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Abstract—Dexterous grasping is fundamental to robetics,
yet data-driven grasp prediction relies heavily on large and
diverse datasets that are costly to generate and typically limited
to a narrow set of gripper morphologies. Analytical grasp
synthesis can scale data collection, but the required simplifying
assumptions often yield physically infeasible grasps. These grasps
must be filtered in high-fidelity simulators, substantially reducing
both the number of retained grasps and their diversity.

We propose a scalable generate-and-refine pipeline for
synthesizing large-scale, diverse, and physically feasible grasps.
Instead of using high-fidelity simulators solely for verification
and filtering, we leverage them as an optimization stage that
continuously improves grasp quality without discarding pre-
computed candidates. Specifically, we initialize an evolutionary
search with a seed set of analytically generated, potentially
suboptimal grasps. We then refine these proposals directly in
a high-fidelity simulator (Isaac Sim) using an asynchronous,
gradient-free evolutionary algorithm that improves stability while
maintaining diversity. In addition, this refinement stage can be
guided by human preferences and/or domain-specific quality
metrics without requiring differentiable objectives. We further
distill the refined grasp distribution into a diffusion model for
robust real-world deployment and highlight the role of diversity
in both training and deployment. Experiments on our newly
introduced Handles dataset and a DexGraspNet subset show that
the proposed method produces over 120 distinct stable grasps
per object, a 1.7-6x improvement over unrefined analytical
seeds.

Project page: https://dexevolve.github.io

I. INTRODUCTION

Dexterous grasping is a fundamental capability in robotics,
enabling a wide range of applications, including industrial
automation, service robotics, and human-robot collaboration.
Traditional approaches to grasp synthesis primarily rely
on analytical methods that sample contact points on an
object’s surface and evaluate their force-closure properties by
solving conical optimization programs [20]]. While analytical
optimization can generate diverse grasp candidates, many
of them are not dynamically feasible due to simplifying
assumptions in the underlying models, such as coarse contact
dynamics, friction approximations, and simplified collision
handling.

Two-stage approaches first generate grasp candidates and
then filter them using high-fidelity, non-differentiable physics
simulators such as Isaac Sim [27] or MuJoCo [34]. Classical
methods such as Grasplt! [24]] use shape-guided heuristics
and quality metrics to generate and evaluate candidates. More
recent methods [S} 16, 211 136, 138 45| relax or approximate tra-
ditional force- or form-closure conditions, enabling integration
with gradient-based optimization and kinematic simulators.
Despite these advances, both paradigms share a fundamental

Fig. 1: Visualization of grasps generated by our evolutionary
refinement. We visualize grasps for two Handles assets and
one Objects asset. Our evolutionary approach generates diverse,
physically stable grasps by refining candidates directly in high-
fidelity simulation.

limitation: the separation between generation and validation.
Grasps are proposed under simplified or relaxed assumptions
and are only then verified in high-fidelity simulation. This post-
selection strategy is inherently sample-inefficient, since most
proposals are discarded during verification, and even those
that pass are often suboptimal because the generation process
cannot leverage direct physical feedback during optimization.
We argue that, rather than treating high-fidelity simulation
as a binary accept/reject filter, grasp proposals can benefit
substantially from direct optimization within the physics
simulator.

Direct simulator-based refinement is challenging for two
reasons. First, evaluating grasp stability in a physics simulator
is significantly more expensive than performing kinematic
checks. It requires applying interaction forces over a prede-
fined time horizon and verifying that the object remains stable.
Second, most high-fidelity simulators are non-differentiable,
which prevents the use of conventional gradient-based opti-
mization methods. Therefore, the few works that investigate
direct optimization in high-fidelity simulators are typically
limited to wrist-pose optimization and do not consider the
full grasp configuration in order to simplify the search
space [12] [13]].

To address these shortcomings, we propose a two-stage ap-
proach that uses high-fidelity simulators for grasp refinement
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without requiring differentiability. We start with a diverse
set of analytically generated grasp proposals from [45]. In
practice, our framework does not restrict the initialization
strategy, and other methods are equally applicable for obtain-
ing an initial pool of grasp candidates. We then refine these
proposals directly in a high-fidelity simulator (Isaac Sim)
using an asynchronous, gradient-free evolutionary algorithm.
The asynchronous and parallel nature of the process allows
many unpromising candidate grasps to be quickly discarded,
thereby allocating computation efficiently toward promising
regions of the grasp space.

Concretely, we reinterpret high-fidelity simulation not as a
binary accept/reject filter, but as a black-box objective that can
be optimized directly: instead of discarding the majority of
seed grasps, we iteratively repair and improve them through
evolutionary refinement. This yields a substantially larger
number of stable, dynamically feasible grasps (Fig. [I) while
preserving coverage of multiple grasp modes. Our contri-
butions include density-aware selection and archive-based
insertion rules that explicitly suppress redundant grasp clusters
and promote exploration of underrepresented regions of the
grasp space. Moreover, because our refinement is gradient-free,
it naturally supports steering with non-differentiable, domain-
specific metrics (e.g., interaction objectives for handles) and
even human preference signals. Finally, we distill the refined
grasp distribution into a conditional diffusion model to enable
fast inference from partial observations, bridging large-scale
dataset generation and deployable grasp prediction.

