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Abstract— Despite advances in dexterous hand manipulation,
robotic hand design is still largely decoupled from task-
driven evaluation and control, limiting systematic optimization.
Existing robotic hand co-design approaches are often limited
in scope, optimizing a small subset of design parameters. We
introduce a comprehensive parametric framework for robotic
hand generation that unifies palm structure, finger kinematics,
fingertip geometry, and fine-scale surface curvatures within a
single design space. Fine geometric features are introduced
through parametric surface deformation kernels that directly
influence contact interactions. We validate the framework
on design optimization in grasp stability tasks in simulation
and real-world dynamic scenarios. Our framework produces
simulation- and fabrication-ready hand models and will be
released as open-source to enable rapid design iteration for
dexterous hand co-design optimization frameworks and cross-
embodiment policy training and control research.

I. INTRODUCTION

What happens if we lose a finger or two on our hands?
What if we had more joints on the fingers? Or if the shape
and length of them were different. Would that affect our
performance? Intuitively, we know they do alter our ability
to interact with the physical world and our ultimate dexterity
after adaptation to our new hands. It is not just about time
and remapping the brain to them; it is what we are remapping
to. Another important question is whether our hands are the
best for a specific task. The answer is beyond sensing and
control; it concerns the kinematics, geometry, and actuation.

We have achieved versatility and dexterity through a tight
coupling of morphology, sensing, and control over years
of evolution [1], [2]. It is the harmony of these features
that allows our hands to conform to complex geometries,
distribute forces intelligently, and adapt instantly to uncer-
tainty. The shape of the hand determines where contacts can
form, sensing reveals how those contacts behave, and control
coordinates the response. Dexterity emerges not from any
single component but from their integration.

Unlike human hands that have evolved in different aspects,
most robotic hands and systems are designed using a sequen-
tial pipeline in which hardware is manually designed and
fixed prior to control optimization [3], [4]. This separation
results in designs that limit manipulation performance and
require controllers to compensate for suboptimal embodi-
ment [5], [6]. However, control policy performance is highly
sensitive to hand geometry, actuation, and contact properties.
These observations motivate co-design optimization (CDO),
in which hand morphology and control are optimized jointly
with respect to task objectives [7]-[9]. Co-design enables the
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discovery of design—control combinations that are difficult to
obtain through manual tuning.

In a hand co-design optimization, we generate new hand
designs and configurations (similar to mutation in biology) to
be evaluated using specific metrics, such as optimal control
policy performance (neural adaptation in biology). Then, we
need to loop this process (evolution) in an optimizer to
tune hand configurations and designs. Through iterations, the
optimal design is achieved [10], [11].

In the generation stage, we require a model capable of
producing and modifying diverse hand designs, such as
adding fingers or joints, adjusting offsets, and reshaping the
palm. This demands explicit parameterization of the high-
dimensional design space spanning kinematics and geometry.
Prior work typically explores only limited parameter subsets
[10]-[15], resulting in narrowly scoped frameworks. To
address this gap, we propose a comprehensive hand design
parameterization and generation system that spans from
high-level palm and finger configurations to fine-grained
surface and fingertip geometries, enabling task-dependent
prioritization of design variables.

Our hand generator outputs a configured dexterous manip-
ulator URDF and corresponding meshes, including accurate
colliders and assembly-aware visualization bodies, which
can be imported into simulators or directly printed and
assembled, bridging the sim-to-real hardware gap that exists
in many co-design optimization frameworks [10], [16], [17].

After generating new hand designs, we evaluate them by
assigning a simulation-based performance score for iterative
optimization. We focus on grasp stability. From picking



up an object or holding a tool to transitioning between
grasps in an in-hand manipulation task, we require stability
and robustness against disturbances and external forces like
gravity [18]-[20]. Specifically, we optimize for stable power
grasps of tools (e.g., a hammer), using an inner optimiza-
tion loop to compute the best grasp configuration for each
generated hand. While grasp stability is our target metric,
the framework readily extends to other tasks with custom
performance objectives.

Optimization closes the loop between hand generation
and evaluation by proposing new design configurations for
simulation. Because common simulation-based dexterous
grasp evaluation involves multi-contact interactions in non-
differentiable physics simulators such as Isaac Sim and
MuJoCo, and includes discrete and categorical design pa-
rameters, gradient-free optimization methods are preferred
[10], [21]. These approaches do not require derivative infor-
mation or smooth objective functions and are well-suited for
complex, non-convex, discontinuous, and noisy systems like
ours [22], [23].

