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Fig. 1: Overview of the Grasp-to-Act framework. (Left) A human demonstration trajectory provides the a reference of the dynamic
conditions during tool using, as well as the initial grasping locations. Accordingly, we sample a series of grasps and score them to identify
stable grasp candidates (middle left). A reinforcement learning policy then performs online-grasp adaptation by adjusting finger joint
positions under task-specific force conditioning (middle right). The resulting policy is zero-shot deployed in the real world (right).

Abstract— Achieving robust grasping with dexterous hands
remains challenging, especially when manipulation involves
dynamic forces such as impacts, torques, and continuous
resistance—situations common in real-world tool use. Existing
methods largely optimize grasps for static geometric stability
and often fail once external forces arise during manipula-
tion. We present Grasp-to-Act, a hybrid system that combines
physics-based grasp optimization with reinforcement-learning-
based grasp adaptation to maintain stable grasps throughout
functional manipulation tasks. Our method synthesizes robust
grasp configurations informed by human demonstrations and
employs an adaptive controller that residually issues joint
corrections to prevent in-hand slip while tracking the object
trajectory. Grasp-to-Act enables robust zero-shot sim-to-real
transfer across five dynamic tool-use tasks—hammering, saw-
ing, cutting, stirring, and scooping—consistently outperforming
baselines. Across simulation and real-world hardware trials
with a 16-DoF dexterous hand, our method reduces transla-
tional and rotational in-hand slip and achieves the highest task
completion rates, demonstrating stable functional grasps under
dynamic, contact-rich conditions.

I. INTRODUCTION

Grasping is the first step toward manipulation and remains
a long-standing challenge in robotics [1]. Most existing
work focuses on identifying grasp locations based on object
geometry, typically defining success as the ability to lift or
hold an object stably in mid-air [2], [3], [4]. Such approaches
often neglect the object’s weight and dynamic interactions.
In real-world manipulation, however, grasping must account
for diverse object properties and task requirements. Tool
use exemplifies this challenge—tasks such as hammering a
nail or cutting wood with a saw involve heavy objects and
asymmetric grasping configurations that generate significant
torque on the hand. Moreover, these tasks introduce sub-
stantial disturbance forces and torques, whether from object
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dynamics (e.g., swinging a hammer) or contact interactions
(e.g., impact during nail driving or resistance during sawing).
These factors place much higher demands on grasp stability.

In such scenarios, dexterous hands are essential. While
low degree of freedom (DoF) grippers—such as parallel-jaw
or suction grippers—are widely used, their limited contact
points restrict their ability to counteract large torques and
maintain stable grasps under strong disturbances. Dexterous
hands, in contrast, can form power grasps in which the palm
provides a broad contact area to balance torque while the
fingers wrap around the object to prevent slipping. Despite
their potential, dexterous-hand grasping remains a difficult
and relatively underexplored problem. The high dimensional-
ity of these hands makes planning robust grasps challenging,
and existing studies primarily emphasize geometric grasp
location selection [5], [6], [7], with limited investigation into
grasp stability under large external loads.

To tackle these challenges, grasp planning for dexterous
hands must explicitly account for grasp stability under real-
istic conditions, incorporating the effects of object weight,
grasp-induced torque, and disturbances from both object
dynamics and environmental interactions.

We propose Grasp-to-Act (G2A), a hybrid framework
designed to ensure stable grasps during dynamic, functional
tasks. G2A introduces a stability evaluation protocol that
tests candidate grasps under extreme forces and torques to
identify those robust enough for contact-rich manipulation.
The protocol is guided by human demonstrations—robots
reproduce human motion trajectories during real-world tool-
use tasks, while the resulting impedance forces and torques
on the objects are modeled to assess grasp stability.

Our G2A pipeline consists of two stages for the grasp-
to-act process: an initial grasp, where we sample a set of
candidate grasp configurations in a physics-based simulation
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platform and evaluate their stability under various distur-
bance forces; an online adaptation phase, when performing
the human-demonstrated trajectory, where we develop an
RL-based controller to counteract unexpected in-hand motion
of the objects.

We validate our method across five representative func-
tional manipulation tasks—hammering, sawing, cutting, stir-
ring, and scooping—using a simulated and real-world robot
platform equipped with a LEAP hand [8]. Our experiments
show that combining grasp optimization with online-grasp
adaptation significantly improves grasp stability and task
success compared to baselines that rely solely on static
optimization or RL. G2A represents a shift from grasping as
a static objective to grasping as an enabling step for manip-
ulation, moving toward robots that can perform purposeful,
task-driven interaction with the physical world.

