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Self-calibrating First Spike Temporal Encoding Neuron Model

FENG Ren.CHEN Yunhua,XIONG Zhimin and CHEN Pinghua

School of Computer Science, Guangdong University of Technology,Guangzhou 510006, China

Abstract Because of the complex spatio-temporal dynamic process of spike neurons and the non-differentiable spike information,
the training of spike neural network(SNN) has always been very difficult. The ANN-to-SNN method for indirect training of deep
SNN avoids the difficulties of direct training of deep SNN. However, the performance of the SNN obtained in this approach is
greatly affected by the spike information encoding mechanism. Among many coding mechanisms, TTFS has a good biological basis
and is energy efficient,but existing TTFS codes use a single-spike formalism,which has weak information representation capabili-
ty and large time windows for encoding. Therefore,based on the single spike coding of TTFS.a calibration spike is added to form
a self-calibrating first spike time to first spike coding mechanism,and the corresponding SC-TTFS neuron model is constructed. In
SC-TTFS, the first spike is the spike that must be emitted, while the calibration spike determines whether it is emitted according
to the residual membrane potential after the first spike is emitted, which is used to compensate the quantification error and trun-
cation error caused by the coding spike and to reduce the time window required for coding. The advantages of this approach are
verified by comparing and analyzing the corresponding conversion errors of various codes and ANN-SNN conversion experiments
on various network architectures. On CIFAR10 and CIFAR100 datasets,the proposed algorithm is verified by experiments based
on VGG and ResNet network structures,and it achieves ANN-SNN transformation with non-destructive accuracy on both net-
work structures and two data sets. Compared to state-of-the-art similar methods, the SNN constructed by the proposed method
has the smallest network inference latency. In addition,on the VGG structure,the proposed method improves the energy efficien-
cy by about 80% compared with TTFS coding.

Keywords Spiking neural network, Spike encoding mechanism, ANN-SNN conversion
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T A b 5 H b A GBI 5T T AR SR AT B A AR SO
VGG16™ il ResNet20™ 45 3 J& . ANN A58 8, Fif H 5 1k
S SNN, FE7E CIFARIO F1 CIFAR100 #4415 b 86 3 A< 3¢
AL, Hoh, CIFARLO #0445 40 & 60000 7% RGB #
o [R5, BE 5K RS R SF 9 32X 32, BRI bR 243 9 10 2%
S A 50000 5K AE S I 2R 4E B 5. 10 000 5K A S il 48
%, CIFAR-100 i % 55 CIFARILO & 25 1, H &I R 45
243 R 100 A0 BEAN 20 A 500 kIR IER R 100 5K
MR E R . FE BRI A SO I R Bl SE AT T H — 1k
Ab B,

fEH$ ANN # AL SNN 2 J5 , A4 SCHET ANN 75 5 4~ £
0 F A I 4 )2 1 i th BN 43 A X SC-TTES #4890 19 AR 56
BS BT TR IR & R b fh 35 4F 2 o0 TR I 4 (1
WSS BE D Y SR . FEAR SE T 1, SC-TTFS #if & JT1E
PR AE AR R BRI R Ak n 3k 1 s, 7EX SNN BF
Frgrat A S Adam £ 46 2% 32 2 2 3, B T w1 4R 1k
SC-TTFS #ZJLH 2 B . SNN £ W 4% 2 i BE 0 i &
5 ANN #2352 2 R 25 5 500 45 1Y i S0 72 ) AR
K sh, B AR SOR AT I 4 3 2 B 1 X107 IR E RS E
A7 3 A P SR F AR KGR ok A 30 %5 R B, epoch 1% Bl 100,
batch_size 24 128, ALY LU IE T Pytorch TREE 2% > HE 4L 5L
P, B4 o Inter(R) Core(TM) 19-9900k, GeForce RTX
2080Ti,10 GB M7,

F 1 MEITTEA R B RSB i

Table 1 Parameter initialization of neurons on different datasets
CIFARI10 CIFAR100
% G 1 1E R v B E % 1 ] H R v B
a 2.0 1.0 4.5 2.0
—1.0 0.8 —1.0 —0.5