To validate our framework, we conduct a co-design op-
timization over 28 kinematic and surface-level geometric
parameters, including joint placement, link dimensions, fin-
gertip scaling, and palm features. Designs are evaluated
using a grasp stability metric derived from simulated optimal
grasps of three tools. We perform SHAP analysis to quantify
each parameter’s contribution to performance. We further
validate the results through real-world dynamic grasping
experiments using three fabricated hands.

Although demonstrated on a subset of parameters for a
multi-fingered hand in a power grasp task, the framework is
not limited to a single embodiment or scenario. The key
contribution lies in formalizing almost every aspect of a
hand design as a parameterized and searchable space, where
morphology becomes a programmable variable rather than
a fixed constraint. By redefining the design space for a
new hand, through alternative kinematic structures, surface
geometries, or task-specific constraints, the same pipeline can
be directly applied to optimize different robotic hands for
different objectives.

II. RELATED WORKS
A. Robot Hand Design Parameterization

Robotic hand design has traditionally followed two di-
rections: anthropomorphic replicas of the human hand and
simplified grippers for specific industrial tasks. Many sys-
tems adopt fixed bio-inspired architectures that replicate
anatomical features such as skeletal structure and tendon
routing [24], with platforms like the Shadow Hand and
Allegro Hand exemplifying this approach. However, these
embodiments are typically handcrafted and remain static,
with limited task-driven optimization.

To move beyond manual design, several works introduced
explicit parameterizations of hand morphology. Early studies
explored constrained mechanical subspaces, such as optimiz-
ing pulley routing in underactuated hands [25] or tuning
geometric parameters to improve grasp success [26]. Later

efforts expanded the search space to structural variables like
finger count, placement, and joint number [14], cage-based
link scaling [27], and optimization of physical properties
such as friction and damping under fixed kinematics [28].

Recent work has broadened the parameter space in two
complementary directions. On the structural side, Gilday et
al. parameterized tendon-driven hands over joint diameter,
ligament thickness, and pulley characteristics with hard-
ware validation [29], while Fay et al. [11] introduced a
morphology-conditioned framework for jointly exploring di-
verse structural configurations. In the soft robotics domain,
Yi et al. parameterized flexure-based grippers by block-wise
stiffness distribution, using a neural physics surrogate for
differentiable end-to-end optimization [12], and Bai et al.
derived a design space for tendon-driven soft hands spanning
finger geometry and actuation routing, paired with a learned
reward model for efficient search [8].

On the contact-geometry side, Chen et al. represented
fingertip modifications as a simplified contact plane and
jointly optimized its parameters with control to enable both
power and precision grasps within a single hand [30].

Despite these advances, most approaches address either
coarse structural variables or narrow contact-level modifica-
tions in isolation. A unified parameterization spanning kine-
matic structure, fine-grained surface geometry, and contact-
level features within a single extensible framework remains
an open challenge.

B. Robot Hand Co-Design and Optimization

Optimization of robotic systems has long been studied for
joint configurations and control using simplified kinematic
or dynamic models [31]-[33], but hardware-level design op-
timization traditionally required significant manual interven-
tion. Recognizing the strong coupling between embodiment
and control, recent research has shifted toward co-design
frameworks that jointly optimize morphology and policy
[34]-[37], with reinforcement learning further enabling joint
optimization in locomotion domains [38], [39].

For robotic hands, co-design studies have grown increas-
ingly sophisticated but remain limited in scope. Fay et al. pre-
sented a cross-embodied co-design framework with a mor-
phology search space paired with morphology-conditioned
control policies, enabling an end-to-end pipeline that can
design, train, fabricate, and deploy a new hand [11]. At
the contact level, Chen et al. showed that jointly optimizing
fingertip geometry and manipulation policy can substantially
expand the functional range of a fixed hand platform [30].
Yi et al. replaced expensive simulation with a differentiable
neural surrogate, enabling gradient-based co-optimization of
gripper stiffness and grasp pose with 3D-printed hardware
validation [12]. Bai et al. instead trained a reward model
on teleoperation data and combined it with a cross-entropy
method, reducing required design evaluations by more than
half while learning a distribution of high-performing soft
hand designs [8].