In summary, our contributions are:

+ Generate-and-refine evolutionary grasp synthesis: A
scalable pipeline that uses an asynchronous, gradient-
free evolutionary optimizer to refine an initial seed set of
dexterous grasp configurations directly in a high-fidelity,
non-differentiable simulator, with density-aware selection
and archive-based insertion to mitigate mode collapse
and preserve multimodal grasp diversity.

o Gradient-free guidance: Our framework allows the
refinement step to be guided toward human preferences
and/or task-specific quality metrics without requiring
differentiable objectives.

« Real-world deployment: We train a point-cloud-
conditioned diffusion model on the refined dataset,
yielding grasp predictions that are not only more diverse
but also applicable to real-world deployment from partial
point-cloud observations.

II. RELATED WORK

A. Dexterous Grasping Datasets and Grasp Synthesis

A wide range of datasets [4} 18, [17, 136l 38| 42]] provide
synthesized grasp poses for rigid objects across different
grippers. These datasets vary in scale, ranging from a few
hundred thousand grasps [17, [19] to large-scale datasets
containing one million or more grasp annotations [4} 8} [17,38].
In terms of gripper diversity, many focus on parallel-jaw
grippers [8, 31], while others incorporate dexterous hands
such as the Shadow or Allegro Hand [4} [36} 45].

These datasets are typically generated through grasp synthe-
sis methods. Traditional sampling-based approaches [4, [7} 23]
explore possible hand poses to optimize grasp quality metrics,
but are computationally expensive for high-DoF dexterous
hands. Recent gradient-based methods [[17, 21} |35} [36] lever-
age differentiable grasp quality metrics for faster convergence.
However, classical metrics such as @) [9] are not inherently
differentiable, leading to relaxed formulations [19} 21] that
may oversimplify grasp stability by neglecting frictional
forces [21) [38]]. Other approaches incorporate differentiable
kinematic simulations with velocity-based metrics [35, [36].

Our dataset extends this diversity by contributing a new col-
lection of door handle and knob assets with grasp annotations
for the XHand [29]]. By modeling these assets after products
available in physical stores, our dataset enables real-world
testing and supports reproducible evaluation and sim-to-real
transfer across different works. While [37] provides synthetic
door knobs for reinforcement learning, it does not include
grasp predictions or corresponding physical assets.

B. Evolutionary Algorithms and Quality Diversity

Evolutionary algorithms [30] are gradient-free methods that
improve a population of solutions through mutation and fitness-
based selection. Genetic algorithms [1] encode solutions as
genes and evolve them through selection, crossover, and
mutation. They have been used for tasks such as system
identification [2| [16] and hyperparameter tuning [40].

In grasp prediction, their use remains limited: Shukla et
al. [32] optimize two-finger gripper poses, Huber et al. [12]
optimize wrist placement for diverse hand poses, and Huber
et al. [14] release a large-scale two-finger dataset generated
with QDG-6DOF [13]. However, no recent work optimizes
full dexterous grasp configurations beyond wrist placement
or parallel-jaw setups.

C. Diffusion Models for Grasping

Recent work has explored diffusion and other gener-
ative models for sampling multimodal dexterous grasps
conditioned on high-level intent and partial observations,
including Transformer-based architectures with point-cloud
conditioning [41] and approaches that use language as an
explicit conditioning signal [22| [39]]. Zhong et al. [43]] target
more universal dexterous grasping by incorporating physics-
aware modeling into the grasp generation pipeline and serve as
the core building block for our diffusion model. Additionally,
[44] introduces direct policy optimization for grasp-pose
diffusion to align grasp generation with human feedback.

A key commonality of these generative approaches is
that they typically fit or distill a grasp distribution from
existing data rather than synthesizing and validating new
grasps through direct optimization in high-fidelity simulators.
This distillation enables efficient inference and conditioning
on partial observations, such as point clouds, for fast on-
hardware deployment. We likewise distill a grasp distribution
using an architecture similar to DexGraspAnything [43],
but add geometric consistency constraints and diffuse the
full wrist pose rather than only its position. Unlike pure
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Fig. 2: Method overview. Given object meshes, we first generate an initial set of analytical grasp proposals. We then refine these
candidates in a high-fidelity simulator using an asynchronous, gradient-free evolutionary loop comprising selection, crossover, mutation,
and physics-based evaluation. This yields a diverse set of physically feasible grasps. Finally, we distill the refined grasp distribution into a
diffusion model conditioned on noisy point-cloud observations, enabling efficient sampling at inference time under partial observability.

generative modeling, our framework uses simulator-in-the-
loop evolutionary refinement to explicitly improve the physical
feasibility and stability of grasp configurations and then distills
the refined distribution for efficient point-cloud-conditioned
inference.

