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Abstract

Contact-based grasp generation plays a crucial role in various
applications. Recent methods typically focus on the geometric
structure of objects, producing grasps with diverse hand poses
and plausible contact points. However, these approaches often
overlook the physical attributes of the grasp, specifically the
contact force, leading to reduced stability of the grasp. In this
paper, we focus on stable grasp generation using explicit con-
tact force predictions. First, we define a force-aware contact
representation by transforming the normal force value into
discrete levels and encoding it using a one-hot vector. Next,
we introduce force-aware stability constraints. We define the
stability problem as an acceleration minimization task and ex-
plicitly relate stability with contact geometry by formulating
the underlying physical constraints. Finally, we present a pose
optimizer that systematically integrates our contact representa-
tion and stability constraints to enable stable grasp generation.
We show that these constraints can help identify key contact
points for stability which provide effective initialization and
guidance for optimization towards a stable grasp. Experiments
are carried out on two public benchmarks, showing that our
method brings about 20% improvement in stability metrics
and adapts well to novel objects.

Code — https://github.com/chzh9311/force-aware- grasp.git

Introduction

Hand grasp synthesis aims at generating plausible grasping
pose of the human hand with an object template (Jiang et al.
2021; Karunratanakul et al. 2021; Liu et al. 2023; Shimada
et al. 2024; Lee et al. 2024; Zuo et al. 2024; Xu et al. 2024,
Zhang et al. 2025). It has recently drawn increasing attention
due to its wide applications in AR/VR (Grady et al. 2024),
robotics (Li et al. 2024; Zhong et al. 2025), and human-
computer interaction (Guo, Lu, and Yao 2021). Previous
works have already extensively studied the geometric proper-
ties of Hand-Object Interaction (HOI), where contact mod-
eling plays an important role (Jiang et al. 2021; Zhou et al.
2022; Grady et al. 2021; Zhang et al. 2024). Since hand-
object contact is very sensitive to noise in hand pose, existing
studies prefer to use contacts as geometric constraints to
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generate hand pose and perform well in plausibility, control-
lability (Zhang et al. 2024) and diversity (Liu et al. 2023).

However, the stability of grasp synthesis has been much
less explored. Although some recent studies try to model
physical properties in HOI, they are not yet properly related
to contact geometry. On the one hand, force-agnostic stability
modeling is hard to integrate with contacts. Some existing
methods (Liu et al. 2022; Luo, Liu, and Yi 2024) address
stability by setting equilibrium constraints with both forces
and contact points as unknowns, which requires strong as-
sumptions like zero-friction to obtain solvable constraints,
leading to suboptimal results. Others directly use a simulator
(Zhao et al. 2022; Yuan et al. 2023) in inference, but iterative
simulations are too complicated to directly incorporate with
contact-based pose refinement. On the other hand, existing
studies the relation between forces and visual clues or object
mass instead of contact geometry, and are only limited to
specific object shapes, e.g., boards (Grady et al. 2022, 2024;
Zhao et al. 2025) or cubes (Murtaza et al. 2023). The rela-
tionship between grasping geometry and contact forces on
general objects remains unexplored.

Meanwhile, we find that if the contact forces can be pre-
dicted, then modeling stability in contact-based grasp synthe-
sis will be much easier. This is since stability can be measured
as the object acceleration and is related to contact forces and
points via physical laws. With the forces known, it is possible
to identify the most important contact keypoints for static
equilibrium without ignoring gravity and frictions. These
keypoints provide valuable guides in grasp synthesis. They
are simple geometric targets that a hand model (Romero,
Tzionas, and Black 2022) can easily fit, but they also contain
important physics information so that successfully contacting
these points largely ensures stability, as shown in Fig. 1.

