
Published as a conference paper at ICLR 2024

DIFFTACTILE: A PHYSICS-BASED DIFFERENTIABLE
TACTILE SIMULATOR FOR CONTACT-RICH ROBOTIC
MANIPULATION

Zilin Si ∗, †, 1,5, Gu Zhang∗,2, Qingwei Ben∗,3, Branden Romero4, Zhou Xian1,
Chao Liu4, Chuang Gan5,6

1 CMU RI, 2 Shanghai Jiao Tong University, 3 Tsinghua University, 4 MIT CSAIL,
5 MIT-IBM Watson AI Lab, 6 UMass Amherst
zsi@andrew.cmu.edu, guzhang.sjtu@gmail.com,
bqw20@mails.tsinghua.edu.cn, brromero@mit.edu,
xianz1@andrew.cmu.edu, chaoliu@csail.mit.edu,
ganchuang@csail.mit.edu

ABSTRACT

We introduce DIFFTACTILE, a physics-based differentiable tactile simulation
system designed to enhance robotic manipulation with dense and physically
accurate tactile feedback. In contrast to prior tactile simulators which primarily
focus on manipulating rigid bodies and often rely on simplified approximations to
model stress and deformations of materials in contact, DIFFTACTILE emphasizes
physics-based contact modeling with high fidelity, supporting simulations of
diverse contact modes and interactions with objects possessing a wide range of
material properties. Our system incorporates several key components, including a
Finite Element Method (FEM)-based soft body model for simulating the sensing
elastomer, a multi-material simulator for modeling diverse object types (such
as elastic, elastoplastic, cables) under manipulation, a penalty-based contact
model for handling contact dynamics. The differentiable nature of our system
facilitates gradient-based optimization for both 1) refining physical properties in
simulation using real-world data, hence narrowing the sim-to-real gap and 2)
efficient learning of tactile-assisted grasping and contact-rich manipulation skills.
Additionally, we introduce a method to infer the optical response of our tactile
sensor to contact using an efficient pixel-based neural module. We anticipate
that DIFFTACTILE will serve as a useful platform for studying contact-rich
manipulations, leveraging the benefits of dense tactile feedback and differentiable
physics. Code and supplementary materials are available at the project website1.

1 INTRODUCTION

In the goal of enabling robots to perform human-level manipulation on a diverse set of tasks, touch is
one of the most prominent components. Tactile sensing, as a modality, is unique in the sense that it
provides accurate, fine-detailed information about environmental interactions in the form of contact
geometries and forces. Although its efficacy has been highlighted by prior research, providing
crucial feedback in grasping fragile objects (Ishikawa et al., 2022), enabling robots to perform in
occluded environment (Yu & Rodriguez, 2018), and detecting incipient slip (Chen et al., 2018) for
highly reactive grasping, there are still advances in tactile sensing to be made especially in the form
of simulation.

Physics-based simulation has become a significant practical tool in the domain of robotics, by
mitigating the challenges of real-world design and verification of learning algorithms. However,
existing robotic simulators either lack simulation for tactile sensing or limit interactions to rigid
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bodies. To accurately simulate tactile sensors which are inherently soft, it is essential to model
soft body interaction's contact geometries, forces, and dynamics. Prior work (Si & Yuan, 2022)
attempted to simulate contact geometries and forces for tactile sensors under (quasi-)static scenarios,
and it was successfully applied to robotic perception tasks such as object shape estimation (Suresh
et al., 2022), and grasp stability prediction (Si et al., 2022). However, highly dynamic manipulation
tasks have not been thoroughly explored. Other prior works approach contact dynamics by either
approximating sensor surface deformation using rigid-body dynamics (Xu et al., 2023) or using
physics-based soft-body simulation methods such as Finite Element Method (FEM) (Narang et al.,
2021). However, these methods are still limited to manipulating rigid objects.

Figure 1: Grasping a deformable object in the real
world and in DIFFTACTILE.