III. METHOD

Given an accurate 3D object model and a dexterous
hand, our goal is to synthesize a diverse set of feasible
grasp configurations G = {G;}}, that satisfy force closure,
i.e., that can resist arbitrary bounded external wrenches by
applying admissible contact forces subject to Coulomb friction
constraints. We first generate a diverse seed set with an
analytical optimizer (GraspQP [43]), although any grasp
generation method could serve this purpose. We then refine
these candidates using the evolutionary procedure detailed in
Sec. [[II-B] For real-world deployment, we distill the resulting
grasp dataset into a point-cloud-conditioned diffusion model,
described in Sec. [[lI-D] An overview of the full pipeline is
shown in Fig. [2]

A. Grasp Representation

For a given robotic gripper with n, joints, we param-
eterize each grasp as G = (x,q, Aq.nq), Where x =
(Xposs Xorient) € SE(3) denotes the wrist pose, ¢ € R™
denotes the joint states of the robot, and Ag,,,, € R
denotes the desired delta joint commands used to apply a
gripping force. We denote the corresponding projections by
GPOS:Xpos’ Gorient = Xorient, and Gjoints:q~

B. Evolutionary Refinement

In the following, we outline our evolutionary refinement
procedure, which optimizes dexterous grasp candidates di-
rectly in Isaac Sim through massively parallel rollouts with
early rejection. We introduce the simulator-derived fitness
and the genetic operators, namely density-aware selection,
mutation, and structured crossover, that improve stability while
preserving multimodality. Following evolutionary computation
conventions, we refer to each grasp as an individual and to
the set of grasp candidates as the population or archive.

Evolutionary refinement in high-dimensional grasp spaces
is prone to mode collapse, i.e., repeatedly producing minor
variants of the same grasp. To maintain diversity, we treat
the population as an archive and gate insertions using a
novelty criterion, as done in quality-diversity methods [26]: a
newly evaluated candidate is inserted only if it is sufficiently
far from the current archive under a task-relevant metric
d(-,-); otherwise, it competes locally with its nearest neighbor.
Additionally, to promote diversity during reproduction, we
bias the selection process toward lower-density regions.

Insertion of New Grasps: This step updates the archive
by inserting novel candidates and replacing redundant ones
only when they improve fitness. Given a candidate G and
the current population G = {G, }‘j(ill, we compute its nearest
neighbor

j* = argmind(G, G;), @)
J

where d(-,-) is a weighted distance metric over position,

orientation, and joint configuration:

d(G, G/) = )\pos HGPOS - Gllmﬂz + )\orient ||G0rient - G:)riemug

+ )\joims HGjoints - G]'/ointst .
@)
If d(G,G;~) > 7, the candidate is considered novel and
inserted: G <— G U{G}. If d(G,Gj+) < 7, we do not grow
the archive. Instead, the candidate competes with its nearest
neighbor and replaces it only if it improves fitness:
Gj~ + G if F(G) > F(Gj»). 3)
This replacement rule preserves diversity by preventing
redundant insertions while still allowing local improvements
to update existing individuals.

Fitness Function: The base fitness function for the evolu-
tionary algorithm measures grasp quality and is defined as a
weighted sum of three components: an environment-lifetime
score, a contact-distance penalty, and a penetration penalty.

]:<G) = Elifetime — WeisBais — wpenEpen7 (4‘)



where wg; and wy,,, denote the respective weights. Ej;retime
measures robustness under a fixed disturbance protocol:
forces are applied sequentially along each canonical axis
(2, Ly, =2) over a predefined horizon, and Ej;fe¢ime counts
the number of simulation steps survived before failure. Partial
stability is rewarded, and full-horizon survival yields the
maximum score. In practice, Fy; fetrime dominates the fitness.
E4;s is a weak shaping term that penalizes grasps far from
contact-feasible configurations; it is computed only over the
n. =12 closest contact candidates, so fingers intentionally
far from the object are not penalized. E,,.,, penalizes hand—
object interpenetration, and we terminate evaluations early
if it exceeds a threshold. Eq. @) is the base fitness; with
preference guidance, an additional +weward Erewara term is
added (Supp. Mat. [VIII-E)). Full forms are provided in Supp.
Mat. [VIIT-Al

Selection: We rely on tournament selection [[11] to select
parents for crossover. In each tournament, we randomly
sample % individuals from the population and select the two
highest-scoring candidates. As discussed at the beginning of
Sec. [[II-B] selecting purely by raw fitness can accelerate mode
collapse [13]]. To preserve diversity, we therefore perform tour-
nament selection using a density-aware reweighting of each
individual’s score F'(G;) based on the current population:

2.