Thus, we propose to explicitly integrate forces into 3D
contact modeling. Specifically, we present a novel force-
aware contact representation, based on which we construct
a pipeline with a contact generator and a pose optimizer
following previous contact-based pose synthesis methods
(Grady et al. 2021; Liu et al. 2023; Zuo et al. 2024). In
the framework, we first extend the contact representation
to include contact likelihood, hand part label, and contact
normal force value for each sampled point on the object
surface. The generator is then trained to generate all three
maps. In the optimization stage, we model stability as the
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Figure 1: The difference between previous methods (without force predictions) and ours (with force predictions). Force
information guides the optimization by identifying a few keypoints to ensure stability.

minimization of accelerations based on which a few key
contact points are recognized. Then a strong initialization
is performed by fitting the hand model (Romero, Tzionas,
and Black 2022) to the keypoints. The pose optimizer then
tries to fit the hand model to the keypoints and contact maps,
leading to a stable grasp.

To train our generator, we need ground-truth force labels.
However, existing HOI datasets with force labels (Grady
et al. 2022, 2024; Zhao et al. 2025; Murtaza et al. 2023)
are all limited to specific object shapes. Thus, we develop
an automatic labeling pipeline using a simulator (Todorov,
Erez, and Tassa 2012) to obtain the force label on general
objects from HOI datasets (Taheri et al. 2020). The procedure
searches for the optimal simulation parameters to restore the
stability of ground truth data and output faithful force labels.

Finally, we test the generated grasp quality on two public
benchmarks: GRAB (Taheri et al. 2020) and HO3Dv2 (Ham-
pali et al. 2020). The results show that our method brings over
30% improvement in stability criteria on both in-domain and
out-of-domain objects without affecting plausibility and di-
versity. It shows that our method effectively addresses stable
grasp synthesis and adapts well to unseen objects.

Our contributions can be summarized as follows:

1. We formally model the relation between stability and
contact points using force. We show that by optimizing
accelerations, stability can be formulated as a solvable op-
timization of contact points and predicted contact forces;

. We propose a novel pipeline for stable grasp synthesis.
The pipeline is built upon force-aware contact representa-
tion, with a generator and optimizer. The former relation
is utilized to identify keypoints to guide grasp generation;

. We conduct experiments on two public benchmarks, show-
ing that our method achieves state-of-the-art stability and
excellent generality to novel objects.

Related Work

Contact-Based Grasp Synthesis. As physical plausibility
can be affected by slight changes in hand pose (Grady et al.
2021), modeling hand-object contact has been a key to syn-
thesizing plausible and stable grasps. Some methods propose
to generate hand poses directly and refine the poses using
predicted contact maps (Jiang et al. 2021; Taheri et al. 2020;
Karunratanakul et al. 2021; Taheri et al. 2022). Usually, the
generator is a cVAE (Sohn, Lee, and Yan 2015) and the refiner
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tries to fit MANO (Romero, Tzionas, and Black 2022) model
to the contacts by training a separate model (Taheri et al.
2020) or optimizing iteratively (Jiang et al. 2021; Taheri et al.
2022). Other methods generally follow a two-stage pipeline
to generate contact maps then optimize the hand pose to fit
the contact (Grady et al. 2021). ContactGen (Liu et al. 2023)
extends the contact representation to include hand part labels
and orientations of the hand parts for better diversity, and
GraspDiff (Zuo et al. 2024) integrates the optimization pro-
cess into Diffusion (Ho, Jain, and Abbeel 2020) inference.
Great improvements in plausibility and diversity have been
observed, but stability is largely ignored because of the indi-
rect relations between physical properties and geometry. In
contrast, our research provides a novel perspective to bridge
the gap via contact forces, greatly improving the stability
while keeping the advantages of contact-based synthesis.
Modeling Grasp Stability. Grasping stability has long been
an important criterion of grasp generation (Jiang et al. 2021).
It offers guidance to increase grasp synthesis quality (Liu et al.
2022; Yuan et al. 2023). For stability-aware pose generation,
physics engines (Coumans and Bai 2016-2021; Todorov,
Erez, and Tassa 2012; Makoviychuk et al. 2021) are com-
monly used in inference by projecting the hand or human
pose to physically plausible space via a mimic agent learnt
by RL (Yuan et al. 2023). Though being more stable, the
relations are not modeled explicitly, and the process is hard
to integrate with contact modeling. So some other studies
try to model stability according to equilibrium-related theo-
ries, like friction cone constraints (Luo, Liu, and Yi 2024)
or simplified force closure (Nguyen 1988) conditions (Liu
et al. 2022). One major challenge is the high dimensionality
with both forces and contact points as unknowns, thus strong
assumptions like zero-friction are applied, resulting in sub-
optimal results. Therefore, we propose to predict forces as
part of the known variables, which directly solves this issue,
allowing more precise equilibrium relations to be modeled in
the synthesis process.

