s active control rather than gravitational effects,
as illustrated in Fig. 7 (a). The initial orientation of the peg in the gripper
is randomly sampled from the range of [—35°,35°], and both the peg and
socket hole have a diameter of 8 mm, which is smaller than the real-world
setting used in TacSL.

¢ Random Orientation Nut Threading. The Franka robot must place a
nut (also held with a random initial orientation from —35° to 35°) onto a
fixed bolt and fasten the nut onto the bolt via gripper rotation, as shown in
Fig. 7 (b). Task success is defined as the nut is threaded into the bolt to a
depth of 1.5 pitches.

We formulate peg-in-hole as a Markov decision process (MDP). To emphasize
tactile reliance, the policy observes only the end-effector pose (p® € R7), the
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Fig. 6: Simulation parameter calibration.
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tactile marker displacement field for a single finger (u € R7*9%2) and the pre-
vious action (a;_1), explicitly excluding object pose or visual data. Actions con-
sist of incremental Cartesian updates executed via an impedance controller. The
reward function balances task success through keypoint alignment and sparse
bonuses for engagement and insertion, while penalizing excessive contact forces
to prevent collisions. More training settings are given in supplementary material.

We set the total number of environments to 512, evenly distributing the
tactile simulation tasks across four computing nodes, each equipped with 16
GPUs. We use the off-the-shelf Proximal Policy Optimization (PPO) implemen-
tation from the rl-games library in Isaac Lab, where the agent adopts a shared
actor—critic architecture. For a fair comparison, we also integrate Tacchi and
TacSL into Isaac Lab using integration schemes analogous to Tac2Real; further
details are provided in the supplementary materials. Fig. 7 shows the average
learning curves over three random seeds for the three simulation methods, as well
as the setting without tactile observations and the snapshots for the two tasks.
We also report the average success rate over 256 random initial configurations
in Tab. 3. Among these, training based on Tac2Real and TacSL exhibit similar
performance in simulation environments, both significantly outperforming Tac-
chi and the tactile-free case. This demonstrates the effectiveness of our tactile
simulation framework and the critical role of tactile sensing in contact-rich tasks,
particularly under nearly blind operating conditions.

w— Tac2Real
e TacSL
= Tacchi
=== No Tactile

0 20 40 60 80 100 120 140
Epoch

= Tac2Real
== TacSL
= Tacchi
=== No Tactile

0 50 100 200 250

150
Epoch

Time

Fig. 7: Contact-rich tasks in simulation. (a) and (c) are snapshots of inference in peg
insertion and nut threading tasks with tactile simulation; (b) and (d) are comparisons
of the learning curves among Tac2Real, TacSL, Tacchi, and no tactile feedback.
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Table 3: Policy Learning Results in both the Simulation and Real-world

Env Talt‘:;/:(l;lgn Tac2Real TacSL Tacchi No Tactile

Peg Insertion (8mm) sim - 0.776 0.789 0.173 0.168
Peg Insertion (12mm) sim - 0.831 - - -
Peg Insertion (16mm) sim - 0.857 - - -

Nut Threading sim - 0.702 0.708 0.152 0.313
Peg Insertion (8mm) real 1,2,3,4 0.917 0.150 0.083 0.067
Peg Insertion (8mm) real 2,3,4 0.533 0.033 0.050 0.017
Peg Insertion (8mm) real 1,2,4 0.250 0.150 0.016 0.067
Peg Insertion (8mm) real 1,2,3 0.767 0.100 0.100 0.017
Peg Insertion (12mm) real 1,2,3,4 0.933 - - -
Peg Insertion (16mm) real 1,2,3,4 0.933 - - -

5.4 Real-world Deployment

The policy trained in simulation is also deployed in the real world in a zero-shot
manner for the peg insertion task. We mounted two GelSight Mini sensors on the
Franka grippers to maintain force equilibrium, while using only the tactile marker
displacement field from the right finger for inference. Given the sensor’s gel
pad vulnerability to damage, we implement a protective mechanism in practice.
Specifically, when the mean squared error (MSE) difference between successive
marker displacement fields exceeds a predefined threshold, we halt inference,
move the end-effector back one step, and resume inference from this adjusted
position. We initialize the peg’s initial orientation to 0° and +15°, and conduct
a total of 60 trials with 20 trials for each peg orientation. As shown in Tab. 3, we
recorded 55 successful insertions, achieving an approximate zero-shot sim-to-real
transfer success rate of 91.7%. In Fig. 8, some inference snapshots of the 0-degree
situation are illustrated. More snapshots are provided in supplementary material.
Unlike the results in the simulation, the deployment of TacSL only attains a 15%
success rate, attributable to the substantial discrepancy between simulated and
real marker displacement fields (see Fig. 5). The Tacchi-based policy achieves

Time

Fig. 8: Peg Insertion Real-world Deployment Snapshots.
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few successful insertions because of the large amount of useless tactile feedback
caused by MPM numerical instability. Additionally, the policy without tactile
observations achieved a real-world success rate of only 6.7%. In order to evaluate
the importance of TacAlign in sim-to-real transfer, we conducted ablation studies
across different levels of TacAlign, where the control alignment, baseline IPC
calibration, task-based calibration, and randomization are labeled as levels 1, 2,
3, and 4, respectively. The ablation results are presented in Tab. 3. We found that
the task-based calibration plays an important role in narrowing the sim-to-real
gap, without which the success rate will decrease significantly.

In order to show the generalizability of our method, we also implement
Tac2Real on the peg insertion task of different peg size (diameters of 12 mm
and 16 mm). As shown in Tab. 3, both these two sizes achieve a higher success
rate in simulation and real world than 8mm peg. Besides, we have also prelim-
inarily deployed the random orientation nut threading task using Tac2Real in
real world, and we achieved a success rate of 58.3%. More details are shown
in supplementary material. These results further validate the efficiency of our
Tac2Real framework.

6 Conclusion

In this paper, we present a framework named Tac2Real, which contains effective
and robust visuotactile simulation using the PNCG-IPC based method with a
highly parallel multi-node, multi-GPU computing architecture. Tac2Real sup-
ports seamless integration with current physics engines to perform online RL
training. We also upgrade Tac2Real with a practical and reproducible framework
named TacAlign to systematically reduce the sim-to-real gap from structured
and stochastic perspectives. Compared with existing methods, Tac2Real achieves
robust and high-fidelity tactile simulation, as well as excellent performance in RL
policy zero-shot real-world deployment in the peg insertion contact-rich manipu-
lation task. As for future work, TacAlign can be generalized to a systemic sim-real
pair sequence dataset for narrowing sim-to-real gap, covering robot control, IPC
simulation and task-based calibration, rather than the task-specific discussion
in our work. And the concept of general sim-real pair dataset of TacAlign will
be extended and verified on more tasks. Besides, Tac2Real can be extended to
RL training for dexterous hand manipulations or deformable objects, and it can
also provide large-scale high-quality data for tactile-based world model (WM) or
vision-language-action (VLA) training. Furthermore, we can consider using Al
models to accelerate tactile simulation to further improve efficiency. Finally, the
architecture of Tac2Real can be generalized to any physical sensor simulation,
including tactile, acoustic, or even olfactory sensor simulation.
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