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A APPENDIX

Figure 1: Generated contacts and grasps on out-of-domain HO-3D objects. We generate 2 grasps for
each object. For each result, we visualize both the generated contact map (right) and the corresponding
grasping pose (left).

A.1 EVALUATION ON THE HO-3D DATASET

HO-3D We further validate our framework on the HO3D dataset (Hampali et al., 2020), which is a
real-world datset and includes 10 objects. Due to the limitation of number of objects and grasp types,
we follow the work (Karunratanakul et al., 2020) and use the dataset for testing the models trained on
Obman. Examples of generated grasps of our method are shown in Figure 1.

Local Refinement Details For the inference refinement on the HO3D, we adopt Adam optimizer
with a learning rate of 1.00× 10−4 to update the GraspNet decoder (MLP) parameters. The number
of steps is 150.

Table 1 compares the quality of generated grasps of our method to that of the baselines and existing
works on HO3D. Our method improves the Param2Mesh baseline on the penetration metrics and the
contact ratio significantly. It outperforms the state-of-the arts on all metrics except the penetration
volume. Specifically our method achieves the best performance on simulation (2.46 cm) and C-Rate
(97.81 %) metrics. Notice that the contact ratio of all methods in Table 1 is not so good as that of
testing results on Obman in the main paper, which mainly results from the object size difference of
these two datasets. The method proposed in Jiang et al. (2021) has difficulty in generalizing to HO3D
while our method adapts to the new objects of larger size better regarding the contact ratio metric.
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Table 1: Comparison on HO3D

Methods Penetration, ↓ Simulation, ↓ C-Rate(↑) S-Rate(↑)
Dep Vol Mean Var

GT 2.94 6.08 4.31 ±4.42 91.60 -
GraspField (Karunratanakul et al., 2020) 1.46 14.90 3.45 ±3.92 90.10 -
Jiang et al. (2021) (w/o refine) 0.94 4.21 4.98 ±4.48 86.63 -
Jiang et al. (2021) 1.05 4.88 3.80 ±4.20 92.31 -

Param2Mesh (Baseline) 1.50 17.70 2.67 ±2.58 92.78 13.97
Ours (w/o refine) 0.90 6.86 2.46 ±2.63 97.81 34.22
Ours 0.89 5.08 2.53 ±2.66 96.19 40.56

A.2 MORE VISUALIZATION ON THE CONTACTPOSE DATASET

In Figure 2, we present the generated results on objects from the ContactPose (Brahmbhatt et al.,
2020) training group. We can observe that the some generated contacts and predicted grasps are
corresponding with the object affordance.

Figure 2: Generated contacts and grasps on ContactPose objects from the training group.We select 12
out of 21 objects for the visualization. For each object, we visualize both the generated contact map
(right) and the corresponding grasping pose (left). Note that the generated grasps is more realistic
and reasonable.

A.3 THE MATHEMATICAL DESCRIPTIONS OF METRICS

Simulation Displacement. We choose this metric by following (Hasson et al., 2019) as it provides a
way to measure the physical realism of generated grasps and we can compare with (Jiang et al., 2021;
Taheri et al., 2020) on this metric. The simulation environment (PyBullet physics engine) checks the
force closure. If the force closure is not met, objects fall and cause the displacement of objects after
placing generated grasps. Therefore, the displacement metric actually has the force-closure metric
included. The displacement is defined as Dist = f(x, x′) if f(x, x′) < 0.1, else Dist = 0.1, where
f(x, x′) = ∥x− x′∥2. x, x′ represent the initial and end position of object center.

Penetration volume (Pv) and depth (Pd) follows the definition in (Hasson et al., 2019),To calculate
the penetration, we first voxelize a grasp and an object, then a sign distance field (SDF) is constructed
for the object (positve inside the object and negative outside). For each voxel of the grasp, if its value
in the object SDF is positive, it is an intersected voxel.Pv = µ

∑N
i=0 vi, vi ∈ V , where V denotes
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the intersection voxel set between the grasp and the object, vi represents the i-th voxel.µ denote unit
size of voxel and N denotes the number of voxels. The penetration depth is the maximum distance of
the penetration, defined asPd = max

vi∈V
SDF (vi), where SDF (vi) denotes the distance value of an

intersected voxel.

Contact Rate (Cr). We define a contact between the object and the hand when any point on
the surface of the hand is on or inside the surface of the object (Karunratanakul et al., 2020).The
formuation is defined as:

Cr =
1

Ns

Ns∑
i=0

xi, xi =

{
1, (max(C ′′) ̸= 0) ∧ (Pv > 0)

0, else
, (1)

where Ns denotes the number of generated samples.xi denotes the i-th sample.

Grasp Success Rate (Sr) is a comprehensive metrics. It define a grasp with both less penetration
and simulation displacement as positive sample. The definition of Sr is:

Sr =
1

Ns

Ns∑
i=0

xi, xi =

{
1, (Pv < η) ∧ (Dist < α)

0, else
, (2)

where η = 5(cm3) and α = 2.0(cm) denote threshold of penetration volume and simulation
displacement respectively.

A.4 THE EXTENSION OF OUR WORK TO ROBOTICS APPLICATIONS

The highlight of our work is that using generated contact map to get a reasonable grasp pose, which
can be easily extended to robotics applications. In (Mandikal & Grauman, 2021), the contact maps are
used for input of reinforcement learning (RL) for grasping and defining better rewards. In (Mandikal
& Grauman, 2022),the human poses reconstructed from videos are retargeted to the robotic hands by
simply keeping the joint rotations (or keeping the task vector space) of the generated grasps. The
resulting robotic hand poses are used as rewards for RL for refinement.

Based on these works, we can extend our work to robotic grasping as the following steps: (1)
Retargeting human poses to posed for robotic hands. (2) Using the generated contact maps as the
input for defining more detailed hand object features and better rewards for exploration under the
reinforcement learning framework. (3) Using the retargeted robotic hand poses for rewards and more
efficient sampling of reinforcement learning.
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