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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.

The grasp is natural The grasp is stable

strongly =—1 strongly ?

agree agree

agree agree
neutral neutral
disagree disagree
" " = GA " I = GA
strongly = cG strongly =3 cG
disagree : == OURS disagree == OURS

= GT m GT

0 10 20 30 40 o 10 20 30 40 50
Percentage [%] Percentage [%]

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 | 367|413

Stability | 2.72 | 2.84 | 379|426
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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 Ng; points, object
point cloud O with Ny points, finger range definitions
R = {Rthumbs Rindex> Rmiddle> Rring; Riittle }, distance thresholds

Tthreshold-
Output: Semantic Contact Map matrix of size Np X 5.

// Contact Map Generation
foro=1to Ny do
for h = 1to N¢y do
dop, < Compute Euclidean distance from O, to Hp;
end for
Do —minje(123 Ny} (doj);
Indexo « argminje (123, Ny} (doj);
end for
Normalize D to get the contact map C;
// Binary Contact Map Generation
foro=1to Ny do
B, « threshold contact map C, with Typresholds
end for
// Semantic Contact Map Matrix Construction
foro=1to Ny do
for each finger f in R do
if Index, in f then
SCM0 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.

E ADDITIONAL RESULTS
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Figure 4: visualization results of generated grasps on the ARCTIC dataset[1].
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