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A OVERVIEW
In the supplementary paper, we present human evaluation (Sec. B),
our model architecture (Sec. C), the algorithm to generate SCM
(Sec. D), and the additional results of our method on GRAB and
ARCTIC datasets (Sec. E), respectively.

B HUMAN EVALUATION
In this study, we further validate the perceptual quality and stability
of the grasps generated by our method through a comprehensive
user study following [2–4, 6]. We select a total of six objects from
the GRAB dataset [5] for evaluation. For each object, our assessment
incorporate three randomly selected ground truth grasps from the
dataset, alongside three grasps generated by benchmarked methods
and three by our approach. Participants are asked to rate the quality
of each grasp based on its naturalness and the stability of holding
the object using a five-point scale ranging from strongly disagree (1)
to strongly agree (5). Fig. 1 shows the score distribution and Tab. 1
summarizes the average ratings. Notably, our method demonstrates
superior performance in both naturalness and stability compared to
other evaluated methods, but still lags behind ground truth grasps.
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strongly
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disagree
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agree

strongly
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The grasp is natural
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CG
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0 10 20 30 40 50
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Figure 1: Grasp human studies score distribution. The distri-
bution of scores shows that our method achieves comparable
performance to the GT in both naturalness and stability.

Table 1: Grasp human study statistics. While the gap between
ours and the GT exists, our method performs better than
GraspTTA [2] and ContactGen [4] in terms of naturalness
and stability.

GRAB GraspTTA [2] ContactGen [4] Ours (SCM) GT

Natural 2.76 2.77 3.67 4.13
Stability 2.72 2.84 3.79 4.26

C MODEL ARCHITECTURE
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Figure 2: Model architecture of the denoising network in a
single step of the reverse diffusion process.

D ALGORITHM

Algorithm 1 Semantic Contact Map (SCM) Generation

Input: Hand point cloud H with 𝑁H points, object
point cloud O with 𝑁O points, finger range definitions
R = {𝑅thumb, 𝑅index, 𝑅middle, 𝑅ring, 𝑅little}, distance thresholds
𝜏𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 .
Output: Semantic Contact Map matrix of size 𝑁O × 5.

// Contact Map Generation
for 𝑜 = 1 to 𝑁O do

for ℎ = 1 to 𝑁H do
𝑑𝑜ℎ ← Compute Euclidean distance from O𝑜 toHℎ ;

end for
D𝑜 ← min𝑗∈{1,2,3,...,𝑁H } (𝑑𝑜 𝑗 );
Indexo ← a𝑟𝑔𝑚𝑖𝑛 𝑗∈{1,2,3,...,𝑁H } (𝑑𝑜 𝑗 );

end for
Normalize D to get the contact map C;
// Binary Contact Map Generation
for 𝑜 = 1 to 𝑁O do

B𝑜 ← threshold contact map C𝑜 with 𝜏threshold;
end for
// Semantic Contact Map Matrix Construction
for 𝑜 = 1 to 𝑁O do

for each finger 𝑓 in R do
if 𝐼𝑛𝑑𝑒𝑥𝑜 in 𝑓 then

SCM𝑜 𝑓 ← 𝐵𝑜 ;
end if

end for
end for
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Figure 3: Additional results of generated grasps given objects. Every result is shown in a row with input object, output hand
mesh, both input and output in 3 views and in contact.
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