In this work, we aim to build a differentiable
tactile simulator, DIFFTACTILE , that
supports contact-rich robotic manipulation
of rigid, deformable, and articulated objects.
Differentiability, as a key component of our
work, provides �ne-grained guidance for
ef�cient skill learning (Huang et al., 2021;
Xian et al., 2022). It also enables system
identi�cation to close the sim-to-real gap (Li
et al., 2023). We implement DIFFTACTILE in
Taichi (Hu et al., 2019) which leverages parallel
GPU computing and auto-differentiation. To
demonstrate the capability and versatility of
our simulator, we evaluate it on a diverse set of manipulation tasks including handling fragile,
deformable, dynamic objects that cannot be addressed with prior tactile simulators. We summarize
our contributions below:

• We introduce DIFFTACTILE , a platform supporting various tactile-assisted manipulation tasks.
We model tactile sensors with FEM, objects in various materials (rigid, elastic, and elastoplastic)
with Moving Least Square Material Point Method (MLS-MPM), and cable with Position-Based
Dynamics (PBD). We simulate the contact between sensors and objects with a penalty-based
contact model. In addition, we accurately simulate the optical response of tactile sensors with
high spatial variation via a learning-based method.

• Our system is differentiable and can reduce the sim-to-real gap with system identi�cation. From a
sequence of real-world data samples, we can optimize our simulator's sensor material and contact
model parameters with differential physics and validate it with more general real-world scenarios.

• We demonstrate the improvement of skill learning ef�ciency with tactile feedback. We evaluate it
on stable and adaptive grasps of objects with diverse geometry and material properties, and four
contact-rich manipulation tasks.

2 RELATED WORK

Tactile simulation The most recent work on tactile simulation is built upon existing rigid-body
simulators. For example, Tacto (Wang et al., 2022), Tactile-Gym (Church et al., 2022; Lin et al.,
2022) were built upon PyBullet (Coumans & Bai, 2016). An ef�cient tactile simulation (Xu et al.,
2023) was built upon DiffRedMax (Xu et al., 2021), where a penalty-based contact model was used
to simulate the force distribution for tactile sensors. Even though it is computationally ef�cient to
use rigid body simulation, these tactile simulators approximate contact dynamics for soft bodies at
the cost of �delity.

Alternatively, Finite Element Method (FEM)-based methods exist to accurately simulate soft body
dynamics. A physics-based tactile simulator (Narang et al., 2021) was developed for SynTouch
BioTac sensors (SynTouch) by using FEM in Isaac Gym (Makoviychuk et al., 2021). A grasp
simulator also used the FEM in Isaac Gym (Kim et al., 2022) with incremental potential contact
(IPC) model to handle contact dynamics. Taxim (Si & Yuan, 2022) used a superposition method to
approximate the FEM. We also model tactile sensors with FEM to maintain the simulator's physical
accuracy and extend the contact model to handle objects with various materials beyond rigid.

Differentiable physics-based simulation Differentiable physics-based simulation has become
popular in recent years as it allows for ef�cient gradient-based policy learning compared to
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Tactile simulator
Object model Backend Method Optical Differentiability
Rigid Soft Simulation

Tacto (Wang
et al., 2022)

X PyBullet Rigid body X

(Xu et al., 2023) X DiffRedMax Rigid body X X
Tacchi (Chen
et al., 2023)

X Taichi MPM X

Taxim (Si &
Yuan, 2022)

X PyBullet FEM X

(Narang et al., 2021) X Isaac Gym FEM

IPC-
GraspSim (Kim
et al., 2022)

X X Isaac Gym FEM

Ours X X Taichi FEM X X

Table 1: Comparison with other state-of-the-art tactile simulators. We show that DIFFTACTILE is the only
tactile simulator supporting simulating objects with various materials while being system-wise differentiable
and physically accurate.

traditional sampling-based algorithms. PlasticineLab (Huang et al., 2021), FluidLab (Xian et al.,
2022), SoftZoo (Wang et al., 2023) were presented with differentiability for soft body manipulation,
�uid manipulation, and soft robot co-design, respectively, by leveraging Moving Least Square
Material Point Method (MLS-MPM) (Hu et al., 2018). Tacchi (Chen et al., 2023) also used MLS-
MPM to simulate the soft body deformation for GelSight (Yuan et al., 2017), a type of vision-
based tactile sensor but did not present differentiability and contact dynamics modeling. It is
shown that differential physics can be applied for system identi�cation (Ma et al., 2023) to �ne-
tune the simulator's physical parameters and reduce the sim-to-real gaps. However, it remains
unclear whether the gradient-based approach can bene�t to improve the ef�ciency of tactile-assisted
manipulation skill learning.