Method

In this section, we first describe our strategy for acquiring con-
tact force labels for model training. Then we define our force-
aware contact representation and the stability constraints,
which form the core of our approach. Finally, we describe
our model, which incorporates the representation and con-
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Figure 2: Our framework consists of a generator and an optimizer. The object features (OF) are obtained by processing sampled
object points using PointNet++. Then the generator consisting of 3 successive cVAEs takes OF as an input condition. It generates
force-aware contacts including the contact normal force value, which are then used to recognize important keypoints for
equilibrium. In optimization stage, I. and II. are two-stage initialization based only on keypoints, and III. optimizes MANO
parameters 3, @ while also being guided by the keypoints to get the stable grasp pose.

straint to enable stable grasp synthesis. The framework is
shown in Fig. 2.

Automatic Contact Force Labeling

Existing datasets typically rely on physical sensors to acquire
force labels, which limits the data to plane-related objects,
such as board-based (Grady et al. 2022, 2024; Zhao et al.
2025) or cube-based (Murtaza et al. 2023) interactions. In
this paper, we obtain contact force labels using a physics
simulator (Todorov, Erez, and Tassa 2012), based on hand
and object meshes that can be derived from existing hand-
object interaction datasets such as GRAB (Taheri et al. 2020).

To allow enough tolerance to the unavoidable errors in GT
data and approximately modeling soft tissues, we propose to
do dynamic parameter searching. First, we set the object free
and take the contact forces when the object achieves the least
acceleration within a certain displacement threshold. Then,
we search for the hyperparameter setting resulting in the
least displacement as the optimal parameters for the current
sample, increasing the stable rate (displacement < 5 cm) to
65.4%. Please refer to supplementary for details in labeling
procedure and data statistics.

The final label is in point-contact form. One point from the
4™ contact area is determined by the simulator as the contact
point ¢; € R3. The label for this point also includes normal
force value N; (supportive force), lateral force (friction), and
which hand part provides the force (hand part label).

Force-Aware Contact Representation

We use three hierarchical feature maps for force-aware con-
tact representation. For each sampled point from the object
surface, three scalars are assigned to respectively indicate the
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contact likelihood C' € [0, 1], the hand part label in contact
P € [1,16], and the normal contact force value F' € R™.

With the hand and object meshes, the contact likelihood of
each point is defined using the capsule distance d in (Grady
et al. 2021) between the object point and the nearest vertex of
the hand mesh: C' = min{1/d, 1}. The part label is defined
as the hand part of the nearest vertex, where the hand is
partitioned according to blend-skinning weights of MANO.
Hands in Fig. 2 show the hand parts with different colors.

For contact force, we propose to only use the normal force
values in our representation. Including frictions brings two
extra dimensions for each contact point and makes it harder
to predict. Moreover, the friction can be inferred from the
equilibrium constraints using the normal force and is there-
fore unnecessary to predict. Finally, the force prediction is a
scalar F; > 0 for the i™ sampled point. And because the sim-
ulator labels forces on discrete points not continuous areas,
we need to spread the force uniformly on the affinity object
point set A;, which includes all valid contact points whose
nearest label point is c;, i.e., Vi € A;, F; = N;/|A;].

