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Abstract: To understand the structure of human brain further, Wolfgang Mass summarizes that the structures, training
methods and some other crucial parts of spiking neural networks ( SNNs) systematically, which are known as the third-gen-
eration of artificial neural networks. There are hundreds of millions of neurons and synaptic structures in related to human
brain, but the requirement of energy is quite small. The SNNs has its advantages of biological interpretability and lower

power consumption in comparison with the first and the second generation artificial neural networks ( ANNs). Iis neurons
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simulate the internal dynamics of biological neurons, and the weight-balanced simulates the construction, enhancement and
inhibition rules of biological synapses. The SNN is mainly composed of such commonly-used spiking neuron models in rele-
vant to Hodgkin Huxley (HH) model, leaky integrate-and-fire (LIF) model, and spiking response ( SRM) model. The
difference of ion concentration-inner and the biological neuron-outer can activate the potential of the cell membrane. To
improve an action potential, channel-based ions move in and out of the neuron membrane in the neuron membrane when a
neuron is stimulated. Spiking neuron model is a mathematical model that simulates the action potential process of biological
neuron. A spiking neuron receives neurons-derived spiking stimulation in the upper layer. It will fire spikes to outreach a
spiking train. The SNNs is focused on the transmission from spiking trains to information-targeted, which can simulate the
propagation of biological signals in the biological neural network. The spiking trains can convey spatiotemporal information.
However, current performance of SNNs-based pattern recognition tasks is still challenged to its immature deep learning
methods. The artificial neurons of the neural network are based on the output in the form of real numbers, which makes it
possible to use the global back-propagation algorithm to train the parameters of the deep neural network. But the spiking
train is a sort of binary discrete output, which is still a challenging issue for SNN-based training. First, to clarify its current
situation, our summary is focused on recent SNN-based learning algorithms. Then, to analyze pros and cons of popular
works, the three main algorithms are introduced: 1) supervised learning, 2) unsupervised learning, and 3) ANN-SNN
conversion. The unsupervised learning algorithm is mainly based on the mechanism of spike timing dependent plasticity
(STDP). The biological synapses-interconnected is enhanced or inhibited according to the relative timing of the firing of
presynaptic neurons and postsynaptic neurons. Unsupervised learning methods have stronger biological interpretability,
which can use the local optimization method to balance the synaptic weights, but this method is challenged for its complicated
and large-scale network structures. Therefore, drawing on the advantages of ANN’ s easy calculation, some supervised
algorithms have emerged like gradient-based training method and ANN2SNN method. The gradient-based learning algorithm
is mainly concerned of the training idea of back-propagation ( BP), which can balance the weight in terms of the error
between the output value and the target value. This challenge is to be resolved in accordance with non-differentiable nature
of discrete spikes. More methods of the BP-error have been proposed like gradient surrogate method. This gradient-based
training method is focused on leveraging the training advantages of ANN and SNN. The training of SNN is interpretable bio-
logically and easy to be computed. The ANN2SNN method can be used to convert the ANN weights-trained to SNN. This
method can be used to realize the continuous activation values in the ANN into spiking trains. To reduce the conversion loss
of ANN and SNN, this method is fine-tuned and converted according to neuron dynamics. This training method feature is
indirect that it can apply SNN to complex network structures. The method of weight transfer can avoid direct training of
SNN, which can apply SNN to complicated network structures. The ANN has been widely used in the field of image recog-
nition. To extract more image features, ANN can be mainly used for consistent functions. SNN has its features of interpret-
ability-biological and power consumption-lower, which can show its high performance in image recognition tasks. Finally,
future SNNs-bionic learning methods are predicted in terms of some popular domain methods.
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ron model; image recognition
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Fig.1 Hodgkin Huxley model (Hodgkin and Huxley, 1952)
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Fig.2 Leaky integrate-and-fire model ( Gerstner et al. , 2014)
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Fig.3 Spiking response model ( Gerstner et al. , 2014)
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Fig.6 The architecture of C-SNN ( Saunders et al. , 2018)

