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Figure 1: Generated human grasp on in-domain and out-of-domain objects. Object and hand contact maps are shown in the
last column. The brighter the region, the higher the contact value between the hand and object. Best viewed in color.

Abstract

While predicting robot grasps with parallel jaw grippers
have been well studied and widely applied in robot manipula-
tion tasks, the study on natural human grasp generation with
a multi-finger hand remains a very challenging problem. In
this paper, we propose to generate human grasps given a 3D
object in the world. Our key observation is that it is crucial
to model the consistency between the hand contact points
and object contact regions. That is, we encourage the prior
hand contact points to be close to the object surface and the
object common contact regions to be touched by the hand at
the same time. Based on the hand-object contact consistency,
we design novel objectives in training the human grasp gen-
eration model and also a new self-supervised task which
allows the grasp generation network to be adjusted even dur-
ing test time. Our experiments show significant improvement
in human grasp generation over state-of-the-art approaches
by a large margin. More interestingly, by optimizing the
model during test time with the self-supervised task, it helps
achieve larger gain on unseen and out-of-domain objects.

1. Introduction
Capturing hand-object interactions has been an active

field of study [20, 8, 12, 5, 1, 2, 19, 17, 26] and it has wide
applications in virtual reality [9, 24], human-computer inter-
action [23] and imitation learning in robotics [27, 21, 15].
In this paper, we study the interactions via generation: As
shown in Fig. 1, given only a 3D object in the world co-
ordinate, we generate the 3D human hand for grasping

it. Unlike predicting robot grasps with parallel jaw grip-
pers [13, 25, 28, 3], predicting human grasps is substantially
more difficult because: (i) Human hands have a lot more
degrees of freedom, which leads to much more complex con-
tact; (ii) The generated grasp needs to be not only physically
plausible but also presented in a natural way, consistent with
how objects are usually grasped.

To synthesize physically plausible and natural grasp
poses, recent works propose to use generative models [4,
10, 19] supervised by large-scale datasets [8, 7, 6] with grasp
annotations and contact analysis on hands. Specifically, the
large-scale dataset allows the model to generate realistic hu-
man grasps and the contact analysis encourages the hand
contact points to be close with the object but without inter-
penetration. While these methods put a lot of efforts into
modeling the hand and its contact points, they ignore that
the object itself also has more possible contact regions that
need to be reached (see contact map in Fig. 1). In fact, recent
work has studied the common contact regions on objects and
trained neural networks to directly predict the contact map
from the 3D object model [1, 2].

In this paper, we argue that it is critical for the hand
contact points and object contact regions to reach mutual
agreement and consistency for grasp generation. To achieve
this, we propose to unify two separate models for both the
hand grasp synthesis and object contact map estimation. We
show that the consistency constraint between hand contact
points and object contact map is not only useful for opti-
mizing better grasps during training time by designing new
losses, but also provides a self-supervised task to adjust the
grasp when testing on a novel object. We introduce the two

1



Training Stage

Both
Hand-Object GraspCVAE

Enc-Dec

ContactNet

Grasp Prediction

Lgrasp

Contact Reasoning

Contact Map GT

Initial Grasp
Prediction

ContactNet

Target 
Contact Map

Contact Consistency

Lcont

GraspCVAE
Dec

Only
Object

Testing Stage

Final Grasp
Prediction

Figure 2: The different usage of proposed networks in training and testing. Left: During training, the two networks learn
generating human grasps and predicting object contact map separately on ground truth data. Right: At test-time, the two
networks are unified in a cascade manner for adaptation on novel test objects.

components as follows.
First, we train a Conditional Variational Auto-

Encoder [18] (CVAE) based network which takes the 3D
object point clouds as inputs and predicts the hand grasp
parameterized by a MANO model [16], namely GraspCVAE.
During training the GraspCVAE, we design two novel losses
with one encouraging the hand to touch the object surface
and another forcing the object contact regions touched by
the ground truth hand close to the predicted hand. With
these two consistent losses, we observe more realistic and
physically plausible grasps.

Second, given the hand grasp pose and object point clouds
as inputs, we train another network that predicts the contact
map on the object. We name this model the ContactNet.
The key role of the ContactNet is to provide supervision
to finetune GraspCVAE during test time when no ground
truth is available. We design a self-supervised consistency
task, which requires the hand contact points produced by
the GraspCVAE to be consistent and overlapped with the
object contact map predicted by the ContactNet. We use this
self-supervised task to perform test-time adaptation which
finetunes the GraspCVAE to generate a better human grasp.
This adaptation approach can be applied on each single test
instance. We emphasize that this procedure does not require
any extra outside supervision and it can flexibly adapt to
different inputs by resuming to the model before adaptation.

We evaluate our approach on multiple datasets include
Obman [8], HO-3D [7] and FPHA [6] datasets. We show that
by utilizing the novel objectives based on the contact con-
sistency constraints in training time, we achieve significant
improvements on human grasps generation against state-of-
the-art approaches. More interestingly, by optimizing with
the proposed self-supervised task during test time, it gener-
alizes and adapts our model to unseen and out-of-domain
objects, leading to the large performance gain.