We then propose to represent the force values using one-
hot vector. This is since classification-based methods em-
pirically outperforms regression-based ones (Li et al. 2021).
To build the discrete force distribution, we define a binning
scheme over F' using s bins. The first bin captures the proba-
bility of zero force (F' = 0), while the remaining s — 1 bins
cover the positive force range. To define the bin boundaries
over the non-zero range, we assume the logarithm of the force
magnitude, log F', follows a normal distribution with mean
Hiog ¢ and standard deviation 01,5 7. We uniformly divide
the interval [fiog r — 3010g F, fllog F + 3010g F] iNto s — 2
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This construction ensures that non-zero force range is covered
by s — 2 bins uniformly distributed in log-space, accommo-
dating the heavy-tailed nature of the force distribution.

The vectorized force is defined by Eq.(1), and the trans-
formation from the one-hot vector back to a scalar force
value is performed using the soft-argmax operation with a
temperature parameter ¢t = 0.02, as shown in Eq.(2).

L, iflp < Fy <lpitr;

i = : 1
ve {O, otherwise. M
STy el exp Ly /t)

F === . ()
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Modeling Stability with Forces

The definition of stability can vary with applications, yet
the ultimate goal is always to keep the object still. Formally,
it means both the translational acceleration a € R? and
rotational acceleration o € R are 0. Then our basic idea is
to measure stability using the norm of accelerations.

With the predicted contact forces, it is possible to calculate
the exact accelerations via physical laws. Denote the center
of mass of the object as pcoas- Then formally, according to
Newton’s Second Law and the Theory of Angular Momentum:

Yy (=Fm; + Fpy) +mg )
Yo (Pi —Poom) X (—Fn; + Fy;) 4)

where g is the gravitational acceleration, Fy; = uF;(v;b; +
d;t;) is the friction, —1 < 7;,0; < 1. (b;, t;,n;) forms a
unit orthogonal basis, and n; is the surface normal. y is the
friction coefficient empirically set to 1. It is a common linear
approximation for the friction cone (Hu et al. 2022) as shown
in Fig. 3. The object mass m is set to 1 kg for normalization,
and the moment of inertia I is approximated by regarding the
object as a ball: I = 0.4m max; ||p; — Pcon||*-

Eq. (3) and (4) can be further formulated in a bilinear form
as

NF + uB(yoF)+uT(6oF)+[g 0" =[a o, (5

ma

I,

—3) UlogF}-
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where N = [N,,,/m, N;/I|T and N,,, = [n1,ns,...,n,

Nt = [(pl _pCoM) X n1,(p2 _pCoM) X n2a-~'7(pn -
pPcon) X n,|T. B and T follow this definition. “o” is

1",
(¢]
the Hadamard product. n is the point number and F =
[F1, Fy, ..., F,]" represents the force map in representation.

In Eq. (5), only if F is known can the acceleration vector
[a, T be linearly related to 4 and 8. Then we define the
stability energy as the norm of accelerations, which is for-
mulated as a constrained quadratic optimization problem and
can be solved by quadratic programming:

Estavitity({Fi iz, {Pitiz1) = 13%1 {llall* + [[e]l*},
(6)

Since quadratic programming is non-differentiable, to in-
tegrate stability loss into training, we check the bounds of
each element in a and «, and punish the cases when 0 is
not inside. Use abs(-) to represent the element-wise absolute
operator, and B;. is the i row of B, then —abs(B;.)F <
B;.(yoF) < abs(B;.)F. The same goes for 7. Thus, we can
derive a differentiable loss term by comparing the upper or
lower bounds of each element in Eq. (5) to 0 if O is outside
the range. Using the notation F'¢,;. = p abs(B) + p abs(T'),
the loss term can be written as

st.V1<i<n,—1<~;,§ <1.

Estability = 1T max {(N - Ffric) F+ [g O]T ) O}
)
— 17 min {(N +Frie)F+[g 07 70}

Force-Aware Stable Grasp Synthesis

Generator Structure and Training Losses. The generator
consists of 3 successive cVAEs, similar to (Liu et al. 2023).
The positions and normals of all sampled object points are
processed by PointNet++ (Qi et al. 2017), and the features
are fed to all encoders and decoders as a part of the condition.
The latent output of the former forms the other part.