G;eB.(G;)

—1

(RCEA0) R
rpP

where 7 and p are tunable parameters that define how strongly
clustering is suppressed. Intuitively, if an individual G; has
many similar grasp poses G; within a ball of radius r, the
probability of selecting G is reduced. In the extreme case in
which G; has no neighbors besides itself, i.e., B,.(G;) = {G;},
its fitness remains unchanged (F' — F). Conversely, if all
grasps are identical, their fitness is reduced by a factor of 1/|G]
(F — %). While the selection strategy and archive-based
insertion use the same metric and serve a similar purpose,
the selection strategy steers reproduction toward promising
samples, whereas the insertion strategy ensures that the final
population remains diverse after the algorithm terminates.

Mutation: The mutation operator is applied to the first
two parameters of the grasp configuration, namely pose
and joint states, with probability pmutation- The mutation step
size is drawn from a zero-mean Gaussian distribution with
standard deviation ¥ = diag(X,, X,;). We use an Euler-angle
representation for the wrist pose y, allowing mutation to be
applied independently to roll, pitch, and yaw.

Crossover: Genetic algorithms typically use a crossover
operator to combine genes from two parents into a new
individual. However, naively combining grasp configurations
from two parents yields many infeasible grasps. In line with
prior work [5, 45]], we observe that grasps tend to follow
distinct grasp taxonomies with similar finger configurations.
Furthermore, many objects can be grasped from different
wrist poses using similar finger configurations. We therefore
exchange either the finger configuration or the full grasp-pose
information as a whole, effectively fixing the crossover point.

Contact Candidates Selected Contacts

Fig. 3: Contact point selection for dexterous grasping. Two views
of a dexterous hand (XHand) grasping a cup from the Objects dataset.
Light blue points indicate candidate contact points on the object
surface that lie within the contact distance threshold, while dark blue
points denote points outside this threshold. Green points represent
the final active contact points selected via farthest point sampling
(FPS), which are used to compute grasping commands through the
contact Jacobian.

More formally, we select two parents G;, G; and form an
offspring GG by exchanging their joint vectors ¢ while keeping
x fixed, with probability Derossover-

Resampling of Contact Points and Grasping Commands:
In contrast to analytical optimization approaches in which
the active contact points C = {cy, ..., } are fixed [6] or
randomly resampled at each iteration with a fixed probabil-
ity [17]], we recompute both the assigned contact points and
the grasping commands for each new offspring grasp, as
shown in Fig. 3] This adaptive resampling strategy improves
efficiency by ensuring that valid grasps are not rejected due
to suboptimal contact-point selection.

For each grasp proposal G;, we first identify the set of
all potential contact points C; using a ball query, selecting
all points on the object surface within a predefined distance
threshold from the hand. From this candidate set, we select
the n. active contact points C, C C; using farthest point
sampling (FPS), which ensures spatially diverse potential
contact locations. Finally, we compute the grasping commands
by solving for the joint commands Ag that best achieve the
desired normal forces at each contact point:

AQCmd:argminH‘]'Ag_NoHQ? (6)
Aqg

where J = [Jo, ..., Jp] denotes the stacked contact Jacobians

for the active contact points, N, is the desired normal force

vector for each contact point, and Ag,,,, represents the

commanded change in joint states.

C. Evolutionary Steering and Preference Alignment

An advantage of our evolutionary approach is its flexibility
in incorporating diverse steering signals through the fitness
function. Unlike gradient-based methods that require differen-
tiable objectives, our evolutionary framework can directly
optimize non-differentiable metrics. The fitness function
presented in Sec. already demonstrates this capability:
the lifetime metric and contact-distance calculation include
contact-point resampling operations, both of which are not
fully differentiable. In general, we can steer evolutionary
refinement either by (i) modifying tournament selection to



Fig. 4: Selection of our IKEA Handles dataset. We provide 90 geometrically distinct handle assets with multiple texture variations,
yielding 190 unique simulation-ready assets in total. Each handle includes high-resolution collision geometry, realistic textures, and
articulated joints with compliant degrees of freedom to support stable grasp synthesis. All assets are based on commercially available

products from 1kea.com and can be used directly in Isaac Sim.

incorporate pairwise preferences, or (ii) augmenting the fitness
with absolute, task-specific scores, such as grasp energies.

For human preference alignment, we train a Point-
Net++ [28] network to predict preference scores for grasp
candidates based on hand keypoints and object point-cloud
configurations, using 1,000 human pairwise annotations. This
learned preference model is incorporated directly into the
fitness function, biasing the evolutionary process toward grasps
that align with human notions of natural or desirable grasping
strategies while maintaining physical stability. Importantly,
our framework is agnostic to the preference acquisition
method: it can accommodate learned reward models such
as our PointNet++ predictor, direct human annotation during
evolution, or any other preference signal that can score or
rank grasp candidates.