AN AR b 28 00 B LR g A 25 [ 1)
51,5 STDP AJ 6 B 58 fioh 3% 422 3] % v M A 19 21
FAASPIZETE , 24ty PR 28 T RN T P b 22 50 T —
Xt 8, W 6 B, B4R 6 B SNN R
HAUEE B B/ online STDP,

A TR, D107 I A E A S O Ak FE B
B R 2w E, L, Guo 48 A (2019) #2417 —
i R 8 W2 ( winner-take-all, WTA ) 5 0% 19 )2 ¥ M

2 ML T kb g AR o W B i KALSR L A
BAWALIR, TR TIk b2 5r E 26 )2
K WTA 3l 32 ke A S 734137 05 8 Ak S 5
MWEFFNF- 3437 53 A Z (8] 1) KL ( Kullback-Leibler )
JE SR IE SRS T kA8 43 M 25, FH STDP HLI i AL
SR T A KAE, I B 7E MNIST %idis 4 L ik
1 95% MIHERR,

Liu 58 A (2020) $& 1 7 — P B 1] 3% 25 14 452 7Y



$o8E/FE2H/2023F2H

FIE,

BISR, %357/ mEEGIRRINES Bk aENESEIGiEER

MPN ( the McCulloch-Pitts network ) , FH 2% 2 ik oh ¢
G X AERLE BT — A R 2 T FU v ST
B SET ] SNN FRR A FUBUE BN, FFIER T 45
JE 1) —%F 5 fl i AN 2 i 5 b 28 S0 A B AR AR th
5 STDP Ky ARL, W& 7 Fron, AR S HAy
AT g R, AT LA 2] R 1) 9 8 B Ik
T2 RRAE , AT DARSUEE b 2% > 02 e I s £
M EREE, §T R T X FR Hopfield 9 4% i 1842 2%
23 [ R BE

1.0

-
e
e

05F

boo
0 eSOl """ T !,‘Q“.‘Om'r-

7904,
4

e
—e-

e

[ 1

1 2

_2.0 1 1
-2 -1

B 7 —3XF MPN Jik b 28 50 A i A4 28 1 ( Liu 45 ,2020)

Fig.7 The curves emerge from simulating an MPN on a

|
—
W
*
[T A -

pair of neurons (Liu et al. , 2020)

T H A SRR G A&, Ly 58 N (2021) 42
H T R TE N 25 00 45 1 AR AR 20 2 ) TR
HEHE B T, MU LIF BB 3 H e B4 58 fi A
STDP FLIAEEE T —> 4 J2BYRTIT M 4% , 2 T2 fi Aif
FINGE A i it 22 T Jk i 1) 22 , T LAAE B2 v At <7
BT 2 e 422 , AT STDP KLU B 37 28 fl AL (L,
P E 5 ARG EIZ L

254 H I M Yang 45 A (2021) #2417 —
i SPA (stochastic probability adjustment ) 14 JG W& 2
27715, SPA K SNN FR 5 fish F1 25 T e 21— A
R [A] e — > 1 28 0 R i A 3 4 1 2 i T A
M —NERIS . SRR [ 7 Z 1] 1412 Bl Al —
A ARG T AL R, G o 2 S5 % 0 40 A5 7 R )
AR R B B 1 3 7 1 3 3 B ML ok Py 24 o 2>
T SNN HYEARTE G, P g 702G

T B 8 2 ) S BB T S PR AR W R
B A A 2T RS fik i 30 g o OB EA T R
F R ARG A A4 751 BT 5 M ASC R, 2 BT 28 il 1)
T BRI 7 AP — e i TovE A
IR Z AP 22 2% I 48T ANN 5 T3
AP A, H LT — LR ANN S [ 4% 55 (4 )1 25 Al

