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Abstract: Accurate quantification of caged monkey behaviors is a primary goal in the preclinical drug safety assessment.
Skeleton information is important to analyze the behaviors of monkey. However, most of the existing skeleton-based
action recognition methods usually extract the features of the skeleton sequence in the spatial and temporal dimensions,
ignoring the integrity of the skeleton topology. To address this problem, we propose a skeleton action recognition method
based on Global Spatiotemporal Encode Network (GSTEN). Based on the Spatial Temporal Graph Convolutional
Network (ST-GCN), the proposed method inserts Global Token Generator (GTG) and several Global Spatiotemporal
Encoders (GSTE) in parallel to extract the global features in spatiotemporal dimension. To verify the performance of
the proposed method, we conduct experiments on a self-built monkey action recognition dataset. The experimental
results show that the proposed GSTEN achieves an accuracy of 76.54% without increasing the amount of model

parameters, which is 6.79% improvement to the baseline model ST-CGN.
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Table 2 Experimental results of different methods on the monkey action recognition dataset
5k HEZR SHE (M) E5HE (G HEFE (%)
BET AT ) 7 1
Slowl!3] ResNet-50 31.7 41.9 67.90
SlowFast!!3] ResNet-50 33.7 50.6 61.11
13DI21 ResNet-50 27.2 28.5 74.07
13D21 ResNet-101 51.0 47.1 73.46
X3D123 X3D-S 3.0 2.0 71.60
MViTR24 MViT-B 36.3 70.8 74.69
TimeSformer!?’] TimeSformer-divST 121.4 590.0 77.16
BT H T ATk

ST-GCNI®] STCM*10 3.1 2.8 69.75
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2s-AGCNI16] Agen 6.9 12.6 70.99
MS-G3D-Joint[??] G3d 2.7 8.7 71.60
MS-G3D-Bonel??! G3d 2.7 8.7 72.84
MS-G3D?2 G3d 54 17.4 75.31
CTR-GCN2¢] CTR-GCN 1.46 1.97 717.78
PoseConv3D7] X3D-S 0.24 0.6 75.93
GSTEN STCM*10+GSTE*1 32 2.8 73.46
GSTEN STCM*10+GSTE*2 33 2.8 76.54
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Table 3 Ablation experiments of GSTEN

LTS HEZE SHR M) EHE (%)
Exp-1 STCM*10 3.1 69.75
Exp-2 GSTE*1 0.1 64.81
Exp-3 GSTE*2 0.3 71.60
Exp-4 STCM*10+GSTE*1 3.2 73.46
Exp-5 STCM*10+GSTE*2 33 76.54
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Fig. 5 Accuracy of the GSTEN based on
different coefficient w
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Table 4 The impact of GSTE on different baseline models

it ZHE (M) MR (%)
ST-GCNI®! 3.1 69.75
ST-GCN + GSTE 33 76.54 (+6.79)
Js-AGCNU! 3.4 70.37
Js-AGCN + GSTE 3.7 72.84 (+2.47)
Bs-AGCNU!] 3.4 63.58
Bs-AGCN + GSTE 3.7 66.67 (+3.09)
MS-G3D-Joint!2! 2.7 71.60
MS-G3D-Joint + GSTE 3.0 75.93 (+4.33)
MS-G3D-Bone??! 2.7 72.84
MS-G3D-Bone + GSTE 3.0 78.40 (+5.56)
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Table 5 Ablation experiments of GSTE
S HEZE ZHE (M) R (%)
Exp-1 GSTE*1 0.13 64.81
Exp-2 GSTE*2 0.27 71.60
Exp-3 GSTE*3 0.40 69.75
Exp-4 GSTE*4 0.53 70.37
Exp-5 GSTE*5 0.66 66.67
Exp-6 GSTE*6 0.79 67.90
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