2. Approach
We emphasize that ensuring reasonable contact between

the object and synthesized hand is the key to get high-quality
and stable human grasps. We utilize both hands and ob-
ject contact information and make sure they are consistent

with each other, as summarized in Fig. 2. We propose two
networks, a generative GraspCVAE to synthesize grasping
hand mesh, and a deterministic ContactNet for modeling the
contact regions on the object.

Training Stage. As shown on the left side of Fig. 2, we
optimize these two networks using ground-truth supervision
separately to learn grasp generation and predicting object
contact maps. To train the GraspCVAE, we propose two
novel losses to ensure the hand-object contact consistency,
which will be introduced in Sec. 2.1.

Testing Stage. As shown on the right side of Fig. 2,
we unify the two networks and design a self-supervised
task by leveraging the consistency between their outputs.
Given a test object, we first generate an initial grasp from
the GraspCVAE. Then, the generated grasp is forwarded
together with the object to the ContactNet to predict a target
contact map, which is used for finetuning the initial grasp. If
the grasp is predicted correctly from GraspCVAE, the object
contact region from the predicted grasp should be consistent
with the target object contact map.

2.1. Learning GraspCVAE
Usage and architecture The GraspCVAE is a Conditional
Variational Auto-Encoder (CVAE) [18] based generative
network, using conditional information to control generation.
The conditional information of GraspCVAE is the object.

During training, as shown in top row of Fig. 3, given
point clouds of the hand and the object, we use two separate
PointNets [14] to extract their features. Then they are con-
catenated as the CVAE encoder input. And the CVAE [18]
learns to reconstruct the parameters of MANO model [16],
by conditioning on the object information. The output of the
MANO layer is the reconstructed hand mesh.

During testing, as shown in the bottom row of Fig. 3, we
only utilize the decoder from the GraspCVAE for inference,
where the latent code z is randomly sampled from a Gaussian
distribution.

Baseline The first objective for the baseline model is mesh
reconstruction error, which is defined on both the vertices V
of the mesh as well as the parameters (β, θ) of the MANO
model. We adopt the L2 distance to compute the error
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Figure 3: The architecture of GraspCVAE. (a) In training, it takes both hand-object as input to predict a
hand mesh for grasping the object in a hand reconstruction manner using both of its encoder-decoder; (b)
At test-time, its decoder generates grasps by conditioning only on object information as input.
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Figure 4: An example of
contact map, brighter re-
gions have larger scores. Be-
cause the MANO model
does not have soft tissue,
the underformable finger-
tips usually penetrate into
object surface slightly.

Figure 5: Six hand prior contact
regions are shown in color.
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Figure 6: Architecture of ContactNet. It extracts local per-point feature of object point cloud, and
concatenate it with global hand-object feature for predicting contact map.

asLR = λV ·LV +λθ ·Lθ +λβ ·Lβ , where λV , λθ and λβ
are constants balancing the losses.

Following the training of VAE [11], we define a loss
enforcing the latent code distribution to be close to a standard
Gaussian distribution, which is achieved by maximizing the
KL-Divergence as LKLD = −KL(Q(z|µ, σ2)||N (0, I)) .

We also encourage the grasp to be physically plausible,
which means the object and hand should not penetrate into
each other. We denote the object point subset that is in-
side the hand as Poin, then the penetration loss is defined
as minimizing their distances to their closest hand vertices
Lpenetr = 1

|Po
in|

∑
p∈Po

in
mini ||p − V̂i||22 . In a short sum-

mary, the loss for training the baseline is:

Lbase = LR + λKLD · LKLD + λp · Lpenetr , (1)

where λKLD and λp are constants balancing the losses.

Reasoning Contact in Training We design two novel
losses from both the hand and the object aspects to reason
plausible hand-object contact and find the mutual agreement
between them.

Object-centric Loss. From the object perspective, there
are regions that are often contacted by human hand. We en-
courage the human hand to get close to these regions using
the object-centric loss. Specifically, from the ground-truth
hand-object interaction, we can derive the object contact map
Ω ∈ RN by normalizing the distance D(Po) between all ob-
ject points and their nearest hand prior vertice with function
f(·), where f(D(Po)) = 1−2 · (Sigmoid(2D(Po))−0.5).

An example is shown in Fig. 4. This normalization helps
the network focus on object regions close to the hand. Then
we force the object contact map Ω̂ computed from the gen-
erated hand to be close to the ground truth Ω, using loss
LO = ||Ω̂− Ω||22, Ω = f(D(Po)).

Hand-centric Loss. We define the prior hand contact
vertices Vp as shown in Fig. 5, motivated by [8, 1]. Given
the predicted locations of the hand contact vertices, we
then take the object points nearby as possible points to
contact. Specifically, for each object point Poi , we com-
pute the distance D(Poi ) = minj ||Vpj − Poi ||22, and if it is
smaller than a threshold, we take it as the possible con-
tact point on the object. Our hand-centric objective is
to push the hand contact vertices close to the object as,
LH =

∑
i D(Poi ), for all D(Poi ) ≤ T for all the possi-

ble contact points on the object, where T = 1 cm is the
threshold.