Optical Simulation Taxim (Si & Yuan, 2022) showed that data-driven approaches to simulate the
optical response of vision-based tactile sensors signi�cantly outperform model-based methods such
as (Wang et al., 2022; Chen et al., 2023; Agarwal et al., 2021; Gomes et al., 2021). However, there is
a divergence in data-driven approaches. Previous work including (Higuera et al., 2023; Chen et al.,
2022; Zhong et al., 2023) use image generation techniques like generative models to perform style
transfer from a simulated image to the style of a real deformation. However, these methods are rather
data-intensive since they need a large variation of real-world examples to generalize well. Instead,
Taxim (Si & Yuan, 2022) takes a pixel-based approach that uses a polynomial lookup table to map
surface normals to RGB directly. It is more data-ef�cient but makes assumptions about the sensors
bidirectional re�ectance distribution function (BRDF), which limits its applicability to sensors with
low spatial variance.

We compare our work with state-of-the-art tactile simulators in Table 1. We show that our work, to
the best of our knowledge, is the only work that is 1) system-wise differentiable to enable ef�cient
skill learning, 2) can accurately model the soft body dynamics and contact dynamics, 3) supports
broad categories of objects including rigid, elastic, elastoplastic, and cables, and 4) provide a data-
ef�cient approach to simulate optical responses for vision-based tactile sensors.

3 TACTILE SIMULATION

3.1 SYSTEM OVERVIEW

DIFFTACTILE models the soft contact between tactile sensors and objects including contact force
distribution, contact surface deformation, and optical response to provide dense tactile feedback.
We present four key modules of our system: 1) a Finite Element Method (FEM)-based tactile sensor
model in Section 3.2, 2) a learning-based method to simulate the optical response of tactile sensors
with high spatial variation in Section 3.3, 3) rigid, elastic, and elastoplastic object models using
Moving Least Square Material Point Method (MLS-MPM), and cable model using Position-Based
Dynamics (PBD) in Section 3.4, 4) a penalty-based contact model in Section 3.5.
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3.2 TACTILE SENSOR SIMULATION

We model the deformation of the tactile sensor's soft elastomer under contact forces with FEM.
We discretize the sensor soft elastomer to tetrahedron elements and then apply boundary conditions
at the base of the sensor with position or velocity control. Since most tactile sensors' elastomers
including ours are made from hyper-elastic materials, we apply the Neo-Hookean constitutive model
in our simulation to capture the non-linearity of the material property. The energy density function
	 and the �rst Piola-Kirchhoff stress tensorP used for governing equations are de�ned as:

	( I 1; J ) =
�
2

(I 1 � 3) � �log (J ) +
�
2

log2(J )

P(F) = � (F � F � T ) + �log (J )F � T
(1)

whereF 2 R 3� 3 is the deformation gradient,I 1 = tr (FT F) is the �rst isotropic invariants, and
J = det(F) is an additional invariant. Note that our tactile simulation can be easily customized with
different shapes, sizes, and materials by replacing the input mesh model or constitutive model.

To get tactile outputs including visual images and marker motions for vision-based tactile sensors,
we �rst extract the deformed surface mesh from each simulation step's FEM solution, then we
interpolate the marker's locations by weighting surface node locations given a set of initial markers
captured from a real sensor. We project 3D markers to the 2D image plane by using the tactile
sensor's camera model.

3.3 OPTICAL SIMULATION

We reconstruct the optical response of a vision-based tactile sensor to contact using a data-driven
approach. We model the surface of the sensor as a height functionz = f (x; y), and represent the
continuous spatially-varying re�ectance function of the surface as a 4D vector-valued function. The
function input is the 2D viewing direction (d =�; ' ) and 2D surface normals (x =@f

@x;
@f
@y), and

the output is the change in re�ected colorc = ( r; g; b). We approximate our re�ectance function
with a multilayer perceptron (MLP)f � whose input is augmented with a positional encoding
 (d)
and
 (x) rather than directlyd andx to enable the network to better �t data with high-frequency
variation (Mildenhall et al., 2021). Formally the encoding function is:


 (p) = sin(2 0�p ); cos(20�p ); :::; sin(2L � 1�p ); cos(2L � 1�p ) (2)

Our rendering scheme �nally consists of approximating the deformation caused by the contact
indentation using pyramid Gaussian kernels as proposed in (Si & Yuan, 2022).