D. Diffusion Distillation

After generating our grasp-pose dataset, we train a diffusion
model to enable real-world inference from noisy point clouds.
We build on the DexGraspAnything [43]] architecture, which
diffuses only wrist position and joint states, but extend it
to diffuse the complete grasp configuration, including end-
effector orientation. We parameterize orientation using the
standard 6-DoF representation given by the first two columns
of the rotation matrix [3, [I0]. We further incorporate a
differentiable hand model [43] to compute hand keypoints
and surface samples through forward kinematics. This enables
geometric supervision during training by defining loss terms
not only on noise magnitude, but also on keypoint distance
and object penetration between ground-truth and predicted
hand models.

Concretely, as illustrated in Algorithm [2] we (i) normalize
a ground-truth grasp, (ii) sample a diffusion time step and
corrupt the grasp with Gaussian noise, and (iii) train the
network to predict the injected noise conditioned on the
observed partial/noisy point cloud. Beyond the standard
denoising objective, we use the hand model to map the

predicted grasp back to 3D hand geometry and add two
intuitive regularizers: a keypoint-consistency loss that keeps
potential hand contact points aligned with those of the target
grasp, and a penetration penalty that discourages hand—object
interpenetration by penalizing hand surface samples that lie
inside the object. Finally, we schedule the collision weight
over diffusion steps so that feasibility is emphasized most
strongly when the sample is close to the initial sampling
distribution, effectively allowing early grasps in the diffusion
schedule to be in collision.

IV. HANDLES DATASET

We provide a total of 90 distinct handle assets collected
from the IKEA website (190 when including texture varia-
tions), each with detailed collision geometry and high-quality
textures suitable for simulation. To ensure stable contact
simulation, we re-mesh each collision model by recursively
subdividing triangles until a sufficiently high resolution is
reached, with a maximum edge length of 1cm per triangle.
This is important for Isaac Sim’s Signed Distance Field (SDF)-
based collision handling: with coarse collision meshes, we
observed noticeable interpenetration and unstable contacts.
Each handle is attached to a prismatic joint that translates
along the z-axis. To introduce mild compliance and encourage
force-closure grasps, we additionally add two prismatic joints
with small travel limits (1.5 cm, i.e., 3 cm total) along the
x- and y-axes. This prevents weak grasps that only “hold” the
handle by a few millimeters along the compliant direction
from being evaluated as stable, and effectively pushes the
solutions toward grasps with stronger force-closure properties.
We release the final dataset as articulated .usd assets that
can be used directly in Isaac Sim. An overview of all handles
is shown in Fig. 4
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stability while preserving diversity across both datasets.
V. EXPERIMENTS
A. Experimental Setup

Robotic Gripper: We evaluate our method using the
XHand gripper from Robotera. However, our pipeline can
be directly applied to any gripper supported in IsaacLab.
For the XHand, we use a contact-point set focused on the
fingertips, as illustrated in Fig. 3] To better match real-world
interaction properties, we define two friction materials per
asset: metallic, low-friction surfaces use . = 0.2, while higher-
friction materials, such as silicone, use y = 0.8.

Simulation Environment: For the object evaluation, we
use a subset of 50 assets from [38] and their corresponding
IsaacLab integration from [45]]. For the Handles dataset, we
select 50 assets from the handle dataset described in Sec.
each initialized with the main prismatic joint translating along
the z-axis.

Evolutionary Refinement: We initialize the evolutionary
algorithm with a population size of S = 32 or § = 128
and run refinement for a total of 10,000 evolutionary steps.
We use tournament selection with size k£ = 4, a mutation
probability of pyuwion = 0.75, and a crossover probability
of Perossover = 0.2. Mutations are applied with Gaussian step
sizes ¥ = diag(X,,%,), using X, = (0.025, 0.05) for the
pose components (translation/orientation) and Y, = 0.04 for
the joint states. For density-aware selection (Eq.[5), we set the
neighborhood radius to r» = 0.65 and the power to p = 2.0.
Moreover, because PhysX does not reliably handle assets
initialized in collision, we perform a few de-penetration steps
after mutation to avoid spawning in-collision configurations
and ensure valid initialization. Finally, we cap the archive
size at |P| < 1024 and, once this limit is exceeded, prune the
archive by ranking grasps by score and applying farthest-point
sampling.

Evaluation Metrics: To assess the performance of our
method, we use the following evaluation metrics:

Success Rate: The total ratio of grasps that successfully hold
the object without dropping it during simulation.