II. RELATED WORK

A. Dextrous Grasp Synthesis

Dexterous grasp synthesis aims to determine stable contact
configurations for multi-fingered robotic hands given an
object mesh, point cloud, or other perceptual input.

Classical approaches [5], [7], [9] optimize analytical met-
rics such as force closure [6], form closure [10], min-
weight metric [11], or Ferrari–Canny metric [12] using
sampling-based or gradient-based methods. However, these
methods suffer from two key limitations. First, they rely
on accurate object models and often make strong contact
assumptions [1], such as perfect rigidity, point contacts, zero
or uniform friction, and a quasi-static setting (i.e. no contact
breakage). Second, they typically optimize only for fingertip
contact points that result in precision grasps, overlooking
the broader range of grasp taxonomies [13]. In practice,
these methods are not applicable to heavy or irregularly
shaped objects such as tools. To address these concerns, we
build our grasp synthesis pipeline entirely within a physics-
based simulator and employ stochastic sampling to generate
a diverse set of candidate grasps across functional regions of
the object.

Data-driven methods [2], [3], [14], [15], [16] for dexterous
grasp synthesis typically rely on large-scale datasets [17],
[18] of synthetic grasps paired with perceptual inputs, often
generated using the grasp optimization techniques described
earlier. Because these optimization frameworks frequently
synthesize physically infeasible grasps, many datasets apply
a post hoc filtering step using physics-based simulators
to discard unstable grasps, typically through a simple 1D
or 6D gravitational test. Recently, efforts have focused on
retaining and ranking both successful grasps and high-quality
failed examples [19], driven by the strong performance of
discriminative models for parallel-jaw grasping [20]. Multi-
GripperGrasp [21] addresses this by assigning a continuous
score based on the object’s fall-off time under gravity.
Get a Grip [3] simulates grasps under small perturbations
and averages the outcomes to estimate the probability of
success. However, both evaluation strategies are limited to
testing gravitational stability. Drawing from these methods,

we design a set of rigorous wrench-space stability tests
that evaluate our synthesized grasps under extreme forces
and torques, enabling us to rank and select the most stable
candidates for downstream tasks.

B. Reinforcement Learning for Dexterous Manipulation

Reinforcement learning (RL) has demonstrated strong
potential in dexterous manipulation, achieving impressive
results in tasks such as pick-and-place, in-hand reorientation,
and object relocation [22], [23], [24]. However, these tasks
primarily involve isolated object motion and do not account
for the external forces, impacts, and torques that arise in real-
world tool-use and contact-rich manipulation. As a result,
existing RL policies are not designed to maintain grasp
stability under dynamic interactions with the environment.
Furthermore, they often rely on extensive training, carefully
shaped task-specific rewards, and heavy domain randomiza-
tion to achieve sim-to-real transfer—factors that limit their
scalability to dynamic force-intensive tasks.

To improve sample efficiency and encourage physically
meaningful behaviors, many works incorporate human priors
by initializing RL policies from human motion data or pre-
grasp configurations [25], [26], [27], [28], [29]. While such
priors accelerate learning, they cannot guarantee grasp stabil-
itys once dynamic forces act on the object. Other approaches
reduce the action dimensionality using eigengrasp-based
controllers [7], [30], [31], but the resulting low-rank control
spaces limit the fine-grained torque regulation required for
dynamic grasp adaptation.

In contrast, our method employs RL not to learn full
manipulation behaviors but to adapt grasp stability online
during tool-use trajectories. By initializing the policy from
analytically stable grasps and training on residual joint
corrections, our approach mitigates the impact of inaccurate
contact dynamics [32], [33] and improves robustness under
strong external forces.

III. METHOD

To enable robots to succeed in dexterous grasping tasks,
grasps must not only be stable but also functionally appro-
priate (e.g., holding a hammer by the handle rather than by
the head). Furthermore, for successful task execution, the
robot hand must maintain this stable grasp while follow-
ing the task-specific trajectories. Our framework integrates
sampling-based grasp synthesis with online reinforcement
learning–based adaptation, as illustrated in Fig. 2.

A. Human Demonstration

We begin by recording an RGBD video fItgTt=1 of a
human demonstrating the process of grasping the target tool
and performing the task. This demonstration data is used for
two purposes: initializing the search space for the task-driven
grasping, and providing a reference trajectory of moving the
object in grasp.

