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Abstract—Physics simulation is one of the key enablers for
collecting high-quality demonstration data for learning contact-
rich dexterous manipulation skills. In this paper, we present
a GPU-accelerated simulation framework for teleoperated dex-
terous manipulation data collection. The framework enables a
human operator to interact with virtual manipulation scenes in
real time through multiple hand embodiments, including robotic
hands and anthropomorphic avatar hands, driven by various
hand-tracking devices. To support contact-rich interaction with
complex geometries, the framework combines GPU-accelerated
signed-distance-field-based collision detection for complex object
meshes with a GPU-accelerated dynamics solver that handles
the nonlinear complementarity problem induced by Signorini—
Coulomb contact constraints. This integration enables interac-
tive teleoperation in contact-intensive scenes involving complex
objects and high-dimensional hand-object dynamics, while pro-
viding dense simulation states and contact information that are
difficult to obtain from physical data collection alone.

I. INTRODUCTION

High-fidelity data is becoming increasingly important for
dexterous robotic manipulation as robotic systems move be-
yond simple pick-and-place tasks toward more complex tasks
involving contact-rich behaviors such as tool use, in-hand
manipulation, and tight-tolerance assembly. Learning such
behaviors requires successful interaction episodes that cap-
ture rich contact dynamics, object motion, and hand-object
coordination. However, acquiring these episodes in the real
world is challenging: dexterous manipulation involves high-
dimensional actuation, intermittent multi-contact interactions,
and tightly coupled control and planning, which together create
a chicken-and-egg problem. Reliable policies require high-
quality data, but collecting such data at scale often requires
policies that are already competent. One way to break this
cycle is to leverage human intelligence through learning from
demonstration, for example, by collecting teleoperated manip-
ulation trajectories. While effective, this approach is limited
by the cost and complexity of physical teleoperation systems,
as well as by the limited throughput of real-world data col-
lection. In addition, physical experiments often provide only
partial observations of the underlying interaction state; contact
forces, object poses, pressure distributions, and other quantities
relevant to manipulation are difficult to measure accurately and
densely. In this context, simulation offers a promising route
toward scalable generation of dexterous manipulation data.
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assembly

Fig. 1: Overview of ‘Leap hand assembly’ scenario consisting
of four bolt-nut assembly tasks. The left half shows meshes
used as colliders, while the right half shows meshes for
rendering.

In this paper, we present a GPU-accelerated simulation
framework for teleoperated dexterous manipulation data col-
lection. The framework enables a human operator to inter-
act with a virtual manipulation scene in real time through
multiple hand embodiments, including robotic hands and an-
thropomorphic avatar hands, driven by various hand-tracking
devices [22| 17, [8]]. To support contact-rich manipulation with
complex geometries, the framework combines TE-SDF [14],
a GPU-accelerated signed-distance field (SDF) based colli-
sion detection between complex object meshes, with GPU-
SubADMM [13], a GPU-accelerated dynamics solver that
handles the nonlinear complementarity problem (NCP) derived
from the exact Signorini-Coulomb contact constraints for-
mulation. This combination enables interactive teleoperation
in contact-intensive scenes involving many complex objects
and high-dimensional hand-object dynamics, while providing
dense simulation states and contact information. Using this
framework, we demonstrate challenging dexterous manipula-
tion scenes, such as the ‘Leap hand assembly,” as shown in

Fig. [1}



II. SIMULATION FRAMEWORK

In this section, we explain the core components and overall
simulation framework.

A. Collision Detection for Complex Contact

Accurate collision detection is a crucial component of
contact-rich simulation, as it provides the contact constraints or
penalty forces that are subsequently processed by the dynamics
solver. Inaccurate contact features, such as erroneous normals,
penetration depths, or contact locations, can lead to non-
physical behavior, including jittering, excessive penetration, or
numerical instability, even when the dynamics solver itself is
well-behaved. Direct triangle-mesh-based collision detection
can represent complex geometry, but it is often difficult to use
robustly as it relies only on surface intersection information.
As a result, additional procedures are required to recover
stable contact features, such as continuous collision handling
methods and penetration-free dynamics solvers [7, [18], which
are too expensive for interactive simulation.

Signed distance fields (SDFs) provide a more suitable rep-
resentation for contact simulation because they encode volu-
metric proximity information. Through spatial queries, an SDF
directly provides distance-to-surface information and surface
normals, which can be used to construct contact constraints
more robustly. However, conventional SDF representations
involve important trade-offs. Dense voxel grids are simple and
fast to query [23} 3, 28} [12], but their memory cost grows cu-
bically with resolution, making it expensive to represent small
geometric features and tight clearances. Sparse grid structures
reduce memory usage but introduce hierarchical tree traversal
during SDF queries [11} [16]], which can be costly and difficult
to parallelize efficiently on GPUs. Neural SDF representations
offer another memory-efficient alternative [6} 4} 24, 29], but
their repeated network evaluations introduce significant query
overhead, making them less suitable for large-scale contact
detection in interactive simulation.

