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Adaptive Timestep Improved Spiking Neural Network for Efficient Image Classification

LI Qian-Peng"*>  JIA Shun-Cheng"> ZHANG Tie-Lin"*? CHEN Liang"?

Abstract Spiking neural network (SNN) has received broad attention for its relatively lower computational energy
consumption compared to artificial neural network (ANN). However, most conventional SNNs use a synchronous
computation paradigm, whereby multiple timesteps are commonly used to simulate the dynamic process of informa-
tion integration, resulting in some problems such as extended inference delay and increased computational energy
consumption, which lead to a serious efficiency discount during the realistic application of edge intelligent devices.
In this paper, we propose an adaptive timestep improved spiking neural network (ATSNN) algorithm, which can
automatically choose a proper inference timestep based on different features of input samples, and regulate the im-
portance of different timesteps by designing an innovative time-dependent loss function. Besides, a low energy con-
sumption SNN accelerator is designed based on the characteristics of ATSNN mentioned above to support applica-
tions and deployments of ATSNN algorithm on some mature frameworks (such as VGG and ResNet). The results of
software and hardware experiments on standard datasets such as CIFAR10, CIFAR100, and CIFAR10-DVS show
that, compared to conventional SNN algorithms using static timesteps, the ATSNN algorithm can reach a compar-
able accuracy but with a decreased inference delay (around 36.7% ~ 58.7%) and reduced computational complexity
(around 33.0% ~ 57.0%). Furthermore, the running results on the hardware simulator indicate that the computa-
tional energy consumption of ATSNN is only around 4.43% ~ 7.88% of GPU RTX 3090Ti. It shows great advant-
ages of brain-inspired neuromorphic hardware and software.
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Fig.1 ATSNN structure and training and dynamic time inference flow chart
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NN F1 ATSNN [ 7H A 2 58 1 35 $ 22 A (8] 20 A8 4k i
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Table 1 Comparison of SNN, DTSNN and ATSNN in timestep, accuracy and complexity
CIFAR10 CIFAR100 CIFAR10-DVS
o 4 254 A7 . " N " _— "
M MR (%) SR REEE R (%) SAE ML MR (%) AR
SNN 4.00 91.35 1.00 4.00 66.99 1.00 10.00 72.60 1.00
VGG16 DTSNN 2.53 (4) 91.13 0.79 3.58 (4) 69.68 0.96 5.70 (10) 73.30 0.56
ATSNN 2,19 (4) 91.61 0.67 249 (4) 70.05 0.63 413 (10) 73.00 0.43
SNN 4.00 91.86 1.00 4.00 67.22 1.00 10.00 70.00 1.00
ResNet19 DTSNN 2.52 (4) 91.51 0.88 3.54 (4) 67.58 1.02 6.95 (10) 70.50 0.94
ATSNN 2.0 (4) 91.84 0.67 2.53 (4) 70.64 0.64 5.57 (10) 69.50 0.63
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(a) The results on CIFAR10 by (b) The results on CIFAR10 by
using VGG16 using ResNet19
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=
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=
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Accuracy /%
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ATSNN
2.0 2.5 3.0 3.5
Average timestep
(¢) f£ CIFAR100 A% (d) #£ CIFAR100 LA{#iH
VGG16 4558 ResNet19 455
(c) The results on CIFAR100 by (d) The results on CIFAR100 by
using VGG16 using ResNet19

—DTSNN
ATSNN
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)

B 3 ANESFE AT 5 A AR

Fig.3  Accuracy at different average inference timesteps
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HRERETE L, 78 ImageNet-100 F1 N-Caltech-101 P
AN HE G BT Ee AR AN ] 2P ATSNN #H %) DTS-
NN FITHE S 24 B 25 M RE, o Ehgs sk 2 fr
IR, e T1 RN — AN R A X T R e
T 72 {8 F I [B) 25 3k #5095 ATSNN A% F DTS-
NN [V ), AACC /& ATSNN AHRSF
DTSNN &7 HERG2. MR n] LUE e P A3
PiAE - ATSNN Rt HUf5 5 4y i e %, A A'T-
SNN FIiH5 8 24 FE A DTSNN M ZEAR K, BIANE

AW ED T AEREALL. T ATSNN {5
BRI TR) 5 BEAT HERE, WOUF SEARRE AR, THEACR
i

3.3 ﬁ?‘iﬂ"]?ﬁ%@i& Limp

ATSNN [R)45 2K BRI EL Livyy, HERACES ()25 0 2% 4
HH B T . DA R R U RO, 7E SNN
YRR b, (R0 2K R H R 46 9 58 U (Cross en-
tropy) BR#. DTSNN A5 1 f) 45 2k o % (DTSNN-
loss) AL (AR R BREL (Liyp ) FFVIGRPIZE. SR )5 FT
A7 10X 26 BEJ A5l P I T 20 g 3 B0, A ) Tl ) I
25 (1. 24 3+ 4) MR 4 fE, 45 R 4 Fios.