Based on each frame in the video, we extract the object’s
6D pose trajectory using FoundationPose [34], conditioned



Fig. 2: Pipeline of sampling and evaluating grasps. (A) We initialize the range of grasp locations based on human demonstration. (B-C)
Candidate grasps are generated by varying joint-level parameters. (D) Each grasp is evaluated through wrench-space stability tests along
six force and torque axes. (E) Top-ranked grasps are used as the initial grasp for conducting the tool-using trajectory, followed by online
RL-based adaptation.

on the object's mesh, the full RGB-D video, and a segmen-
tation mask of the object in the �rst frame. The initial mask
is obtained using Grounded-SAM [35], prompted with the
object name and the initial RGB image without occlusions.
This process produces a per-frame object pose sequence
f T t

objg
T
t =1 , whereT t

obj 2 SE(3). The object trajectory is used
to de�ne a task-speci�c reward for trajectory tracking during
policy learning.

To localize the human's grasp, we annotate the timestep
� at which the object begins task motion. At this frame, we
estimate the 6D wrist poseT �

wrist 2 SE(3) in the camera
frame using the pipeline introduced by Lum et al [26].
Speci�cally, we use an off-the-shelf hand pose estimator,
HaMeR [36], to obtain a detailed representation of the
hand [37], then re�ne the result using ICP alignment between
the predicted hand mesh and the observed depth imageI � .
The resulting wrist poseT �

wrist is used to guide downstream
grasp synthesis.

B. Grasp Synthesis and Evaluation

To generate an initial grasp, we sample a set of feasible
candidate grasp con�gurations and evaluate their stability.
Based on a stability score, we select the optimal grasp con-
�guration to execute the trajectory. This process is performed
in simulation (Isaac Lab [38]).

1) Grasp Generation:We de�ne a grasp con�guration
as G = f qo; T graspg, consists of the robot's �nger joint
anglesqo 2 Rn and the wrist poseT grasp 2 SE(3) in the
object frame. During the grasp formation process, the object
is suspended in mid-air. The grasp generation procedure
involves two primary steps:

a) Functional Wrist Region Sampling:We de�ne the
grasp region based on the human wrist poseT �

wrist. Candidate
wrist posesT graspare uniformly sampled within a prede�ned
region centered on the human wrist poseT �

wrist. Formally,
T grasp= T �

wrist � T perturb; whereT perturb includes translations
� f x; y; zg and rotations� f � x ; � y ; � zg, each sampled uni-
formly within speci�ed limits, represented by the box in
Fig. 2A.

b) Finger Con�guration Sampling:To synthesize di-
verse grasps that can robustly conform to varied object
geometries, we sample several parameters controlling the
initial �nger con�gurations (shown in Fig. 2B) and dynamics
of �nger closing:

� Inter-�nger Angles(� f ): Angles between adjacent �n-
gers f are uniformly sampled to directly control how
spread apart these �ngers are at grasp initiation. The
thumb angle� t is sampled separately based on its initial
con�guration. Varying these angles enables the grasp to
accommodate objects of different widths and shapes.

� Joint Group Closing Rates( _qg): Each �nger is divided
into hierarchical joint groups (proximal, intermediate,
distal segments), and each groupg is assigned its own
randomized closing speed. By independently varying
these closing rates, the �ngers can form distinctly differ-
ent grasp shapes. For example, faster distal joints with
slower proximal joints lead to claw-like grasps, while
synchronized rates among all joints produce enveloping,
power-like grasps.

� Joint Torque Threshold(� �
q ) : Finger joints stop closing

when their exerted joint torque exceeds a uniformly
sampled threshold� �

q . Randomizing this threshold leads
to grasps with different levels of tightness, which helps
the hand adapt to objects with varying shapes and
surface features. This variation makes it easier to gen-
erate grasps that can handle surface irregularities or
misalignments during grasp formation.

After the grasping is complete, the object is unfrozen,
allowing it to settle naturally under contact and gravity
(shown in Fig. 2C).

2) Grasp Stability Scoring:Each generated grasp con-
�guration G is evaluated for stability through a set of
disturbance wrench tests. Here, the wrench-space comprises
all Cartesian force and torque axes in both positive and neg-
ative directions (� x; � y; � z), totaling 12 independent test
dimensions, Fig. 2D. In each wrench-space test dimension
i , the magnitude of the external wrench is increased linearly
from zero up to a prede�ned maximum forceFmax or torque
� max for a �xed duration tmax. In-hand slip is de�ned as
object deviation beyond position or orientation thresholds
(� p, � � ). When a slip occurs, the test is terminated, and
we record the elapsed stable timet ( i )

stable for that direction.
The grasp stability scoreSG is then computed by averaging
the stable time fractions across all wrench-space dimensions:

SG = 1
12

P 12
i =1

t ( i )
stable
t max

:
Before each test, the grasp con�gurationG is reinstated

to ensure consistent initial conditions. The grasps are ranked
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