DistinctStableGrasps: The unique-grasp metric captures the
number of distinct, stable grasps the method can generate. We
calculate this metric by discretizing successful grasp poses into
bins defined by three resolution parameters: d, for position, d4
for orientation (Euler angles), and §, for joint states. We then

count the number of unique grasps under this quantization
and report DistinctStableGrasps (DSG) as the total number of
unique, stable grasps at the specified resolution. We evaluate
at three resolutions: DSG@(20cm, 90°, 90°), DSG@ (2cm,
45°, 45°), and DSG@(1cm, 5°, 5°).
Entropy (H): For each object, we calculate the joint entropy of
the distribution of successful grasps over position, orientation,
and joint states, following [45]. We report either the average
entropy over position, orientation, and joint states, or each
value independently, depending on the analysis context.
Evaluation Procedure: We assess the stability of each
grasp proposal using Isaac Lab [25] following prior evaluation
protocols [38, 45]]. For each asset, we reset the simulation,
place the hand at the proposed wrist pose, execute the
corresponding grasp-closing command, and test stability under
external disturbances over a fixed rollout horizon. For the
Objects dataset, we follow the standard disturbance test by
sequentially applying forces along the canonical axes and
declaring success if the object remains stably grasped, within
the allowed pose thresholds, throughout at least one of the
three axes. For the Handles dataset, we evaluate stability
by applying a pulling force along the compliant direction
(negative z-axis) and deem a grasp successful if the handle
remains stably held throughout the rollout.

B. Influence of Evolutionary Refinement

To systematically assess the impact of evolutionary re-
finement on grasp quality and diversity, we analyze grasp
distributions generated by different initialization strategies on
representative test sets from both the Objects and Handles
datasets (Fig. [5). Our investigation addresses two key ques-
tions: (1) whether evolutionary refinement improves grasp
stability while maintaining diversity, and (2) how the choice of
initial population affects the final grasp distribution. Because
the Handles dataset is domain-specific, we also evaluate on a
50-asset subset of DexGraspNet [38]] to verify that the gains
extend beyond handles.

Our results reveal several important findings. First, evo-
lutionary refinement consistently and substantially improves
both stability and unique grasp coverage across all initializa-
tion strategies and both datasets, increasing success rates and
DSG@(<20cm,<90°) metrics close to saturation. Critically,
these gains in stability do not come at the expense of diversity.



TABLE I: Cross-hand generalization on Objects. Distinct stable
grasps at 5 cm resolution (DSG@5cm) and average entropy H before
and after evolutionary refinement, initialized with 32-seed GraspQP.

Robotiq 2F Robotiq 3F Allegro  Shadow

DSG@5cm 9—80 25—86 25—123 17—110
H 1.5—2.7 2.3—27 2429 2128

The refined distributions preserve, and often increase, entropy
across pose and joint spaces. We report DSG alongside
entropy as the two metrics capture complementary properties:
entropy measures distributional spread, whereas DSG counts
the number of physically distinct stable grasps at a given
resolution. Second, while increasing the number of analytically
generated seeds from GraspQP from 32 to 128 improves the
baseline, evolutionary refinement consistently outperforms
unrefined methods at both seed counts, improving DSG from
19 to 114 for 32 seeds and from 69 to 118 for 128 seeds.
This demonstrates that simulator-in-the-loop optimization is
essential for generating physically feasible grasps beyond
what analytical methods can achieve alone.

Perhaps most surprisingly, evolutionary refinement starting
from random initialization achieves competitive success rates
and unique-grasp counts, even when the initial random
distribution yields zero successful grasps, as observed in the
Objects dataset. This robustness underscores our method’s
capacity to synthesize diverse, stable grasps from highly
suboptimal starting points. However, this comes with a notable
trade-off: randomly initialized refinement exhibits markedly
lower entropy, particularly in orientation and, to a lesser extent,
joint configurations. This suggests that, while our evolutionary
approach can recover stability from poor initializations,
analytical seeding remains important for maintaining a rich,
multimodal grasp distribution that spans the full space of
feasible solutions.

Generalization across Robotic Hands: The framework is
hand-agnostic. Table [I] reports DSG@5cm and entropy H on
Objects for four additional grippers, using 32-seed GraspQP
initialization followed by evolutionary refinement. The gains
are consistent across both parallel-jaw and fully dexterous
hands, indicating that the benefit is not specific to a single
morphology.

Convergence Behavior: To characterize the sample ef-
ficiency and convergence properties of our evolutionary
refinement approach, we visualize grasp quality and diversity
metrics as a function of simulator environment steps in
Fig. [6l We initialize the population with 32 analytical seeds
and monitor both the mean number of unique successful
grasps (blue, left axis) and the mean entropy across position,
orientation, and joint-configuration spaces (red, right axis)
throughout the optimization process.

