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Supplementary Material

A. 3-Stage Design

An alternative pretraining method is to follow MAE-CT [4]
and tune the encoder in 3 stages. Figure 1 shows the 3-
stage design. Initially, when we initialize the projector and
predictor modules, we freeze the encoder weights. In the
second stage, we exclusively train the projector and pre-
dictor modules until they can effectively differentiate be-
tween different sequences using the NNCLR approach. Fi-
nally, in the third stage, we fine-tune the encoder weights
using layer-wise learning rate decay. One motivation for
this staged approach is the idea that the NNCLR head’s ran-
dom weights could interfere with the representation quality
by mapping the features into a random space, disrupting the
learned structure. However, our findings challenge this as-
sumption. The t-SNE visualization in Fig. 2 demonstrates
that even with random NNCLR head weights, the cluster
structure in the encoder’s output space remains intact in the
new representation space. Furthermore, we observed with
STARS-3stage that replicating this three-stage process not
only increases training time but also leads to a drop in fi-
nal accuracy. As a result, we use a two-stage design in our
proposed STARS method.

B. Semi-supervised Evaluation Results

In semi-supervised evaluation protocol, we follow previous
works [5, 7, 8] and fine-tune the pretrained encoder in addi-
tion to a post-attached classifier while given a small fraction
of the training dataset. Specifically, the performance on the
NTU-60 is reported while using 1% and 10% of the train-
ing set. Since the training portions are selected randomly,
we report the result averaged over 5 different runs as the
final result. As shown in Tab. 1, STARS is more effective
in all scenarios. Specifically, while using 1% of the train-
ing data, leading to an increase in accuracy for the MAMP
baseline by 3.1% and 4.2% in cross-subject and cross-view
evaluations, respectively.

C. Ablation Hyper-parameters

Tab. 2 shows the hyperparameters used in DINOTuning
strategy. For simplicity and because of limitation in re-
sources, we used only two global views and did not use any
local views in DINO. As shown in Tab. 3, we can see that
incorporating local views led to a small improvement in per-
formance. However, it came at the cost of significantly more
resources. To be specific, we introduced two local views
that randomly trimmed a section of the sequence between
40% and 80% and fed it only to the student network. With

Method
NTU-60

XSub XView
(1%) (10%) (1%) (10%)

Other pretext tasks:
LongT GAN [16] 35.2 62.0 - -
ASSL [10] - 64.3 - 69.8
Contrastive Learning:
MS2L [6] 33.1 65.1 - -
ISC [11] 35.7 65.9 38.1 72.5
3s-CrosSCLR [5] 51.1 74.4 50.0 77.8
3s-Colorization [13] 48.3 71.7 52.5 78.9
CMD [7] 50.6 75.4 53.0 80.2
3s-Hi-TRS [2] 49.3 77.7 51.5 81.1
3s-AimCLR [3] 54.8 78.2 54.3 81.6
3s-CMD [7] 55.6 79.0 55.5 82.4
CPM [14] 56.7 73.0 57.5 77.1
Masked Prediction:
SkeletonMAE [12] 54.4 80.6 54.6 83.5
MAMP [8] 66.0 88.0 68.7 91.5
Masked Prediction + Contrastive Learning:
PCM3 [15] 53.1 82.8 53.8 77.1
STARS-3stage (Ours) 68.6 88.2 72.5 91.8
STARS (Ours) 69.1 88.0 72.9 91.8

Table 1. Performance comparison on the NTU-60 dataset un-
der the semi-supervised evaluation protocol, with the final perfor-
mance reported as the average of five runs.

these additional views, we had to reduce the batch size to
16 and double the training time. Consequently, in our other
experiments, we stuck to using only global views. We also
used Sinkhorn-Knopp centering [1] a KoLeo regularizer [9]
to help the convergence. Tab 6 shows the hyperparameters
used in MoCoTuning. Similar to previous approaches [3, 5],
we used 32K as the queue size, 0.999 for the momentum and
0.07 for the temperature.

Method 10-NN 20-NN 40-NN

w/o local views 77.4 77.1 77.0
w/ local views 77.8 78.0 77.6

Table 3. Effect of including local views on DINOTuning.

C.1. Algorithm psuedo code

Algo. 1 demonstrates the process in PyTorch-style pseudo
code.
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Figure 1. The overall pipeline of our proposed STARS-3stage framework. The first stage uses MAMP [8] to reconstruct the motion
of masked tokens. The second stage keeps the encoder parameters frozen and trains parameters of the projector and predictor using a
contrastive learning approach. After these parameters have converged to well-separated clusters, the third stage involves partial-tuning of
the encoder parameters.

MAMP before projection layer MAMP after projection layer

Figure 2. Comparison between MAMP’s output vectors before
and after using a projection layer with random weights.

D. Additional Ablation Studies

Combining MAMP and NNCLR.: One idea to tune the
encoder in second stage is to combine NNCLR with MAMP
and use both. Tab 4 compares this tuning stage with the pro-
posed STARS. By including MAMP in the second stage of
tuning, although it improves the final representation of en-
coder compared to the baseline (MAMP), it cannot perform
as effective as STARS.

Training NNCLR from scratch: Table 5 presents the
K-NN evaluation results for training the transformer from

Hyperparameter Value

Learning rate 0.001
Batch size 32
Augmentations Mirroring & Rotation
Centering Sinkhorn Knopp
KoLeo weight 0.1
# Global views 2
# Local views 0
Student temperature 0.1
Teacher temperature 0.04
Teacher momentum 0.996

Table 2. DINOTuning hyperparameters for ablation study in tun-
ing strategy design.

scratch using the NNCLR method for 300 epochs. Without
augmentation, the model struggles to select positive sam-
ples in contrastive learning that truly represent the same ac-
tions. This happens because the encoder starts with random
weights, which lack meaningful cluster separation. Con-
sequently, the encoder fails to fully use the advantages of
NNCLR in the second stage of STARS, resulting in poorer
performance.