The model is trained using reconstruction loss, KL-
divergence loss, and stability loss. The reconstruction loss
Lrece = L+ Lpart + Lforce- The hand part map loss
Lpars = CE(P, 13) is cross entropy loss, while contact loss
L. and force loss L,rc. are both L1 loss. KL-divergence
Lk 1, on latent codes is also enforced following the training
process of cVAE (Sohn, Lee, and Yan 2015). Note that in
Eq. (7) we substitute F with F o C to also regularize con-
tact. Considering not all samples are stable, and we prefer
stable samples to unstable ones, the total loss is weighted
according to the displacement d in simulative labeling by
w = min{dy /d, 1} where d;;, = 5 cm. With preset weights,
the final loss is

Lovag =w (wrecﬁrec +wrrLlir + wstabi,lity‘cstability) .

Keypoint-Guided Stable Pose Optimization. The contact
forces can provide guidance on the importance of contact
points, but simply using the force values as weights results in
suboptimal results (See Tab. 3 for details), since the optimiza-
tion based on MANO (Romero, Tzionas, and Black 2022) is



still non-convex. However, a better pose initialization is still
possible, so the optimizer is less likely to get stuck in local
minima. Previous studies apply random restarts (Grady et al.
2021) or iterative optimization (Liu et al. 2023), which are
either non-robust or too complex to avoid local minima.

According to the theory of force closure (Nguyen 1988),
as few as 3 contact points are enough for a stable grasp in
3D. The energy function in Eq. (6) is well suited for selecting
the optimal contact points. Therefore, we propose to fit the
MANO model to only a few keypoints that are important
for object equilibrium as a strong initialization and stability-
aware guidance through optimization.

To prevent the keypoints from falling inside the object
(e.g., when the object is slim), the contact points of each part
are first clustered and only one cluster is selected to produce
the keypoint. We aggregate the supportive forces and contact
points of cluster c of hand part h via force-weighted average
over all the points as F” and p”. Suppose H is the set of
hand parts that are in touch with the object, then the optimal
cluster label is the one with the least stability energy, i.e.,

h

co = argminEgapisiey ({FL, p'} U{F;, DiticH,izh) -
C

©))

Then we assign F;, = F” | p;, = p*. as the normal force
and contact center of part p and iterate Eq. (9) over all contact
parts.

Next, we want to select ny,, keypoints from the contact
centers. Similarly, the optimal keypoint combination is the
one with the least E;qp4141y. In experiments, we set ny, = 3
because it is the least possible number of contact points
that forms a force closure, and a smaller number of target
points means more traceable optimization. Thus, the optimal
combination part labels is

Hy = argmin Egapitiy {Fntnen,, {Pntnen,) -

H.CH
|He|=nkp

(10)

Then the target point of the hand part is obtained by moving
the contact points along the surface normal for » = 5 mm,
i.e., q; = p; + rn;, roughly the finger radius.
Two-stage Initialization. Although fitting the hand joints
to only 3 keypoints seems simple, the problem is still hard
to solve analytically due to the non-linearity of the MANO
model. Iterative optimization is an intuitive solution, but it
is still possible to get stuck in local minima, and the ini-
tialization problem remains unsolved. Instead, in the first
stage, we fit the average pose to the keypoints. Thus, the
hand part centers are relatively fixed, and the problem then
becomes point cloud registration. Suppose {pﬁ“”d}he I are
the hand part centers defined as the average position of con-
nected joints, then the problem is registering {pZ“”d} heH, to
{Pr }nem,, which can be solved analytically via correspond-
ing point set registration (Besl and McKay 1992), where
Lip =Y nen, IIPn — prom?||? is minimized.