The final loss combining the two novel losses above is,

Lgrasp = Lbaseline + λH · LH + λO · LO , (2)

where λH and λO are constants balancing the losses.

2.2. Learning ContactNet

We propose another network, the ContactNet, to model
the contact information between the hand-object as shown in
Fig. 6. The inputs are hand and object point cloud, and the
output is the object contact map. Since we need to predict
the contact score for each point, we utilize the per-point
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Figure 7: Visualization of generated grasps on in-domain objects from Obman dataset [8], and out-of-domain objects from
HO-3D dataset [7].

Obman HO-3D FPHA
GT GF [10] Ours GT GF [10] Ours GT GF [10] Ours

Penetration Max Depth (cm) ↓ 0.01 0.56 0.46 2.94 1.46 1.05 1.17 2.37 1.58
Volume (cm3) ↓ 1.70 6.05 5.12 6.08 14.90 4.58 5.02 21.9 6.37

Simulation Stability Mean (cm) ↓ 1.66 2.07 1.52 4.31 3.45 3.21 5.54 4.62 2.55
Variance (cm) ↓ ± 2.44 ± 2.81 ± 2.29 ± 4.42 ± 3.92 ±3.79 ± 4.38 ± 4.48 ± 2.22

Perceptual Score {1, ..., 5} ↑ 3.24 3.02 3.54 3.18 3.29 3.50 3.49 3.33 3.57
Contact Ratio (%) ↑ 100 89.40 99.97 91.60 90.10 99.61 91.40 97.00 100

Table 1: Results on Obman [8], HO-3D [7] and FPHA datasets [6] compared with ground truth (GT) and GF [10]. Best results
are in bold and blue compared without and with GT.

object local feature of the PointNet encoder to ensure this
correspondence. After concatenating all the features, we
apply 1-D convolutions to regress the object contact map Ωc.
The loss is Lcont = ||Ωc − Ω||22.

2.3. Contact Reasoning for Test Time Adaptation

During testing, we unify the GraspCVAE and ContactNet
in a cascade manner as shown on the right side of Fig. 2.

Given the object point clouds as inputs, the GraspCVAE
will first generate a hand mesh M̂ as the initial grasp. We
compute its object contact map ΩM̂ correspondingly. Taking
both the object and predicted hand mesh as inputs, the Con-
tactNet will predict another contact map Ωc. If the grasp is
predicted correctly, the two contact map ΩM̂ and Ωc should
be consistent.

Based on this observation, we define a self-supervised
consistency loss as Lrefine = ||ΩM̂ − Ωc||22 for fine-tuning
the GraspCVAE. Besides this consistency loss, we also incor-
porate the hand-centric loss LH and penetration loss Lpenetr
to ensure the grasp is physically plausible. We apply the joint
optimization with all three losses on a single test example,

LTTA = Lrefine + λH · LH + λp · Lpenetr. (3)

We use this loss to update the GraspCVAE decoder, and
freeze other parts of the two networks.

3. Experiment
We conducted experiments of three public datasets, the

Obman [8], HO-3D[7] and FPHA[6] dataset. We only train
the model on the Obman and test on all of the three dataset.
We evaluate the grasps by physical penetration [8], grasp sta-

Penetration ↓ Simu Disp. ↓ Contact ↑
Depth Volume Mean ± Variance Ratio (%)

w/o TTA 0.94 4.21 4.98 ± 4.48 86.63
TTA 1.05 4.58 3.21 ± 3.79 99.61

Table 2: Abaltion of Test-Time Adaptation (TTA) on HO-3D
dataset [7].
bility [22, 8], perceptual score [10] and hand-object contact
metrics (contact ratio, contact finger number, etc).

3.1. Grasp Generation Performance
Qualitative results Visualization results are shown in
Fig. 7. From the visualization, our proposed framework
is able to generate stable grasps with natural hand poses on
both in-domain and out-of-domain objects.

Quantitative results The evaluation results on the three
datasets are shown in Table. 1. On all of the three datasets,
our framework shows significant improvement over the state-
of-the-art approach [10]. And results on HO-3D and FPHA
dataset imply that our model has a much stronger cross-
domain generalization ability. Besides, our results are close
to or even outstrip the ground truth, especially for the stabil-
ity and perceptual score.

3.2. Ablation Study
We validate the effectiveness of test-time adaptation

(TTA) on out-of-distribution HO-3D dataset. As shown in Ta-
ble. 2, with TTA, the simulation displacement decreases and
the hand-object contact ratio increases significantly, which
demonstrate that the grasp is much more stable. Moreover,
the huge improvement of the steadiness is not at the expense
of sacrificing the penetration metrics. The slightly bigger
penetration between hand-object is reasonable considering
the significant improvement of steadiness.
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