Algorithm 1 PyTorch-style pseudo-code of contrastive tuning in
the second stage.

1 # f: MAMP Encoder. Only second-half is tuned.
2 # g: Projector. Batch normalization module
3 # h: Predictor. 2 layer MLP, hidden size 4096,

output 256
4 # Q: Queue with length of 32,768
5
6 for x in loader:
7 y = f(x) # encoder forward pass
8 z = g(y) # projection forward pass
9 p = h(z) # prediction forward pass

10 z, p = normalize(z, dim=1), normalize(p, dim=1)
11 nn = top_nn(z, Q) # finding nearest-neighbor

sample in Q
12 loss = L(nn, p)
13 loss.backward()
14 optimizer.step()
15 update_queue(Q, z)
16
17
18 def top_nn(z, Q):
19 similarities = z @ Q.T
20 idx = similarities.max(dim=1)
21 return Q[idx]
22
23 def L(nn, p, temperature=0.07):
24 logits = nn @ p.T
25 logits /= temperature # sharpening
26 labels = torch.arange(p.shape[0])
27 loss = cross_entropy(logits, labels)
28 return loss

Method NTU-60
XSub XView

MAMP (Baseline) 63.1 80.3
STARS 79.9 88.6
MAMP + NNCLR 74.6 86.5

Table 4. Ablation study on second stage of tuning. The perfor-
mance is evaluated on the NTU-60 XSub and NTU-60 XView
datasets under the KNN evaluation protocol (K=1).

K NTU-60
XSub XView

1 37.6 30.5
2 35.8 28.7
5 39.9 32.3
10 41.2 33.6

Table 5. Training the transformer encoder using NNCLR method
from scratch. The performance is evaluated on the NTU-60 XSub
and NTU-60 XView datasets under the KNN evaluation protocol.

Using naive MAE instead of MAMP: Tab. 7 and Tab.8
present a comparison of K-NN and few-shot evaluations for
a variant that uses naive MAE instead of MAMP in the first
stage. While tuning in the second stage leads to significant
improvements, the overall performance remains lower be-
cause MAE performs worse than MAMP in the initial stage.

Effect of Batch Size. Table 9 reports the effect of vary-
ing the effective batch size on K-NN classification accuracy.

Hyperparameter Value

Learning rate 0.001
Batch size 32
Augmentations Mirroring & Rotation
Queue size 32,768
Momentum 0.999
Temperature 0.07

Table 6. MoCo hyperparameters for ablation study in tuning strat-
egy design.

Method NTU-60
XSub XView

MAMP 63.1 80.3
STARS 79.9 88.6
MAE 44.1 43.7
STARS-MAE 53.5 55.2

Table 7. Ablation study on K-NN evaluation by changing the first-
stage of STARS to naive MAE.

Method 1-shot 2-shot 5-shot

MAMP 47.6 44.4 48.4
STARS 63.5 62.2 65.7
MAE 35.0 31.8 34.2
STARS-MAE 41.5 37.9 40.6

Table 8. Ablation study on first few-shot evaluation by changing
the first-stage of STARS to naive MAE.

Batch size K-NN Acc. (%)

16 76.7
32 78.9
64 78.3
128 79.9

Table 9. Impact of effective batch size (i.e., number of negative
samples) on K-NN accuracy, evaluated on NTU60-XSub. (K=1)

Increasing the batch size, which corresponds to sampling
more negatives, generally improves accuracy, with the best
performance observed at a batch size of 128. This highlights
the importance of large negative sets for robust representa-
tion.

Setting K-NN Acc. (%)

α = 1.0 74.3
α = 0.2 83.7

Table 10. Effect of tuning strength α on K-NN accuracy with
K = 10, evaluated on NTU60-XSub.



Figure 3. Confusion matrix of KNN evaluation in NTU-60 XSub dataset (k=10).

Effect of layer decay. As shown in Fig. 4 of the main
paper, applying layer decay with α = 0.2 yields the best
performance. For comparison, we also evaluate the case of
α = 1, where all layers are tuned uniformly. Table 10 com-
pares the effect of different tuning strengths on K-NN ac-
curacy with K = 10. While full tuning (α = 1.0) achieves
moderate performance, reducing the tuning strength to α =
0.2 substantially improves accuracy, suggesting that partial

tuning helps preserve more generalizable representations.

Method Parameters (M) MACs (G)

MAMP 10.34 250.4
STARS 8.43 606.1

Table 11. Comparison of model size and computational cost be-
tween MAMP and STARS.



Parameters and MACs. Tab. 11 shows that STARS
requires fewer parameters than MAMP, as it employs an
MLP-based decoder instead of a transformer decoder. How-
ever, its MACs are significantly higher because training in-
volves two forward passes for the contrastive loss as well as
the additional computation needed to identify nearest neigh-
bors and apply the loss.

E. Confusion Matrix
Fig. 3 illustrates the confusion matrix under KNN evalua-
tion protocol when K=10 on NTU-60 XSub dataset. The er-
rors depicted in the figure can be classified into two distinct
categories. Firstly, there are errors stemming from a lack of
contextual information. For instance, when only a skeletal
sequence is provided, actions like ”play with phone/tablet”
might be misinterpreted as ”reading” and ”writing.” Sec-
ondly, there are errors arising from subtle movements, such
as distinguishing between ”clapping” and ”hand rubbing,”
which pose challenges for the model in differentiation. In
summary, these errors manifest due to either insufficient
context or the intricacy of distinguishing minute actions,
highlighting the complexities inherent in the task.
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