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Sparse transformer—based algorithm for long—short temporal
association action recognition

LIAO Jianwen, YANG Yingyun’, LU Yue
(School of Information and Communication Engineering, Communication University of China,
Beijing 100024, China)

Abstract: Mainstream video action recognition algorithms often lack sufficient exploitation of temporal
information, while Transformer excels at handling long sequences and global dependency issues. In this
paper 3D Convolutional Neural Networks(3DCNN) and Transformer were combined to propose a sparse
Transformer-based long-short temporal association action recognition algorithm, so as to realize the
modeling of global temporal information of video. The algorithm used a pre-trained model to extract clip
features, embedded a video feature clustering module to reduce the potential noise of the input features,
and used a Transformer long-short temporal association module based on sparse self-attentiveness which
introduced a sparse mask matrix masking operations on the similarity matrix to suppress smaller attention
weights, selectively retained important long-short temporal information, and improved the model’ s
attention concentration on global contextual information. The experimental results verify the effectiveness
of the proposed algorithm, showing the model can achieve higher accuracy compared to state-of-the-art
approaches on the UCF101 and HMDB51 datasets with a small number of parameters and computational
complexity.
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Transformer PUSTAFAE RIS Fawi HEE S (%)
x x x 9545 3323 M 40.85G
N x x 97.04 36.69 M 40.87 G
N N x 97.15 36.69 M 40.87 G
N x N 97.22 36.69 M 40.87 G
N N N 9741 36.60 M 40.87 G

3 UCFI01 HiBE EXF L, HIERKIEE R

(L, HEDH (%)
(40,2) 97.19
(40,3) 97.26
(50, 2) 97.41
(50,3) 97.26

5 4hig

A T #MFE 3DCNN ik = (i 745 B, gE— 253
RAC ARG ASE U 38, i i A R X 0 7 ) AR 1Y) 6 T
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B SC , % BE TR I Transformer (19 1< 48 I 3 56 156 3l 4 11 391 280 9 63

B A SCHR Y T 3L TR IR Transformer 4 S8 B G B
SR U S VEBE R # w 2R S0 2 ) R FH A B
Transformer BB HEAT BT I 1745 B, i #2000 7 571
M 42 Jmy R Jmy &8 B 25 R AR o AR SCHE Y Y 2 T R B
Transformer %4 J B 57 5C 36 B3 A5 R0 H% g A 90000
B4 i A B, ) FH R3D-18 T 11 24458 18U S5 4 o0 A
$odE , 76 UCF101 F HMDBS 1 % 45 1, #E:4T T 7843
S, Btk 1 5 A R
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