Despite this progress, existing methods typically optimize
a small subset of parameters and target narrow task objec-
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tives. Comprehensive co-optimization across heterogeneous
design variables, spanning kinematics, geometry, material
properties, and contact features, remains underexplored, par-
ticularly for stability-driven, task-conditioned optimization
across diverse embodiments and grasp types.

III. DEFINING AND MODELING HAND DESIGNS

We generate the hand in two stages. First, we construct
the palm geometry and define the finger attachment points
based on the design parameters, then structure and assemble
each finger onto the palm. In the second stage, we deform
the surface geometry of both the palm and fingers.

The hand-generation process is configured by a large set
of parameters, including continuous and discrete variables
as well as a number of categorical choices. Parameters
may be manually specified, randomly sampled, or optimized
following an initial exploration phase.

A. High-level Structure

1) Palm Model: We parameterize the palm geometry as an
extrusion of a planar 2D shape. The surface outline is defined
by the parameters listed in Fig. 2A. Palm size, polygon sides,
and aspect ratio determine the initial outline.

The fingers and the thumb are initially assigned to the
locations on the outline. Secondary continuous parameters

defining the finger base location and orientation (Fig. 2A)
are then specified. Finally, the palm outline is updated by
incorporating the base segments and applying additional
integrity steps, Fig. 2B, to output the final meshFig. 2C.

2) Finger Model: Each finger is attached to its corre-
sponding base on the palm. The finger structure is defined by
a set of parameters and represented by a code, as shown in
Fig. 3A. The first parameter in the code, rotation mode (R),
diversifies the enabled joint types, from a single-axis Grasp
joint (R = 0, revolves around the right axis) to a three-axis
joint selection (R = 4, side and axial joints with an optional
Grasp joint). The added joint count and types Fig. 3C and C*,
whether they attach before or after the rotation mode joints,
introduce several new parameters to the finger configuration.

For the thumb, we also introduce a specialized joint
configuration inspired by the Leap Hand [4], which includes
an initial lateral joint at the base. This ensures a minimum
level of dexterity and enables opposability comparable to
that of the human thumb. Two thumb-specific rotation modes
determine whether an axial joint connects to the first joint
or not, Fig. 3B*.

We modify the existing link lengths through the link spacer
height parameter group, Fig. 3D, as well as modify the
fingertip size in all three axes using scaling parameters.

Through this parameterization, we can generate a great
number of diverse finger kinematics that structure robot
hands with different levels of dexterity. Each of these finger
structures might outperform others in a specific task, which
can be determined in the evaluation and optimization stage.
For example, a finger with an axial joint connected to the
fingertip can potentially rotate the objects in hand without
breaking contact, which could outperform a hand that only
possesses closing joints.

3) Fine Geometry Modeling: Surface curvatures signif-
icantly influence performance in both static and dynamic
manipulation tasks by altering contact reaction forces and
grasp stability. For example, a concave palm can potentially
improve the grasping of tools such as a hammer compared
to a flat surface.

We generate surface pads on the base meshes of the hand
components and deform their top surfaces, as shown in
Fig. 4. Deformations are applied using parametric surface
kernels (e.g., Gaussian), which displace vertices along their
surface normals within selected center regions. Each kernel
is controlled by a set of parameters illustrated in Fig. 4A.

We decompose the pad mesh into small colliders, Fig. 4B,
for compatibility with most of the physics simulators that
only support convex mesh import from the URDF.

B. Hand Generation

Once all parameters are specified, the hand is generated
and exported as a complete URDF, including all associated
collision geometries with precise modeling, ready to be
imported into physics simulators as an articulated robot
model with relevant kinematic and inertia information. The
resulting STL files require no additional processing and are
ready for fabrication and assembly.
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IV. TASK-DRIVEN DESIGN EVALUATION

To demonstrate the hand generation and optimization
pipeline, we optimize a subset of design parameters for
power grasp tasks in simulation (Isaac Sim 4.5). We adapt
the method presented in [40] with a few improvements.