k 0.8 1.0 0.9 1.0

ARIGE S5 T A MR R [ 8 55 LS B 5 T AR
SNN 43 28K BE L #E 39 IE 3R | Ik b %50 55 77 T8 BE A7 % LY ok 37 45 BT
$RO7 L B RN 2 I3k 3 A, 3 2 R 3 R B ST TAEAR
s F ANN-SNN %% fk #5 # SNN, H W 45 25 #9 5 51 4
VGG16 il ResNet20, 3 T A SCH L i AL VGG16 2544 1)
SNN 7 CIFAR10 % #5 4 il CIFA-R100 %t #5451 19 4» 545
BE43 5 95. 80 %6 77. 75 % , % 4k ResNet20 Z5 4411 SNN 7
PR BOIE A b AOAE 2 3k 96. 62 %0 A1 78. 75 % . ¥k B T G
B Ak B0 T I BFIE T . AR SO 46 BT 459 21 59 SNIN 43
JOKG BE ¥ TR ANN, JE P& SC-TTFS i 48 76 1 5 i HL il
il LT DA sk O 4 — SO B8 il & Tk b SO 0 B R A L T X
Lk N\ AT R — LB S {5 S X A F 5 9 SNN B T 4T
ROPTIg 75 PR R AT BRAS T e OSB3R 2 R 3 by ik e
B2 7R TE B A v 58 B — A R 19 53 2 4E 55 1 SNIN - 35 B
R Bk A0 Ik RO R R SNIN AE i 3 ) 45 9T 4
THRIEM £ . N3k 2 f3 3 Fr g, 42 3007 3k 19 SNN FE ik oft
BRI 2 AE 3R PR 8 5 TE 3 O LAl R 4 5 A L BUAR A
Fo LA B0 ik B i 3 T TTES 5 WAL s F 98 T4, 3 T
A SCTTVE TR ) SNN K oh 807 CIFAR10 #il CFFAR100
ByndE L2 1.5 % BAEMERE R R Ea s Ty
84% M1 81%,

# 2 CIFAR10 FR[E 4G 0L ANN-SNN ¥ b 77 %) 1o
Table 2 Comparison of ANN-SNN conversion methods with different

encoding mechanisms on CIFAR10

R 4 ¥ AEME/ N e #E

o 4 ANN SN fik mam  OFH
VGG16  Rate(2017)97 91,41 91.06 0.35 1500  9.300%106
VGG16  Phase(2018)013] 91,41 91.21  0.20 1500 35.200% 106
VGG16  Burst(2019L167 91,41 91.41 0.00 1125 6.920X10°
VGG16  Rate(202000101 93,63 93.39  0.24 512 2.612x108
VGG16  TTFS(2020)0(210  — 91.43  — 680  0.069X105
VGG16  Rate(2021)L12) 95,74 95.65 0.09 500  5.500%10°
VGG16 SC-TTFS 95.74 95.80 —0.06 108  0.175X10°
ResNet20 Phase(2018)[13] 91,40 91.40 0.00 502 -
ResNet20 Rate(2019)[297 89,10  87.46 1.64 K -F 512 -
ResNet20  Rate(2019)0300 93,15 92,94 0.21 K F 512

ResNet20  Rate(2021)012) 95,46  85.42  0.04 128 -
ResNet20 Phase(2021)M11) 95,02 95.16 —0.14 206 —
ResNet20 Phase(2021)[24] 91,58  91.45 0.13 200 .261x10°
ResNet20 SC-TTFS 96.54 96.62 —0.08 100  0.440X10°

=)

# 3 CIFAR100 AR Zai#liil ANN-SNN %% 1675 12 % L
Table 3 Comparison of ANN-SNN conversion methods with

different encoding mechanisms on CIFAR100

W % Eer) SRR/ N i #E

#n e ANN SNN dix mwm  OPE
VGG16  Phase(2018)L13] 68.77  68.37 0.40 3000 86.504 X106
VGG16  Burst(2019)0161 68,77 68.69 0.08 3000 24.238x105
VGG16  Rate(202000100 71,22 69.40 1.82 512 2.048X10°
VGG16  TTES(2020)[21]  — 68.79  — 680  0.084X105
VGG16  Rate(2021)0121 77,74 77.72  0.02 1200 13.300x106
VGG16 SC-TTFS 77.74 77.75 —0.01 126  0.210X10°
ResNet20  Rate(2019)L29  69.72  64.09 5.63 512 —
ResNet20 Rate(2020)0107 68,72 67.82 0.90 512 —
ResNet20 Phase(2020)1197 68.72  68.18 0.54 512 —
ResNet20  Rate(2021)012) 77.16  77.63 —0.47 256 —
ResNet20 Phase(2021)M12] 77.97  78.12 —0.15 265 —
ResNet20 SC-TTFS 78.68 78.75 —0.07 100 0. 498
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Fig. 3 Comparison of SNN energy consumption estimates for

different coding mechanisms on CIFAR10
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Fig. 4 Comparison of SNN energy consumption estimates for

different coding mechanisms on CIFAR100
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