In the second stage, we optimize the hand pose parameters
0 together with the global pose to further minimize Ly, via
iterative optimization. With the former global registration,
such optimization is more likely to find the optimal solution
and provides a stable initialization.
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Keypoint-Guided Optimization. Based on the initialization,
the next step would be to search for the optimal grasping pose
around, where more contacts and less penetration should also
be considered alongside stability. Inspired by (Liu et al. 2023),
we use partitioned SDF to calculate the hand-object distance,

and calculate the current contact map C following (Grady
etal. 2021). The penetration 10oss Ly follows the definition
of (Liu et al. 2023). The keypoint loss is kept in this stage
as Ly, Together, regularization losses L., = ||8]|* + ||0]|?
are added to reduce implausible poses. Then the target of the
optimization is as follows and is solved by an optimizer (we
use Adam (Kingma and Ba 2015) in our experiment).

rglen Eoptim = wk:pﬁkp +wLe + wpeneﬁpene + wregﬁreg-

(1D

Experiment
Datasets and Metrics

Datasets and Baselines. GRAB (Taheri et al. 2020) is used
as our training and test set due to its precise hand shapes re-
sulting from motion captures. The 10 objects from HO3Dv2
(Hampali et al. 2020) are used to test the out-of-domain adap-
tivity of the method. During test, the input object is randomly
rotated while the gravity direction keeps unchanged. Please
refer to the supplementary for training details.

For fair comparison, we compare our method to those

trained only with GRAB on GRAB benchmark. On HO3D
benchmark, however, all methods are not trained on HO3D
dataset, including methods from GRAB benchmark and GF
(Karunratanakul et al. 2020) and GraspTTA (Jiang et al. 2021)
which are trained on ObMan (Hasson et al. 2019) dataset.
Stability Assessment. Following previous research (Karun-
ratanakul et al. 2020; Jiang et al. 2021; Liu et al. 2023; Zuo
et al. 2024), we use PyBullet (Coumans and Bai 2016-2021)
to simulate the object and the grasping hand and measure the
displacement of the object center of mass. Simulation Disp. is
the average displacement while Stable Rate is the proportion
of samples with Simulation Disp. less than 2 cm. To more
comprehensively measure stability considering both displace-
ments and penetrations, we adopt distinction rate from dex-
terous robotic grasping research (Wang et al. 2023; Lu et al.
2024). It is the proportion of samples where the grasp can
withstand the gravity of the object in IsaacGym (Makoviy-
chuk et al. 2021) simulation and the maximum penetration
depth is less than 5 mm. Since human hand labels usually
represent deformations with slight penetrations (Grady et al.
2021), this criterion is rather strict for human hands, but it is
reasonable by showing the proportion of top-quality grasps.
Therefore, we rename it to distinction rate.
Plausibility and Diversity Assessment. We use contact ratio
and penetration volume to assess the geometric plausibility.
Contact ratio is the proportional of samples where the hand
and object are in contact (nearest distance < 5 mm). Penetra-
tion Vol. measures the intersecting volume of the hand and the
object. Diversity is assessed by the Entropy and Cluster Size
of the clustering result of all generated hand poses following
(Liu et al. 2023; Wu et al. 2025).
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Method Simulation  Stable (<2cm) Distinction
ethods Disp. (cm)]  Rate (%)1  Rate (%) 1

Results on GRAB dataset (Taheri et al. 2020)

GrabNet (2020) 0.90 91.6 9.2

ContactGen (2023) 2.82 72.5 12.5

FastGrasp (2025) 2.04 74.2 14.2

Ours 0.68 + 4% 9671 °0% 1750282

Results on out-of-domain HO3D dataset (Hampali et al. 2020)

GF (2020) 4.47 45.0 1.0
GrabNet (2020) 1.86 74.0 3.0
GraspTTA (2021) 1.91 74.0 75
ContactGen (2023) 4.62 51.0 9.0
FastGrasp (2025) 3.59 51.0 1.5
Ours 1.50+ 19-4% 80.51 8:5% 17.07 88:9%

Table 1: Quantitative results of stability performance on
GRAB and HO3Dv2. “}” after a criterion means the higher
the better, while ‘|’ means the opposite. Our method outper-
forms previous ones by a large margin.