3.4 OBJECTSIMULATION

We aim to support broader categories of objects beyond rigid objects for more diverse manipulation
applications. We leverage the Moving Least Square Material Point Method (MLS-MPM) (Hu et al.,
2018) to simulate rigid, elastic, elastoplastic objects. MLS-MPM has been shown to be ef�cient in
simulating soft bodies. For elastic objects, we implement both corotated linear elasticity and Neo-
Hookean elasticity models. For elastoplastic objects, we use the von Mises yield criterion to model
plasticity upon elasticity. For rigid objects, we �rst treat objects as elastic using MLS-MPM, and
then we add rigidity constraints by calculating object transformation and enforcing the shape of the
object. For articulated objects, we approximate the simulation by using the MPM-based approach
and assign different materials for different parts. The joints are simulated as soft and thin bodies and
other parts are simulated as rigid bodies.

For another group of deformable objects such as cables and clothes, it is common to simulate them
with Position Based Dynamics (PBD) (Müller et al., 2007). We also incorporate cable objects in our
simulation by using PBD, where we constrain the stretch, bending, and self-collision.

3.5 PENALTY-BASED CONTACT MODEL

We handle contact dynamics between sensors and objects with a penalty-based contact model similar
to (Xu et al., 2023). At each simulation step, we �rst check contact collision by pairing the surface
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triangle mesh from FEM with surface nodes from the object's particles (with either MPM or PBD).
For each pair, we calculate the sign distance �eldd and normal directionsn from the node to the
triangle mesh. Ifd is negative, the node is penetrating the surface mesh and we need to apply normal
penalty force to both mesh nodes and particle node to constrain the contact. In addition, we apply
static or dynamic friction forces to the pair based on their relative velocities and normal forces. We
represent our contact model as:

fn = � (kn + kdvn )dn

f t = �
v t

jj v t jj
min(kt jj v t jj ; � jj fn jj )

(3)

wherefn andf t are contact forces in the normal and tangential direction with respect to the local
surface triangle.vn andv t are the relative velocities between the pair of the triangle and node in
normal and tangential directions.kn , kd, kt and� are the parameters of contact stiffness, contact
damping, friction stiffness, and friction coef�cient. Then the contact forcef = fn + f t is applied to
both the triangle mesh nodes and the particle node of the pair as an external force.

FEM-MPM coupling FEM is a mesh-based method and we can extract surface triangle meshes
along with their associated node positions, velocities and face normal directions. MLS-MPM is
a meshless hybrid Lagrangian-Eulerian method that uses Lagrangian particles and Eulerian grids
to simulate continuous materials. We apply contact collision checking and contact force modeling
between FEM surface mesh nodes and MPM Eulerian grids for ef�ciency.

In each simulation step, we �rst pre-compute the internal elastic forces for all tetrahedral meshes
from the constitutive law for the FEM sensor model, and advance particles to grids for the MPM
object model. Then we check contact collision and calculate external contact forces for all pairs
of triangle meshes and grid, and add them to the surface nodes. In post-contact computing, we
transfer the velocities and af�ne coef�cients from the grid to particles and do particle advection for
the MPM object model; and we advect the positions and velocities of the nodes based on the internal
elastic forces, external contact forces, and gravity for FEM elements. We also consider the external
boundaries such as tables and walls to constrain the positions of the objects.

FEM-PBD coupling Similarly to FEM-MPM coupling, we simply replace the MPM particles
with PBD particles for contact collision detection and modeling. For PBD objects, there's no pre-
contact computation, but we need to solve the stretch, bending, and self-collision constrains after
the contact, and velocity advection based on the updated positions.

