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Task: Predicting action class from input skeleton 
sequence

Challenge: over-reliance on small number of activated 
joints in transformer self-attention.

Approach: expand the set of discriminative joints with 
attention-guided masking and contrastive learning.

Contrast standard and 
masked representations

Contrast class 
representations

We mask the most important joints to force the model 
to explore more discriminative joints.

Method Backbone
NTU60 NTU120

XSub XView XSub XSet Kinetics400

AimCLR STTFormer 83.9 90.4 74.6 77.2 -

CrosSCLR STTFormer 84.6 90.5 75.0 77.9 -

SkeletonMAE STTFormer 86.6 92.9 76.8 79.1 -

MaskCLR STTFormer 90.1 (↑3.5) 95.4 (↑2.5) 79.0 (↑2.2) 80.5 (↑1.4) -

SkeletonMAE Transformer 88.5 94.7 87.0 88.9 -

MAMP Transformer 93.1 97.5 90.0 91.3 -

MaskCLR Transformer 93.5 (↑0.4) 97.5 90.5 (↑0.5) 91.9 (↑0.6) -

MotionBERT DSTFormer 92.8 97.1 84.8 86.4 38.8 

MaskCLR DSTFormer 93.9 (↑1.1) 97.3 (↑ 0.2) 87.4 (↑2.6) 89.5 (↑3.1) 44.7 (↑5.8) 

4. Experiments
4.1. Datasets
We use the NTU RGB+D [25, 33] and Kinetics400 [16]
datasets in our experiments. To obtain 2D poses, we em-
ploy three pose estimators (pre-trained on MS COCO [23])
of different AP scores: ViTPose (SOTA) [46] (High Qual-
ity, HQ), HRNet [37] (Medium Quality, MQ), and Open-
PifPaf [18] (Low Quality, LQ). We apply the same post-
processing across the three versions (outlier removal, pose
tracking, etc). Further details about the datasets and pose
estimators are provided in the supplementary material. We
report the Top-1 accuracy for all datasets.

4.2. Implementation Details
We validate our approach on three transformer back-
bones: the vanilla transformer [6], DSTFormer [51], and
STTFormer [31]. We set the depth N = 5, Cf = 512,
Cr = 512, h = 8, and fix temporal sampling at T = 243.
Different temporal lengths could be handled at test time
due to the flexibility of the transformer backbone. For con-
trastive losses, we set ↵ = 0.9, � = 0.1, � = 0.9, � = 0.7
and ⌧prop = ⌧sim = 0.7. The classification head is an MLP
with hidden dimension = 2048, drop out rate p = 0.5, Batch-
Norm, and ReLU activation. We train our model for 600
epochs, where we first use only Lce to train the standard
pathway for 300 epochs. For the next 300 epochs, we add
the masked pathway and train with the combined loss (Eq.
12). We train with backbone learning rate 0.0001, MLP
learning rate 0.001, and batch size 32 using AdamW [28]
optimizer. We conduct our experiments with 8 A100 GPUs.

4.3. Comparison with state-of-the-art Methods
Accuracy on standard skeletons. In Table 1, we compare
the accuracy of MaskCLR to SOTA supervised methods, or
self-supervised methods after fine-tuning. MaskCLR out-
performs previous methods on 4 out of 5 benchmarks, and
outperforms all baseline methods sharing the same backbone
on all benchmarks. For NTU60-XView, MaskCLR is tied
with MAMP [29] with the vanilla transformer backbone, yet
improves the accuracy of the STTFormer and DSTFormer
backbones. For Kinetics400, MaskCLR surpasses Motion-
BERT [51] by a margin of 5.8 percentage points. This shows
that MaskCLR improves the accuracy at no pre-training cost
and without increasing the model size.

Generalization to pose source. To demonstrate the gen-
eralization of our method to the type of pose estimator, we
evaluate our model on the skeletons extracted by different
pose estimators of different quality levels. For a fair compari-
son, we train all models on MQ skeletons and we evaluate on
LQ and HQ ones (see Table 2). MaskCLR with DSTFormer
backbone [51] consistently outperforms previous methods
on all benchmarks under HQ and LQ poses. Compared to
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Figure 5. Top 1 accuracy on NTU60-XSub against spatiotempo-
ral noise levels. While the performance of current methods drops
rapidly with noise, adding each of AGPM, Lsc, and Lcc signifi-
cantly improves robustness. When combined, MaskCLR shows the
lowest drop in accuracy compared to previous SOTA methods.

MotionBERT [51], using the same backbone, we improve
generalization to skeleton source by 26.6 percentage points
for NTU120-XSub VitPose Skeletons.

Robustness against skeleton perturbations. We com-
pare the robustness of our method to existing methods un-
der Gaussian noise, part occlusion, and joint occlusion. For
noisy skeletons, we introduce Gaussian noise X ⇠ N (0, �2)
to all joints, incrementally increasing � from 0 to 0.01 with
step size = 0.001. In the supplementary material, we pro-
vide visualizations of noisy skeletons. As shown in Figure
5, MaskCLR is superior to existing methods under noisy
skeletons. Additionally, MaskCLR surpasses MotionBERT-
R, which is trained with the same DSTFormer backbone [51]
and 15% random masking, by 14.9 points at noise � = 0.01.
In part occlusion, we separately remove five body parts
{head, left_arm, right_arm, left_leg, right_leg}. In joint
occlusion, we randomly mask 15%, 30%, 45%, and 60%
of joints. As shown in Figure 6, MaskCLR substantially
outperforms existing methods under part and joint occlusion.
We provide more results in the supplementary material.

Robustness against perturbed skeletons from different
pose estimators. We perturb all LQ, MQ, and HQ skeletons
with 50% frame masking and spatiotemporal Gaussian noise
at � = 0.002. While the performances of PoseConv3D [9]
and MotionBERT [51] significantly degrade, MaskCLR
shows the smallest drop in accuracy (see Table 3). Using the
same DSTFormer backbone, MaskCLR achieves an absolute
performance improvement of 9.1% on NTU60-XView ViT-
Pose skeletons compared to MotionBERT. This shows the
superiority of our approach in generalization and robustness
under perturbed skeletons from different pose estimators.
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