Unlike the reference method that iterates through new
grasps in a purely random search manner, we synthesize
grasp candidates through systematic optimization and select
the most stable one for each of the tools. This structured
search not only improves sample efficiency but also ensures
that each morphology is evaluated under its best achievable
grasp strategy, enabling a fair and task-driven compari-
son across different hand designs. The evaluation method
measures grasp stability by testing robustness to applied

disturbance wrenches on the tool.

a) Grasp Generation: A grasp configuration is defined
as G = {qo,Tgsp}, Where qp € R™ denotes the finger
joint angles and Tyg € SE(3) is the wrist pose expressed
in the object frame. During grasp synthesis, the object is
initially suspended. Candidate wrist poses, as the first set
of optimization parameters, are sampled within a functional
region Fig 5C, centered on a reference human grasp wrist
pose T .. demonstrated for each tool, according to: Tyrasp =
Tiise - Terturo Where Therry, consists of bounded translational
and rotational perturbations.

Finger configurations are diversified by sampling inter-
finger spread angles for individual fingers, a second set of
parameters. We fix all the joint torque thresholds that termi-
nate finger motion after contact at a much lower threshold,
20 percent of the minimum value for the reference method
[40], to suit our optimization framework without early-stage
score saturation. The current sampling strategy enables the
synthesis of a wide range of grasp configurations that adapt
to tools with varying shapes and orientations.

b) Grasp Stability Scoring: Each candidate’s grasp
configuration G is evaluated using disturbance-based wrench
tests applied in Cartesian wrench space. External forces and
torques are independently applied along all positive and
negative Cartesian axes, yielding 12 test directions. For each
direction ¢, the wrench magnitude is increased linearly up to
a maximum force Fi,,x Or torque 7yax over a fixed duration
tmax. Grasp failure is detected when object motion exceeds
position or orientation thresholds (d,, dg), at which point the
stable duration ¢\ _is recorded. The grasp stability score is

stable
computed as the average normalized stable time across all
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samples new hand designs from predefined parameter ranges and custom
structural specifications. (C-F) We build upon the grasp synthesis and
wrench-space evaluation method of [40], extending it with an optimization
loop over grasp configurations to identify the most stable grasps for each
hand-tool pair. For each generated hand, grasp optimization is performed
across the target tool set. The resulting performance scores are then fed
back to the hand optimizer to guide subsequent design iterations.

directions for a specific tool ¢:
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For each hand-tool combination, we find the optimal grasp
to form the final hand score S}, by taking the average of the
K best grasp scores for T tools Eq. (2). In the current paper,
we use three tools: a hammer, a spoon, and a knife.

T
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Sh= e 2D 5 )

t=1 k=1

¢) Dynamic task-specific instability: After finding the
optimal hand and grasp, we analyze the grasp stability

for three hands performing tasks on three tools in an
open-loop real-world dynamic setting following the human-
demonstrated trajectory of hammering a nail, cutting a cu-
cumber, and mixing a pancake batter. We use an OptiTrack
motion-capture system with a rigid mount attached to each
tool to accurately record its pose during real-world trials.
We then report the relative in-hand rotation of the tools by
comparing it to the robot’s recorded end effector pose.

V. DESIGN OPTIMIZATION

Candidate hand designs are evaluated through physics-
based simulation, outputting a non-differentiable perfor-
mance score. Also, the design space contains a mixture of
continuous, discrete, and categorical parameters, as well as
conditional dependencies between parameters. These charac-
teristics prevent the use of gradient-based methods.

A. General Problem Formulation

Let x € X denote a hand design parameter vector, where
X is a mixed search space consisting of continuous param-
eters (e.g., link lengths, offset values), discrete parameters
(e.g., joint counts, number of fingers), and categorical pa-
rameters (e.g., rotation modes). The objective is to maximize
a task-dependent performance metric from simulation:

x" = arg max f (%), 3)

where f(x) is computed by running a full simulation rollout
of the manipulation task and measuring, for example, task
success, stability, and/or efficiency. Due to stochasticity in
contact dynamics and control, f(x) may be noisy and is
treated as a stochastic black-box function.

B. Bayesian Optimization with TPE

In this work, we adopt the Tree-structured Parzen Esti-
mator (TPE) as the optimizer in our co-design framework
for both grasp optimization and hand optimization. TPE is a
sequential model-based optimization method that efficiently
searches diverse design spaces composed of continuous,
discrete, and categorical variables. Moreover, TPE scales
well to moderately high-dimensional search spaces and re-
mains robust under noisy objective evaluations arising from
stochastic grasp synthesis and physics-based simulation.