This convergence behavior demonstrates two key properties
of our approach. First, evolutionary refinement is highly
sample-efficient, achieving near-optimal performance within
a limited interaction budget of 10k steps. Second, the
method reliably converges to distributions that simultaneously
maximize grasp stability and preserve diversity, avoiding
common failure modes such as premature convergence to
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Fig. 6: Convergence of evolutionary refinement. Mean distinct
stable grasps (blue, left axis) and mean entropy (red, right axis)
as a function of simulator environment steps, initialized with 32
analytical seeds. Both metrics improve rapidly during the first 2.5k
steps and then converge to a stable plateau by approximately 10k
steps. The simultaneous saturation of both stability and diversity
metrics shows that evolutionary refinement efficiently balances grasp
quality and coverage within a limited interaction budget.

a single grasp mode or uncontrolled diversity at the expense
of physical feasibility.

Computational Cost: Our pipeline trades offline simulation
cost for dataset quality. On matched hardware, generating 128
grasps per object takes approximately 2.4 min/object (=1.1
s/grasp) for our method, compared with 3.0 min/object (~1.4
s/grasp) for GraspQP [45]]. Increasing the number of analytical
seeds does not close the gap. As shown in [45] (Fig. 4), the
number of unique grasps exhibits diminishing returns and
saturates at roughly 90 for [45] and 60 for [38]. This suggests
that the main bottleneck is candidate guality, not candidate
count. Fig. [] further shows that more than 90% of the final
quality is reached within the first 2,500 of 10,000 steps,
indicating that early stopping can substantially reduce cost.
About 50% of runtime is spent on explicit de-penetration, so
improved collision handling could further reduce this overhead.
Because refinement runs in a massively parallel simulator, it
scales well with GPU parallelism.

C. Effect of Training a Diffusion Model

A natural alternative to simulator-in-the-loop evolutionary
refinement is to leverage generative modeling: train a diffusion
model on the analytically seeded grasp distribution and sample
novel grasps from the learned implicit manifold. To evaluate
this approach as a data-quality ablation, we fix the diffusion
architecture and vary only the training data. We train a
conditional diffusion model on the initial seed distribution,
using both 32 and 128 seeds from the Objects dataset, and
compare the quality and diversity of generated grasps against
both the raw analytical seeds and evolutionary refinement. We
additionally compare against GenDexGrasp [17] on Objects,
where our method improves DSG@5cm from 62 to 121 and
entropy from 2.7 to 3.0.

Fig. [7] presents mean unique successful grasps (solid bars,
left) and mean entropy (hatched bars, right) for analytical,
diffusion, and evolutionary grasp synthesis. The results reveal
several key findings. First, diffusion improves upon the
raw analytical initialization from GraspQP, increasing mean
unique grasps from approximately 20 to 71 for 32 seeds and
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Fig. 7: Effect of diffusion training vs. evolutionary refinement.
Mean distinct stable grasps for GraspQP, a diffusion model trained on
GraspQP samples, and evolutionary refinement. Diffusion improves
over the raw initialization but remains below evolutionary sampling.

from 70 to 82 for 128 seeds, while maintaining or slightly
increasing entropy. This demonstrates that the diffusion model
successfully learns to interpolate within the analytical grasp
manifold, generating configurations that expand coverage of
the feasible grasp space.

However, diffusion trained on raw analytical seeds con-
sistently underperforms evolutionary refinement across all
settings. With 32 seeds, evolutionary refinement achieves
approximately 115 unique grasps compared to 72 for diffusion,
corresponding to a 60% improvement. With 128 seeds, the
gap narrows but remains substantial (118 vs. 81 unique
grasps, corresponding to a 46% improvement). Critically,
evolutionary refinement also achieves higher average entropy,
approximately 3.0, compared to diffusion, approximately 2.4—
2.6, indicating that the performance gap manifests in both
grasp stability and diversity. We interpret this narrowly: raw
analytical seeds are not a sufficient substitute for refinement in
our pipeline. Instead, the two components play complementary
roles: refinement for offline data improvement and diffusion
for distillation and inference from partial observations. The
refined dataset can further benefit downstream tasks; for exam-
ple, it greatly improves IK-reachable grasps (Appendix [VITI-F)
and provides richer demonstrations for RL or IL.

D. Preference-Guided Evolutionary Refinement

While evolutionary refinement generates diverse, stable
grasps, the resulting configurations may not align with human
preferences or task-specific requirements for natural grasping
strategies. To address this, we incorporate human feedback by
training a reward model on preference comparisons between
grasp pairs and using it to bias the fitness evaluation during
evolutionary refinement (see Sec. [[II-C).