M 4 Fa] DU A8 A S0 K BR B Li
FE 1 AN (a5 R HE PR R AR T 3 AP AN R iR B
XN J5 S35 BRI )5 SR SR HE B A IR BTG HE R
FARRBE T HA. AT L, AR SCHIR R BRI Loy,
PRI T W ZSTEAR I (] 25 1 Rk RE

fiREEFE SNN BE {4 ANiE =S

ASCAE ] SNN AR 28 SATA-Sim ™ SZHf
Jik s 25 X 28 s e, 3 4 S TAEAE 28 nm T2,
500 MHz I 845 56 2% 1 16 AT I T8 48 18 47 A SOt
B, FIREE GPU Xf LS FERE . W% (Frames per
second, FPS).

SEIGEE RN 3 fon, £ 3 & e — 4 BUE W
606.1 (5.46%) KA SCINHE 5 S FERE 606.1 J, X
N GPU FEREIN 5.46%. nT LA EF 2], A SCHIN
A AL E] GPU MR R HEELE B, HALHE FE
4.43% ~ 7.88% GPU WIREE. R AW 4 AT
HIGLIIhEE, TR —EM&cii B, AT $ot
WAESUE > F PE $ot, BT URE A Jeik a8 147
76, AT Be S IhFEAR K& PE T 402 —. BRIbA
SCIREAET & B B R, IR H AT &k
Al NBK M BIRTEFE, & & 8 e &
RET %
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Table 2  Relative computational complexity per timestep and network performance
HiEd T1 T2 T3 T4 T5 T (%) AACC (%)
ImageNet-100 0.998 1.009 1.009 1.010 1.003 68.49 0.90
N-Caltech-101 0.959 0.977 0.978 0.959 0.989 68.32 0.45

90 90
§ 85 § 85
Z 80 Z 80
< . — Cross entropy < - — Cross entropy
> —— DTSNN-loss ™ —— DTSNN-loss
— Ly — Ly
70 70
1 2 3 4 1 2 3 4
Timestep Timestep
(a) £ CIFARI10 A% (b) #£ CIFARI0 A6
VGG16 453 ResNet19 )45 3

(a) The results on CIFAR10 by  (b) The results on CIFAR10 by
using VGG16 using ResNet19

70 70
& 60 & 60
~ ~
5 5
& &
g g
250 250
o o
< — Cross entropy < — Cross entropy
0 : DTSNN-loss 10 : DTSNN-loss
Liy Liy
1 2 3 4 1 2 3 4
Timestep Timestep

(c) £ CIFAR100 -1 H (d) 7€ CIFAR100 |- fdiH
VGGI16 455 ResNet19 F455R
(c) The results on CIFAR100 by (d) The results on CIFAR100 by
using VGG16 using ResNet19

B4 ] I T 20 I P = 2 R B HE B R

Fig.4  Accuracy by using three loss functions at
fixed timestep

# 3 RS GPU X T FPS. FEREXS L
Table 3 ~ Comparison of FPS and energy consumption
between accelerator and GPU

GPU AN A

I}A 24 45 1) % 3
H HUE FPS #Efg (J)  FPS ¥EfE (J)

CIFARI0 215 6814 248  537.6 (7.88%
543.6 (7.24%

VGG16
CIFAR100 200 7499 228

CIFARI10 215 11088 212
ResNet19
CIFAR100 172 13914 180

606.1 (5.46%

)
)
)
617.2 (4.43%)
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FOEIE S0 P AR T, X R F Y O Ly %
K 1op BRI, ATSNN %t EFEE K ERS
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[E) It 5 >k T I [R) 20 38 0. S i B 2 5 W
2 I HERE AT R — B, NI B O L M mor
04 0.999, HES ATSNN fIMERE IR 4 fos. 5% 1
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(a) The results on CIFAR10 by (b) The results on CIFAR10 by
using VGG16 using ResNet19
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Fig.5  The effect of hyperparameters on accuracy
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using VGG16 using ResNet19
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Fig.6  The effect of hyperparameters on timestep
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Table 4  Performance with default hyperparameters