4 EXPERIMENTS

4.1 OVERVIEW

We present two sets of tasks with DIFFTACTILE: system identi�cation, and tactile-assisted
manipulation. For system identi�cation, we use real-world tactile observations to optimize the
simulator's system parameters and to reduce sim-to-real gaps. Then we present �ve manipulation
tasks: grasping, surface following, cable straightening, case opening, and object reposing as shown
in Fig. 2. Tactile sensing can enable safer and more adaptive grasping to handle fragile objects such
as fruits. We grasp a diverse set of objects with various shapes, sizes, and materials without slipping
and damaging. For the other four contact-rich manipulation tasks, surface following requires the
sensor to stay in contact with a 3D surface and travel to an endpoint while maintaining a certain
contact force; cable straightening requires a pair of sensors to �rst grasp a �xed end of the cable,
and then straighten it by sliding towards the other end; case opening uses a single sensor to open an
articulated object via pushing; lastly, object reposing involves using a single sensor to push an object
from a lying pose to a standing pose against the wall. These four tasks represent rigid, deformable,
and articulated object manipulation.

4.2 SIMULATION SETUP

Initialization We initialize the simulation environment with a single tactile sensors for system
identi�cation, surface following, case opening, and object reposing, and two tactile sensorsf s1; s2g
mounted on a parallel jaw gripper for grasping and cable straightening. Both tactile sensors' and
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Figure 2: DIFFTACTILE tasks. Grasping: We grasp a set of four objects with different geometries and
materials. Surface following: A sensor travels on the surface while maintaining the contact.Cable
straightening: A pair of sensors straighten a cable by gripping and sliding from a �xed end.Object reposing:
A sensor pushes an object to let it stand against a wall.Case opening: A sensor opens the cap of a case.

objects' shapes are initialized with STL or OBJ mesh models and then voxelized to FEM tetrahedron
meshes or MPM/PBD particles. Objectsoi are initialized statically on the tabletop and we add a
vertical wall for object reposing. Tactile sensors are initialized statically near objects depending on
tasks but without contact. We initialize the poses of tactile sensor at time stept = 0 asTs(0) =
(Rs(0); ts(0)) 2 SE(3) whereRs(0) 2 SO(3) andts(0) 2 R3 and similarly object pose asTo(0).

State Each tactile sensors is represented as an FEM entity withN nodes andM tetrahedral
elements. For each nodeni , it contacts a 6D state vectorsi (t) = f pi (t); vi (t)g including a 3D
positionpi (t) and a 3D velocityvi (t). For each elementmi , it contacts a 4D index mapping from
the element to its associated four nodes. Both MPM-based and PBD-based objects are represented
with particles, and similarly, each particleoi also has a 6D state vectoroi (t) = f pi (t); vi (t)g.

Observation We de�ne two types of observations of each simulation stept, the state observation
and the tactile observation. State observation includes tactile sensors' and objects' posesTs(t); To(t)
and each node's or particle's statesi (t); oi (t). For tactile observation, we can output the sensor's
surface triangle mesh as a deformation map, the sensor's surface force distribution, or an aggregated
three-axis force vector.

Action At each time stept, actions for end-effectors (either tactile sensors or gripper with
kinematic chains down to tactile sensors) are queried from the controller as represented as a velocity
vectorvs(t) = f � Rs(t); � ts(t)g to update the velocities of the FEM nodes.

Reward/Loss Each task's reward or loss function is formed differently based on the task
objectives. We refer the readers to Section A.4 for more details.

4.3 SYSTEM IDENTIFICATION

Sim-to-real transfer for robot learning has been a long-standing challenge where the gap in between
heavily relies on simulation �delity. To reduce the gap, we leverage differentiable physics to
optimize the physical parameters of material and contact models given example data from the real
world. Our optimization targets include Lamé parameters� and� of the FEM sensor model, and
kn ; kd ; kt ; � of the contact model. The optimization objectives include the 6-axis force readings and
tactile marker readings under four different contact scenarios: pressing, sliding, in-plane twisting,
and tilt twisting as shown in Fig. 3.

Experimental Setup and Dataset We collect sequences of contact data from both the
real world and simulation with synchronized control poses and velocities of the sensor.
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