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Action Recognition Model Based on Improved Two Stream Vision Transformer
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1 Department of Criminal Investigation,People’s Public Security University of China,Beijing 100038, China
2 Public Security Behavioral Science Lab,People’s Public Security University of China,Beijing 100038, China
Abstract To address the issues of poor resistance to background interference and low accuracy in existing action recognition
methods,an improved dual stream visual Transformer action recognition model is proposed. The model adopts a segmented sam-
pling method to increase its processing ability for long-term sequence data; embedding a parameter free attention module in the
network header enhances the model’s feature representation ability while reducing action background interference; embedding a
temporal attention module at the tail of the network to fully extract temporal features by integrating high semantic information in
the time domain. A new joint loss function is proposed in the paper,aiming to increase inter class differences and reduce intra
class differences. Adopting a decision fusion layer to fully utilize the features of optical flow and RGB flow. In response to the
above improved model,comparative and ablation experiments are conducted on the benchmark datasets UCF101 and HMDB51.
The ablation experiment results verify the effectiveness of the proposed method. The comparison results show that the accuracy
of the proposed method is 3.48% and 7. 76% higher than that of the time segmented network on the two datasets, respectively,
which is better than the current mainstream algorithms and has good recognition performance.
Keywords Action recognition, Vision Transformer,SimAM parameter-free attention, Temporal attention,Joint loss
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Table 2 Accuracy comparison of different baselines on UCF101

Baseline Spatial/ % Temporal/ % Two-Stresm/ % # param. GFLOPs
SE-ResNetl52 83.06 72.55 89. 65 65x106 148. 06> 107
NFNet-F1 85.97 83.22 93.19 129. 87 x 108 226.8X107
ViT 87.28 83.37 94. 59 85.7%10° 228.36 10"
ViT+SimAM 88.58 84.97 95. 35 85. 7106 228. 36107
ViT(Joint Loss) 88.79 84.21 95.10 85. 7106 228.36x107
ViT(Joint Loss) +SimAM 89. 67 85.33 95.63 85.7X10° 228. 36107
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Table 3 Comparison of RGB results of different segments

and whether to add temporal attention on UCF101

Num of segments  Head/% End/% None/%
1Frame(RGB) — — 85.03
3Frames(RGB) 88.23 90.12 89. 67
6Frames(RGB) 85.72 88.71 86.55

GFLOPs
17.58> 107
52, 74(+4.16) %107
105. 42(+8.41) X107

9Frames(RGB) 84. 85 87.39 86.36  158.13(+12.63) <107
3Frames(Flow) 85. 49 86.27 85.33  175.62(+41.69) <107
3Frames

95. 46 96.12 95.63  228.36(+45.85) X107

(RGB+Flow)

3.7 ZR3
AR BB Ry SRR gE R UL 4 g, nT DUE H L E st iy
AR HERR R AT R T U T ek B A R .
4 FE UCF101 - A4 78 @l 58 T 52 56 25

Table 4 Results of ablation validation experiment on UCF101

Model Ace/ %
VIiT(RGB) 86. 35

~+ Selecting Frames(Way 2) 87.28
ViT(RGB+Flow) 94.23

~+ Decision Fusion(0. 6) 94.59
+SimAM 95. 35

+Joint Loss 95.63

~+ Temporal Attention 96.12
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Table 5 Comparison of accuracy of different algorithms on UCF101

and HMDB51

%)
Model UCF101 HMDB51
TSN 92, 64 65.74
3D ResNeXt-101L17] 91. 20 —
VideoMAEL!8) 91.30 62. 60
TimeSformer.!2) 92.43 63.58
CSCNNL29] 92.70 64.50
HAR-depth[20] 93.00 69.70
STACNet-16] 94. 33 69. 14
TVBN-ResNeXt[21] 94. 60 70. 40
HAM-CNNL22] 94.70 70. 90
spatio-temporal STFT23] 94. 70 71.50
LIGARLZ4] 94. 85 —
BifurcatedNet[25] 94. 90 72.10
STIAML26] 94. 90 —
TS-CNNL27] 94. 90 70. 80
DAMLZ8] 95.70 71. 80
ViTSN 96.12 73.50
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