We collect approximately 1,000 human pairwise preference
annotations on grasp candidates, where annotators compare
two grasps and select which appears more natural and
socially appropriate. Preferences are based on intuitive human
grasping behavior, for instance discouraging grasps that may
be functional but unnatural, such as grasping a handle between
the pinky and thumb or approaching from awkward angles.
We train a PointNet++ network [28] that takes as input the
object point cloud and hand keypoint configuration and outputs
a preference score. The network is trained with a standard
Bradley-Terry pairwise ranking loss to predict the probability
that one grasp is preferred over another. During evolutionary

Preference

_— Alignment ™~

Fig. 8: Effect of preference alignment. Comparison of grasps
without (left) and with (right) preference alignment from human
feedback. The unguided evolutionary distribution produces diverse
but unconventional grasps, while the preference-aligned version
generates grasps that better match human intent and natural grasping
patterns.

refinement, we add the predicted preference score to the
fitness function. Fig. [§] illustrates the effect of preference
alignment. Without guidance (left), evolutionary refinement
produces physically stable but unconventional grasps with
awkward approach angles and unintuitive finger placements.
With preference alignment (right), the method generates more
natural configurations that align with typical human grasping
patterns, approaching from conventional orientations with ex-
pected finger placements while maintaining physical stability.
This demonstrates that preference guidance can effectively
shape grasp distributions toward human-like behavior without
sacrificing feasibility.

E. Real-World Robotic Deployment

To assess the real-world transferability of our approach,
we deploy synthesized grasps on a physical robotic system
consisting of a Franka Panda arm equipped with a dexterous
XHand. We treat this evaluation as a feasibility study rather
than a benchmark: it demonstrates sim-to-real transfer without
real-world fine-tuning, but the deployment scale remains too
small to support quantitative robustness claims.

Perception. For each target object, we capture an RGB-D
sequence using an Intel RealSense L415 and select N=7
keyframes. Multi-view fusion improves robustness to noise,
occlusion, and depth failures on reflective or transparent
surfaces. We run DepthAnything-v3 [18] on each RGB frame,
align predictions with sensor depth for metric scale, and apply
outlier removal and normal estimation. The resulting point
clouds are fused, followed by RANSAC plane removal and
DBSCAN clustering to isolate the object. The final filtered
cloud is used both as diffusion-model conditioning and as the
planning scene representation.

Sampling and planning. Grasps are sampled from the re-
fined diffusion model using collision-aware guidance. Motion
trajectories are planned with cuRobo MotionGen [33] using
voxelized scene geometry and simplified collision primitives
for the table plane and cabinet backpanel.

Fig. 0] shows successful executions across diverse grasp
modes and approach directions. Additional real-world results
on handles, knobs, and object pickup tasks without fine-tuning
are provided in the supplementary material.



Fig. 9: Real-world cabinet-handle rollout. We sample handle grasps from a point-cloud-conditioned diffusion model trained on refined
grasp distributions and then plan collision-aware trajectories using cuRobo. The trajectories are executed on a Franka Panda arm equipped
with a dexterous hand. Three executions across different grasp modes and approach directions demonstrate successful sim-to-real transfer
in contact-rich manipulation.

VI. LIMITATIONS

While our approach demonstrates significant improvements
in grasp stability and diversity, several limitations remain. First,
evolutionary refinement still benefits from a reasonably strong
initialization: although the method can recover from poor
seeds such as random grasps, runs initialized with structured
or analytically seeded distributions yield higher final diversity
and better coverage of the grasp manifold. This suggests that
initialization quality still plays a meaningful role in the final
solution set and convergence behavior.

Second, PhysX does not reliably resolve contacts when
assets are initialized in penetration, requiring explicit de-
penetration after mutation. This step accounts for approxi-
mately ~50% of runtime, making it a major computational
bottleneck; improved collision handling or early termination
criteria (Fig. [) could substantially reduce offline cost.

Third, the real-world deployment pipeline remains rela-
tively slow due to its multi-stage design, including RGB-D
capture, depth alignment, point-cloud processing, diffusion-
based sampling, and motion planning. This limits end-to-end
responsiveness and makes the system less suitable for time-
critical or highly dynamic settings.

VII. CONCLUSION

We presented DEXEVOLVE, a scalable generate-and-refine
pipeline for synthesizing large-scale, diverse, and physically
feasible dexterous grasps. Starting from analytically generated
seeds, we refine grasp configurations directly in a high-
fidelity, non-differentiable simulator using an asynchronous
evolutionary algorithm with archive-based novelty insertion
and density-aware selection, enabling efficient exploration

while suppressing mode collapse. Across both the Objects
and Handles datasets, evolutionary refinement substantially
improves grasp stability and unique-grasp coverage, achiev-
ing over 120 distinct stable grasps per object, a 1.7-6Xx
improvement over analytical seeds depending on the seed
count (Fig. 5), while maintaining high entropy across posi-
tion, orientation, and joint-configuration spaces. The refined
distributions consistently outperform both unrefined analytical
methods and diffusion-based alternatives in terms of physical
feasibility and distributional diversity.

Beyond synthesis performance, our framework supports
gradient-free steering through non-differentiable objectives,
enabling preference alignment with human feedback and
task-specific quality metrics. We validate real-world transfer
through successful deployment on physical hardware and
distill the refined grasp distribution into a point-cloud-
conditioned diffusion model to enable fast inference for real-
world deployment.
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