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In this document, we first show extra experimental re-
sults for hard no-box attacks and the data fitting of time-
varying autoregressive models. Then, we give the details of
SMI-FGSM and the transfer-based black-box attack. Fur-
thermore, we describe the data augmentation approaches
used in contrastive learning. Finally, we show the attack
results of hard no-box attacks against a defense method.

1. Visual Comparisons

We demonstrate more static poses of adversarial samples
under different attack strategies in no-box attacks. These
samples are conducted on the NTU60 datasets and the per-
turbation budget ϵ is 0.006. The visual comparisons are
shown in Figure 1. It is obvious that SMI gradient-based at-
tack methods improve the imperceptibility compared with
their baselines. We provide more examples in the supple-
mentary video.

2. The Number of Cluster Centers for Negative
Samples

The selection of negative samples is crucial in our hard
no-box attacks. Hence, we utilize the K-means clustering
method to obtain proper negative samples. In this part, we
study how the no-box fooling rate varies with different num-
bers of cluster centers in the K-means. The number of clus-
ter centers in K-means is set as 120, 100, 80, and 60, re-
spectively. I-FGSM [2] is adopted to generate hard no-box
adversarial samples on the NTU60. The fooling rates under
different numbers of cluster centers are reported in Table
1. All samples in the test dataset are used for clustering.
The attack with 120 cluster centers achieves the best results
when attacking MS-G3D and AS-GCN. The fooling rate of
60 cluster centers is similar to 120 and even outperforms in
js-AGCN. We speculate this might be because the NTU60
dataset is divided into 60 classes.
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Victims 120 100 80 60
js-AGCN 27.84% 27.62% 26.89% 28.02%
MS-G3D 11.13% 10.43% 10.70% 11.03%
AS-GCN 14.08% 13.65% 13.90% 14.02%

Table 1. The fooling rate of the different numbers of cluster centers
in no-box attacks with ϵ = 0.01.

3. Trading-Off Sample Size and Fooling Rate
in Cluster

We utilize all the samples in the test dataset for K-means
clustering in hard no-box attacks. However, it is possible to
trade-off between the number of samples used in clustering
and the fooling rate. To reduce the calculation burden, not
all the samples are necessary for clustering. We conduct the
no-box attack results on the NTU60 with different numbers
of cluster samples, i.e. 100%, 75%, 50%, and 25% of the
dataset. We employ I-FGSM to produce no-box adversarial
samples and show the fooling rates in Table 2. The number
of cluster centers is set as 120. Using fewer samples for
clustering slightly reduces the fooling rate but gives a better
trade-off.

Victims 100% 75% 50% 25%
js-AGCN 27.84% 27.22% 27.05% 26.51%
MS-G3D 11.13% 10.83% 10.85% 10.80%
AS-GCN 14.08% 13.45% 13.92% 13.43%

Table 2. The no-box fooling rate of different numbers of samples
used in clustering, ϵ = 0.01.

4. Other Comparisons

4.1. Selecting Negative Samples

Positive samples indicate boundary of same class while
negative ones indicate high-density areas of other classes.
As shown in Table 3, our ablation study shows selecting
negative ones avoids misleading perturbations.



Figure 1. Visual comparisons between attack strategies in no-box attacks (ϵ=0.006) with key visual differences highlighted.