To address this issue, in addition to standard separating-
axis-based collision detection between convex polytopes, we
adopt a new representation for SDFs, TE-SDF [14]. TE-SDF
is a combination of the tetrahedralized spatial discretization of
the occupied volume of the underlying geometry and localized
distance functions encoded per tetrahedron. Tetrahedralized
mesh (tetramesh) naturally provides an adaptive spatial de-
composition; dense tetrahedra are located in geometrically
complex regions, while coarse tetrahedra are located in simple
regions [26]]. This provides a memory-efficient representation
of space compared to dense voxel grids. For each tetrahedron
t, a localized distance function is represented by encoding
a subset of the surface triangles F;, which are the possibly
closest faces satisfying the following:

d(z,F) = d(z, Ey)

where d(-,-) : R? x P(R®) — R is a distance function from a
point to a subset of R3, F is the surface of the geometry, and
E is the subset of the surface triangles stored for tetrahedron
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Fig. 2: Comparison between thread-wise and warp-wise par-
allel Face-TES collision detection scheme with n(E;) = 32.
Thread-wise parallelization spills half of the fetched faces
from global to local memory, resulting in performance loss.
Warp-wise parallelization has no such spill, as it contains
all necessary data in registers. This scheme also enables
parallelized face set fetching and SDF evaluation.

t. This reduces the SDF evaluation within a tetrahedron to a
few point-to-triangle distance evaluations.

With this new representation, GPU-accelerated collision
detection can be done as follows. First, every overlapping
triangle-tetrahedron region is obtained with GPU-accelerated
broadphase [15] and a parallelized intersection calculation
between the triangle and the tetrahedron. Then the following
optimization problem is solved for every pair using the Frank-
Wolfe method, which is a similar approach done in [21]]:

min ¢(x) (1)

zEP

where P is the intersecting triangle-tetrahedron region. Here,
a warp-level parallel approach [10] is used to solve these
problems, as thread-level parallelism can cause register spilling
into local memory [9] as shown in Fig 2}

B. GPU-Accelerated Contact Dynamics

After collision detection generates contact constraints, the
resulting dynamics problem must be solved efficiently and ro-
bustly. Dexterous manipulation involves complicated dynamics
involving contact and coupled motion between articulated
hands and manipulated objects. These effects naturally lead to
non-smooth contact dynamics governed by unilateral Signorini
constraints and Coulomb friction. The corresponding time-
stepping problem can be formulated as a nonlinear comple-
mentarity problem (NCP).

However, solving this problem at interactive rates remains
challenging. Many practical simulators improve robustness
and speed by modifying the original contact problem. For
example, MuJoCo [27] and Drake [35] use convexified or
relaxed contact constraints to formulate the problem as a
cone complementary problem (CCP). These formulations are
effective in many robotic simulation settings, but the relaxation
introduces artificial compliance, contact softening, or gliding
during slipping.
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Fig. 3: GPU-accelerated SubADMM overview under a sce-
nario with both contact and joint constraints. Each subsystem
and contact constraint is designated a memory region with
the same layout pattern. This structure is the same for joint
constraints, which are not shown in the figure.

Another common approach is to use projection-based or
position-level constraint solvers, such as those related to ex-
tended position-based dynamics (XPBD) [19]. These methods
are computationally efficient and well suited to interactive
applications, but their Gauss—Seidel-style sequential updates
can exhibit limited scalability and convergence issues in tightly
coupled contact systems. This limitation becomes especially
important in scenes with large mass ratios, such as light
fingertips interacting with heavier objects, where inaccurate
impulse propagation can lead to visible artifacts even after
many solver iterations [20].

To address these limitations, our framework uses a GPU-
accelerated subsystem-based ADMM solver for non-smooth
contact dynamics [[13]. The solver decomposes the full system
dynamics into body-level subsystem dynamics:

Agiy =bi+ > JhA i=1,...,N 2)
keZ;

where ¢ denotes the subsystem index, v; denotes the repre-
sentative velocity, A; € R6%6 b; € RS are the mass matrix
and the dynamics vector including the momentum, Coriolis
force and external forces, k£ denotes the constraint index, Z;
denotes the set of constraint indices the subsystem is under,
Jik € R7ex%6 N € R"k are the time-scaled constraint
Jacobian and the constraint impulse where n.j; denotes the
constraint dimension. Constraints can be formulated as fol-
lows:

(Jfk,k'{}fk +Jsk,k{)5ka)\k) EC(ek) k=1...N, 3)
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Fig. 4: Overall structure for markerless VIST. A keypoint
detection network based on a lightweight vision transformer
(ViT) processes visual data into keypoints. IMU measurement
is fused via a factor graph optimization framework, refining
the pose.

where fy, s are the indices of each first and second subsys-
tems which are involved in the kth constraint, and C(ey) €
R?"x s the set defined by the constraint error e;, € R and
the constraint type. The set C(e) for each constraint is defined
for three constraint types: soft, hard, and contact constraints.
Especially, we formulate the contact constraints using the
Signorini-Coulomb condition (SCC) by expressing the set C(e)
as follows:

0< A\, Lz, + d(e) >0,
0<dLpur, —||Mel2 >0,
oA + pApxy =0,

0 eR

4)

where ®(e) is the error fixed by Baumgarte stabilization [1],
the subscripts n and t denote the row corresponding to each
contact normal and contact tangent, and ; € R denotes the
friction coefficient. The resulting problem is reformulated as
an augmented Lagrangian optimization problem and solved
using ADMM. Each ADMM iteration decomposes the com-
putation into body-level dynamics updates and constraint-level
contact solves, both of which can be executed in parallel. GPU-
SubADMM exploits this structure by representing bodies and
contact constraints with fixed-size computational units, thereby
balancing the workload across GPU threads and enabling a
memory layout optimized for parallel execution.

C. Hand-Tracking System

Robust and accurate hand-tracking input is crucial for tele-
operated dexterous manipulation data collection, since tracking
errors directly affect the quality of hand-object interaction in
simulation. Our framework supports a vision-based tracking
system from Meta Quest [22], which provides a convenient and
low-cost interface for real-time teleoperation. However, purely
vision-based hand tracking can suffer from frequent occlusion
during dexterous manipulation, especially when the hand is
close to objects, tools, or other fingers. Such occlusions can
cause erroneous pose estimates and may lead to task failure
in fine manipulation scenarios.

To improve robustness under occlusion, we also integrate
a visual-inertial skeletal tracking system (VIST) [17, [8].
VIST fuses visual observations with inertial measurements,



(b) Synergy mechanism.

(a) Visual and collider mesh.

Fig. 6: Inspire hand asset for the ‘Inspire hand dining’ demo.

enabling more reliable hand-pose estimation even under severe
occlusions. By supporting both pure vision-based tracking
and visual-inertial tracking, the framework can accommodate
different teleoperation setups while providing stable hand-
motion input for contact-rich manipulation in simulation.

III. DEMONSTRATIONS

In this section, we evaluate the proposed framework through
a set of teleoperation demonstrations as shown in Fig. 5]

A. Tidy table

In this scenario, an anthropomorphic avatar hand model
is used, controlled by the markerless VIST hand-tracking
system [8]], while the object’s collider geometry is represented
by convex polytopes. The user tidies up a messy table with
various objects. We successfully simulate picking challenging

objects such as a thin pencil and nonprehensile manipulation
such as standing a calendar.

B. Inspire hand dining

In this scenario, the Inspire robotic hand model [2] is used,
controlled by the marker VIST hand-tracking system [17].
Instead of using convex polytopes, we use a TE-SDF for
the underlying trimesh that faithfully represents the smooth
surface of the fingers and the palm of the robot hand, as shown
in Fig. [6a as well as other objects with complex geometries
(wine glasses, dishes, etc.). We include the synergy mechanism
of the fingers for the hand using a 4-bar linkage system as
shown in Fig. [6b] Collision detection between these complex
geometries and dynamics solving with complex contact and
joint constraints is executed at an interactive rate.

C. Leap hand bolting

In this scenario, the Leap hand model [25] is used, con-
trolled by the Meta Quest hand-tracking system [22]. We suc-
cessfully simulate challenging assembly tasks with complex
geometries (valve, bolt, and nuts) within a single scene in real-
time. Notice that the collision detection and dynamics solve
are done accurately enough to handle challenging dynamics
between the bolts and nuts.

IV. CONCLUSION

In this paper, we propose a new simulation framework
for collecting dexterous manipulation data for challenging
scenarios by combining an accurate and memory-efficient
collision detection module, TE-SDF, and a GPU-accelerated
dynamics solver, GPU-SubADMM, which solves the NCP
dynamics governed by Signorini-Coulomb constraints. We
also integrated with various hand-tracking systems from low-
cost Meta Quest hand-tracking to robust and accurate VIST. As
future work, we plan to extend the framework with additional



sensor-data modules, including multi-view image generation
and tactile sensing, to support richer supervision for down-
stream learning. Also, enhanced mapping between the tracked
hand and the robot hand, and integration with haptic feedback
with calculated contact forces are also promising extensions.
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