Grasp Synthesis Analysis

Quantitative Analysis on Stability. The stability perfor-
mance on both datasets are shown in Tab. 1. On both bench-
marks, our method achieves the best performance on all cri-
teria, with the displacements decreased amazingly by 24.4%
and 19.4%. The stable rate and distinction rate also increase
obviously. Since the distinction rate considers both penetra-
tions and stability, it is safe to conclude that our method finds
a good balance between the two.

On the HO3D benchmark, since no training samples are
seen, previous methods all suffer from an obvious perfor-
mance drop on all metrics. In contrast, the stable rate and
distinction rate of our method do not drop obviously. Since
the keypoints are selected with physics-based analytical anal-
ysis instead of data-driven methods, our method shows strong
adaptivity to general out-of-domain objects.

Analysis on Geometric Plausibility and Diversity. We re-
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port the relative criteria in Tab. 2. Our method shows the best
contact ratio and comparable diversity. Although the penetra-
tion volumes are increased compared to previous methods,
the state-of-the-art distinction rate in Tab. 1 indicates that the
increase is acceptable. The good diversity partly results from
the change of object pose relative to the gravity direction.
With Eq. (7), our model favors more supportive forces in
the anti-gravity direction, thus leading to a gravity-direction-
related generation. By changing the gravity, our method can
generate diverse and stable grasps.

Qualitative Analysis. To study the reasons for improvements,
we visualize some generated samples from our method and
two previous ones in Fig. 5.

First, there is a trend that our method favors hands sup-
porting the object from the bottom, which is preferable as
they provide supportive forces against gravity. Fingers tend
to touch the object from different directions due to the force-
aware choice of keypoints. In contrast, GrabNet tends to
produce penetrations (also shown in Tab. 1), and ContactGen
prefers less contact, usually unstable grasps. Further, we can
observe a common failure pattern from previous methods is
that the hand ends up in touch with only one side of the ob-
ject, like the ‘camera’ of GrabNet and ‘mug’ of ContactGen
in Fig. 5. These cases mostly initialize the hand on one. Later
optimization or refinement tries to lead the fingers through the
object but is prevented by penetration losses. This indicates
the importance of a stability-aware pose initialization.
Discussion on Stability and Penetration. Previous research
has observed that larger penetrations are usually accompanied
by smaller displacements (Jiang et al. 2021). We visualize the
curve of penetration - displacement by plotting the average
displacements from samples with penetration volumes in
[0, 1cm?), [lem?3, 2cm?), ..., [12cm?; 00) in Fig. 6.

It is obvious that penetrations and displacements are nega-
tively correlated, which indicates the trade-off between the
two criteria: more stable grasps are usually tighter and of
more penetrations. Therefore, more penetrations does not
necessarily lead to implausible grasps, and simulation dis-
placements reflect stability better if compared under similar
penetrations. In Fig. 6, our penetration curve is generally the
lowest considering all penetration levels. Our displacements
are especially low for small penetrations (<3 cm?®), which



Contact  Penetration Cluster

Methods Ratio (%) 1 Vol. (cm®)} EMWOPY T size 4

o Force Key Force Simulation Penetration Distinction
" Branch point value Disp. (cm)| Vol. (cm®)| Rate (%)t

Results on GRAB dataset (Taheri et al. 2020)

GrabNet (2020) 100 8.50 2.80 4.40
ContactGen (2023) 91.7 4.02 2.75 4.17
FastGrasp (2025) 98.3 3.03 2.81 3.21
Ours 100 5.13 2.83 4.37

Results on out-of-domain HO3D dataset (Hampali et al. 2020)

GF (2020) 73.0 9.68 2.85 2.16
GrabNet (2020) 100 12.39 2.88 4.10
GraspTTA (2021) 100 5.34 2.76 3.39
ContactGen (2023) 85.0 2.84 2.84 4.58
FastGrasp (2025) 92.5 4.79 2.81 3.30
Ours 100 6.62 2.80 447

Table 2: Quantitative results of geometric plausibility and
diversity criteria on both GRAB and HO3D Benchmarks.
Note that although our method produces more penetrations,
it is unavoidable due to more steady grasps.