Unlike classical Gaussian Process—based Bayesian opti-
mization, which models the conditional distribution p(f |
x), TPE models the inverse density p(x | f) using non-
parametric density estimators.

At each iteration, the set of previously evaluated designs is
partitioned into two subsets based on a performance quantile
threshold, f*: a set of high-performing designs, G, and a set
of lower-performing designs, B. TPE fits separate density
models to these two subsets, b(z) and g(x), and selects
new candidate designs by maximizing the ratio between the
likelihood of sampling from the high-performing distribution
and the low-performing distribution, Eq. (5). This mechanism
naturally balances exploration of uncertain regions with
exploitation of promising design configurations.
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We use separate TP-based optimizers with a similar struc-
ture for both grasp optimization and hand optimization loops.
The only difference is the set of optimization parameters and
the objective function to maximize, Eqgs. (1) and (2).

VI. EXPERIMENTS

We perform optimization of 28 hand parameters selected
from different design categories, listed in Table I. We cus-
tomize the parameter ranges intuitively based on the tool
sizes and compatibility with the simulation task. The palm
pad resolution is set to a moderate value to accelerate the
process. The grasp configuration ranges are adopted from
the reference method [40]. We put the TPE performance
threshold on the top 25 percent score range for all optimizers.

A. Hand Optimization

Figure 6A shows the average sampled hand scores and
the best hand score within each iteration. After iteration
200, the score almost converges. We can observe that the
optimization curves have a high-frequency noise. Multiple
factors may contribute to the noise, such as the stochastic
sampling of the hand configurations and the noisy simulation
results in Isaac Sim. We also observed that having a higher
resolution pad for the palm decreases the noise band with a
larger computational load trade-off.

We visualize the three high-, mid-, and low-scored hands
that we fabricate in Fig. 6D. In the lowest-scored designs,
the two-finger hands are consistently scored less than the
three-finger hands, which is expected in a power grasp task,
as fewer contact points and weaker constraints are holding
the tool in hand. Parameters such as thumb angle and finger
lengths are also different in each hand, yet it is hard to
understand the effects of these parameters without a complete
parametric analysis, investigating how each design feature
affects the final performance score.

B. Parametric Analysis

Each hand design parameter can influence grasp stability
in complex and nonlinear ways. While the optimization
process identifies high-performing configurations, it does
not directly reveal how individual parameters contribute
to performance. To obtain interpretable insights into the
design space, we perform a parametric analysis using SHAP
(SHapley Additive exPlanations).

We first train a Random Forest regression model to
approximate the mapping between hand design parameters
and the corresponding grasp stability scores obtained from
simulation. The Random Forest model is well-suited for this
task due to its ability to capture nonlinear relationships and
parameter interactions without requiring explicit functional

assumptions. Using SHAP, we compute the contribution of
each parameter to the predicted grasp score.

SHAP values provide both global and local interpretability.
Globally, they allow us to rank parameters according to their
overall importance across the dataset. Locally, they reveal
how specific parameter values increase or decrease grasp
stability for individual designs. This enables identification
of nonlinear effects, interaction patterns, and potential trade-
offs between structural and surface-level variables.

By complementing optimization with interpretable anal-
ysis, the framework moves beyond black-box search and
provides actionable insight into which aspects of morphology
most strongly influence grasp performance.

Figure 6B—C present the SHAP analysis results. As shown
in Fig. C, finger number has the strongest contribution to
grasp stability. The second most influential parameter is the
thumb [7'] normal offset (directed rightward as illustrated
in Fig. 2), where larger offsets consistently improve perfor-
mance. This aligns with physical intuition: increasing the
thumb offset enlarges the contact span between the thumb
and pinky, enhancing torque resistance, similar to shifting
the pinky [F>] outward (blue regions).

In contrast, longer fingers and fingertips consistently de-
grade performance. Increased link length amplifies required
joint torques under external wrenches, reducing grasp robust-
ness. Additionally, elongated links create larger gaps when
the hand forms a fist, increasing internal void space and
weakening contact enclosure around the object.

