LRGN ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2024,33(5):162—169 [doi: 10.15888/j.cnki.csa.009505] http://www.c-s-a.org.cn
O ERFEBE AT B TR . Tel: +86-10-62661041

> vrh > ia i< \ KD
BT OPHRE MERIATE X B B R 9%
MRk, 27T, X%
(LT LREE AR A0, 517 5 125105)
WE1EH 25178%, E-mail: 1715742681@qq.com
OB KM NN TR RER B EE TR 2 —, IR SIS TR E AR T Z 5% N
DR R o 22 P 23 T2 A 22 PR A RS TSR FEBOR A5 A, AR SCHR MY 17— R 4o 22 I 248 PO 2 38 LR o
FI7E. ST TG O SRR R R M B R I AR A (R B e 01 % IR Rl G s ) Bl IR ] 2% 3T 505, B v Y 4 0
5L R AEBR G 77 fo S VS N 2 IR0 R O AU, 8 58 X % x4 P R BRI B R 0. SRl SRR, oo
JG 1175 3:4E CIFAR10. DVS Gesture. CIFAR10-DVS X 3 A #4i% EATUIZRI 47 o5 F 23 /D> T 46.68%.
48.52%- 10.46%, YIZREFE 3 AIHETH T 2.80 fi5. 1.31 £ 2.76 £ fELRUERS FERUME DL R, W8 PERETS BI7E 2R TF.
SRR K pp 22 0 4 I 1R) A 501 s 2 ] BE IS 18D %7 =95 2 [l = il N R R

5] % EEH?@Eﬁ,%‘ﬁﬁ%,iﬂﬁ?ﬁ?%ﬁlwéIﬁl% FR I 2 22 BB 4 2 BHL R G0 R ,2024,33(5):162—169. http://www.c-s-a.org.cn/1003-
3254/9505.html

W

Spatio-temporal Interactive Image Classification Based on Spiking Neural Network

QU Hai-Cheng, LI Zhu-Yuan, LIU Wan-Jun
(Software College, Liaoning Technical University, Huludao 125105, China)

Abstract: As one of the important development directions of artificial intelligence, spiking neural networks have received
extensive attention in the fields of neuromorphic engineering and brain-inspired computing. To solve the problems of poor
generalization as well as large memory and time consumption in spiking neural networks, this study proposes a
classification method based on spiking neural networks for spatio-temporal interactive images. Specifically, a temporal
efficient training algorithm is introduced to compensate for the kinetic energy loss in the gradient descent process. Then,
the spatial learning through time algorithms are integrated to improve the ability-of the network to process information
efficiently. Finally, the spatial attention mechanism is added to ena‘ble the network to better capture important features in
the spatial dimension. The experimental results show that the tfaining memory occupation on the three datasets of
CIFAR10, DVS Gesture, and CIFAR10-DVS are reduced by 46.68%, 48.52%, and 10.46%, respectively, and the training
speed is increased by 2.80 times, 1.31 times, and 2.76 times, respectively. These results indicate that the proposed method
improves network performange effectively on the premise of maintaining accuracy.

Key words: spiking neural network; temporal efficient training; spatial learning through time; spatial attention

mechanism; artificial intelligence
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CIFAR10. DVS Gesture. CIFAR10-DVS iX 3 /M4
S F YIS ST 50 0.1 batchsize 433 64.
16+ 32, RH] SGD fe bt 174k, 3 ZLRAE Vi N 0.6+
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42 B HIEE
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UG AT BEATL A BT AR, AR ) J0 I 3 245 32 5 E 1Y)
4 A P B R B LLVE S RGB IS ) 4 SR br e 7 %
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F 1 CIFARIO0 F4E i m i ie

Method Memory (GB) Time/Epoch (s) Acc (%)
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DS-ResNet+SAM 9.56 315 94.42
DS-ResNet+TET+SLTT+SAM 5.14 121 94.71
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