GrabNet GrabNet
8 ContactGen GF
FastGrasp GraspTTA
6 Ours 6 ContactGen
FastGrasp

Ours

IS
IS

Displacement (cm)
Displacement (cm)

(%)
(%)

0 0

0123456789101112
Penetration Volume (cm?)

(a) GRAB

0123456789101112
Penetration Volume (cm?)

(b) HO3D

Figure 6: Simulation displacements in different penetration
intervals. The curve of our method is in bright red and is the
lowest especially for small penetrations.

explains the performance improvement in distinction rate.

Force Prediction Analysis

We test the precision of force prediction by comparing the
force values in contact regions with simulated results. While
there is no ground truth for synthesized poses, we can obtain
the force by running the labeling pipeline for it. We also
construct an average predictor by predicting all forces as the
average force from the training set as the baseline method.
The results of our method vs. average predictor are 0.21 N vs.
0.51 N for point-level forces and 4.13 N vs. 17.6 N, which
indicates that capturing the force distribution using a simple
model like VAE is practical. Fig. 4 show a sample of force
prediction, where we conclude that using average force can
lead to very large force for all contacts but our method can
judge where the force should be large and vice versa, thus
producing results closer to the ground truth.
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1 X X X 2.26 7.27 5.0
2 v X X 2.02 6.31 5.0
3 4 X v 1.60 7.70 6.7
4 v 4 X 0.75 6.54 15.0
5 v v v 0.68 5.13 17.5

Table 3: Ablation study using GRAB. The numbers of test
means: 1. No force prediction in training and inference; 2.
Use force map in training, but not in generation; 3. Use
force map only as weights in optimization 4. Replace force
predictions with average value; 5. Our full method.

0 1 2 3 4 5 16

Simu. Disp. (cm)| 2.02 1.78 148 0.68 0.66 0.67 0.56
Pene. Vol. (cm®)]  6.31 5.00 529 5.13 7.95 8.49 9.02
Distinction Rate (%)t 5.0 10.0 7.5 175 6.7 75 58

Nkp

Table 4: Ablation study on the number of keypoints 1y, using
GRAB. ny;, = 3 is chosen for its highest distinction rate.

Ablation Study

In this section, we first study the effect of force prediction.
We set up 5 different experiment configurations and report
the settings and results in Tab. 3. Generally, using keypoint-
based optimization and integrating exact force values are the
components with the largest contributions. By comparing the
increase from 2 to 3 and from 2 to 5, we can conclude that
using force simply as weights is not as effective as using
keypoints. The obvious increase from 2 to 4 demonstrates the
effectiveness of keypoints in optimization. The last two rows
show that using predicted force values effectively reduces
unreasonable penetrations thus improving distinction rate. It
indicates the predicted forces can mimic real forces and help
to make keypoints easier to fit.

Moreover, we conduct an ablation to study the optimal
number of keypoints and report the result in Tab. 4. The
trend is clear: with the increase of keypoint number, the
displacement decreases and the penetration increases. The
distinction rate, considering both stability and penetrations,
achieves the peak value at ng, = 3. Essentially, although
more keypoints lead to smaller displacements, it also comes
with a higher risk of unreachable combinations, thus causing
both inter- and self-penetrations. Therefore, we choose 1y, =
3 as the optimal keypoint number.

Conclusion

In this paper, we propose a novel contact-based grasp gen-
eration pipeline to improve stability. We extend the contact
representation to include contact forces and derive an energy
function to model stability by accelerations. Then, stability-
aware key contact points are identified using the energy to
guide the pose generation. The method achieves state-of-the-
art stability in grasp synthesis, suggesting the significance of
modeling contact forces and keypoint-guided optimization.
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