Regarding the surface kernels, smaller spread (o) and
lower maximum deformation generally yield higher grasp
scores. The center offsets of the two kernels exhibit opposing
effects: a smaller offset for K and a larger offset for K; are
associated with improved performance. This indicates that
overlapping the kernels, leading to concentrated deformation,
is unfavorable for grasp stability.

For clearer visualization of the SHAP results, we group
related parameters in Fig. 6B, stacking them by category and
ranking their aggregated contribution to grasp performance.

C. Real-world Dynamic Tasks

To further evaluate our hand and grasp optimizer and
validate the grasp stability metric for tool-use tasks, we
conducted human-demonstrated trajectories across three rep-
resentative tasks on the three fabricated hands mounted on
a URSe robot arm. OptiTrack markers were attached to the
tools, and both tool markers and robot end-effector poses
were recorded to calculate relative angular motion.

Figure 7 shows the in-hand rotation error, assuming the
tool should rigidly follow the end-effector trajectory, for
three different hands using their simulation-optimized grasps.
Notably, the torque limits used during simulated grasp initial-
ization and the resulting joint targets were directly transferred
to the physical hands. We run each hand-tool trajectory for
5 trials and take the average of the results.

The results show that the hand with the highest simulation
score consistently outperforms the other two designs in real-
world experiments, particularly in the mixing and cutting
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TABLE I
OPTIMIZATION PARAMETERS IN THE CURRENT POWER GRASP STUDY.

Category Opt. Parameter Range Count
Finger pose Angle [°] [0-30, , -30-0] 2
Normal offset [mm]  [0-5, 0-10, 0-5] 3
Side offset [mm] [0-30, , -30-0] 2
Thumb pose  Angle [°] [-30, 30] 1
Normal offset [mm]  [-30, 30] 1
Side offset [mm] [-40, 10] 1
Palm kernel Max height [mm] [0, 20] 1
Spread [0.05, 0.3] 2
Center angle [°] [0, 360] 2
Center offset [0, 1] 2
Intensity ratio [0, 1] 2
Fingertip Scale Y [1.0, 1.5] 1
Scale Z [0.5, 1.5] 1
Link lengths  Added length [mm] [0, 10] 4
Structural Finger code 1-1-1 7 0-121 1
Thumb code 1-22 / 0-22 1
Finger number 2/3 1

tasks. In the hammering task, while peak performance is
comparable, the high-scoring hand demonstrates more con-
sistent stability over time, exhibiting reduced rotational drift
and disturbance sensitivity compared to the other designs.

VII. CONCLUSION

We presented a dexterous hand co-design optimization
framework with a comprehensive parametric generation
stage. The proposed hand generator spans a broad design
space, from palm dimensions and finger kinematics to fine-
grained surface geometries, enabling systematic, task-driven
embodiment optimization.

Hand configurations were evaluated using a simulation-
based grasp synthesis and stability assessment pipeline tar-
geting power grasps in tool-use scenarios. To interpret the
optimization outcomes, we performed a SHAP-based para-
metric analysis using a Random Forest surrogate model,

(B) Relative in-hand rotational slip

(A) Task

50| — High-score hand
— Mid-score hand
251 — Low-score hand

Cutting

Hammering

Stirring

Time (s)

Fig. 7. Real-world dynamic task performance. (A) We transfer the optimal
grasps obtained in simulation to the real-world test setup and execute the
same human-demonstrated trajectories [40] for three different tasks across
three different hand designs, performing five trials for each configuration.
(B) In-hand tool rotational slip measured with OptiTrack markers shows
tracking errors consistent with simulation-based optimization results. Each
curve shows the average error over five trials.

revealing the relative importance and interaction effects of
structural and surface-level parameters. This analysis pro-
vided actionable insight into how morphology influences
grasp stability, moving beyond black-box optimization to-
ward interpretable design reasoning.

Real-world experiments following human-demonstrated
dynamic trajectories validated the simulation results. The
highest-scoring hand in the simulation consistently outper-
formed alternative designs in mixing and cutting tasks and
exhibited more stable behavior over time in hammering.
Overall, the results demonstrate that our framework enables
interpretable, task-specific morphological optimization with
reliable sim-to-real transfer.



The framework can generalize to other hand designs and
tasks. By redefining the parameterized design space, the same
pipeline can optimize different robotic hands for different
objectives.
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