EAE/E S IR 244 45 1) i EpA AR (%)
CIFARI10 ResNet19 1.897 (4) 91.77
CIFARI0 VGG16 2.183 (4) 91.57
CIFAR100 ResNet19 2.501 (4) 70.46
CIFAR100 VGG16 2.642 (4) 69.58

[— 70, €[09950,09998] — 74, = 1]
91.9
91.7 / P=
< 91.6 / < 91.8
~ A ~
2015 ' &
< <
E 5 91.7
g 914 3
= =
91.3 916
2.0 2.1 2.2 2.3 1.6 1.7 1.8 1.9 2.0 2.1 2.2

Average timestep
(a) fE CIFAR10 Al (b) #£ CIFAR10 kAl
VGGI16 45 ResNet19 & f
(a) The results on CIFAR10 by (b) The results on CIFAR10 by

Average timestep

using VGG16 using ResNet19
70.8
70.0
70.6
« 698 < 704
~ ~
5 69.6 5702
£ £
£ 69.4 g 00
< < 69.8
69.2
69.6
69.0 69.4

22 23 24 25 26 2.7 2.8
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23 24 25 26 27 28
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(c) f£ CIFAR100 L {#i/H] (d) #£ CIFAR100 L{#H
VGG16 M4 R ResNet19 1455
(¢) The results on CIFAR100 by (d) The results on CIFAR100 by
using VGG16 using ResNet19
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Fig.7 Performance comparison between
Tor #1 and 7¢p =1
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Table 5  Ablation experiment of ATSNN
Ktk W E 2T HUR R i tH AL T1 T2 T3 T4
34.43 89.39 90.82 91.86
N 47.26 89.85 90.52 91.38
CIFARI0 85.68 88.78 90.39 91.28
86.93 89.96 91.63 91.79
\ 86.93 90.14 91.39 91.86
27.13 56.68 62.53 67.22
\ 30.38 57.19 63.37 67.70
CIFAR100 J 52.69 63.80 67.29 69.61
53.47 64.35 67.53 69.90
\ \ 53.47 65.23 68.17 70.25
#* 6 ATSNN S5RIEIRFVERIXT L
Table 6 Comparison between ATSNN and low-latency algorithms
ST GA2S B P 2% 45 g i ] 2 HEWZE (%)
Conversion!! ANN % SNN VGG16 8 90.96
STDB™ o+l 2k VGG16 5 91.41
EfficientLIF-Net!" H % VGG16 5 90.30
CIFARLO DTSNNU HHEIZR VGG16 2.53 (4) 91.13
AL BN VGG16 2.56 (10) 92.09
STBP-tdBN! Bz ResNet19 6 93.16
DTSNNU HHEIZR ResNet19 2.51 (4) 91.51
EN'S BN ResNet19 2.71 (10) 92.38
STDB™ e+ 2 VGG16 5 66.46
Diet-SNN! eI ES VGG16 5 69.67
Real Spike? HEIZR VGG16 5 70.62
CIFAR100 RecDis-SNN® BRI VGG16 5 69.88
A BRI VGG16 3.86 (10) 71.37
DTSNN!I BN ResNet19 3.54 (4) 67.58
ES'S eI ES ResNet19 2.53 (10) 70.64
STBP-tdBN! HZIZ ResNet19 6 67.80
CIFAR10-DVS DTSNN!"! BN L5 ResNet19 6.95 (10) 70.50
ES'S eI ES ResNet19 5.57 (10) 69.50
EfficientLIF-Net A ResNet19 5 79.44
ImageNet-100 LocalZOF B4 SEW-ResNet34 4 81.56
ES'S eI ES ResNet19 1.76 (5) 81.96
EfficientLIF-Net A ResNet19 5 55.44
TinylmageNet DTSNNI B4 ResNet19 3.71 (5) 57.18
ES'S eI ES ResNet19 2.47 (5) 57.61
MC-SNN®1 HZIZR VGG16 20 81.24
DTSNNU HHEIZR VGG16 3.21 (10) 82.26
N-Caltech-101 AL HE 4 VGG16 2.19 (10) 82.63
NDA® HZIZR ResNet19 10 78.60
LS HE ResNet19 2.56 (10) 80.56
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