ANN %54 SNN 5875 XS e A T —28 ANN
SEAE A S A W S TG KRR A Sk 1)
B 25 0 285

4 R mMEnEEFIEE

NAE2: 2 W B bt AR A RS HILAR 3 B A
B2 ) SR R EOR R A A RN B AR 1R 22k A
B I BERUE , X R IAES S T ANN 5 T2
1 SNN A= Wy ] fige et A O 3 4 BB i N 507 v
Hs SNN B 22 ) SR M BT T e R TR
fab ml ¥ LT ANN2SNN #4340 DL K 3k T B 2%
M5k 4 B, Hih ANN2SNN #5402 > Bk g T
N 1, IEAER, AR SNN A 4Pk o i 21
HHARZ SNN (A7 Wi B 2 2] B0k, 76 BRI ] a4
N,

4.1 BHETHERNFEIE&EZX

SNN [ T80 B2 B 19 W B 24 2] Sk i 2 22
RS ANN (98 B2 T REOLAC LS, 1 ik
S E AR 81 22 18] B 22 Pk B ET % ik
HERE R, 1207 7 0 3 82 PR 2 18 Ik v S AT 7
(AP T, DRT SR A ok o ) R AR 22 38 FH T ok v 7 15
22 R IALRE T B SR8 ok 2R 4 0 6 B e
) AR (R A 2, R FRR R A o ok b il
R B [ 855125, FA T8 2 1) B 1) A4 LA TR B AL,

Bohte %5 A\ (2002) K SpikeProp % J& f 2
HR B — i 22 L) SR B 1) SNIN 2 2 B33 AR
5 ANN 19352 22 = ) A5 #5251, SpikeProp F 1) )&
SRM £ TRl 285030k BRI > P 28 ot HUR i —
Rk, R R B Gt i =, B T — R 2 2 i
15t SNN R BE T B 2 Bk . AR 68 32 L 1) A% 4
JEHE B T — A B BR A (1) 55 K b R I s
2 ¢ TEHAR /NI I A — MG Rk AT 58
Sk 14 S R

Xu %5 A (2013) 2t T SpikeProp 53, i T5K
Br b T REAN R — A Wik, BT A2 803 %o g
ZLTCAN PR FUR B — A ik o, T A 2 B R 2 T ik
RE—A- Bk y 5, Bkp i 2250 5 19 B Ar s
BROPEFR T, = (0,03 - i SEBR K
MESIN T, = (1,0 ) R SbR A

)

i Dk e 51 22 T] 8 1% 22 HEAT B0 B 1 [y,
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Ny F
AR RECE B R Ak E SR E = % > >

j=1 f=1

(0 - iy,

Giitig 1 Sompolinsky (2006 ) # i B Tempotron
SR — T R T i R B A MR Y 5 Sl ST R
HA A Bl 2 e bk i i 45 A H2 ki & O i
FELE Tk o 7 51 g I 25 254 v . Tempotron 5335 ]
(12 LIF M E8 TR Ry | ik e 28 S0 4 05 5 o iy b 22
JC T A i AT I A TIASCRIY ) 2 SR HE 5 i f5 i 2800
AR S F 57 b T e AL, DU 2 B Dk vy, 7 — 0024
S5V, KRN 2 T ) AR T A R Rk gl
IR S Al A | X8 T IS K K e 4 =T
T ki U] 2 40 o] 9 ik 2 2 AR 41 350 B %) B DU R
B fih 1 AOAL T

1T Tempotron .32 B i H #2850 5 H (%9 Jik o
IR AR B A, A5 S B, Florian (2012) $21H T —
Pl Est 1] 4 5 ) 55325 chronotrons , B 45 43 5 & A A7-6if
PERERY E-learning B3R A1 B =5 AR Wy ] i B R 19 1-
learning B3 , T DAAE A T[] _E RS A 2150 22 B2 1)
ok R ) KRR AT I T 7 JEL A K e e 370 ok of A ]
o A AT 02

UTAE ke, AL B 25 FloRr 158 22 2 [n) % 1 1) 27
MJUNERTTHE R PR 28 S A5 15 AR, 32 SR AR AR Dk
MRERATRAR BB R B 75 B A BB A
AT R,

Tempotron 5312 J2 )22 1) I 28 45 14y, e fiE 4 M A
JIATREANE SR T ANN P B AR PR A B8 53 0 4R ik
PEECHE T, Xu %5 N (2018) #2111 — R b & 6 Bl
2 M2 ( convolutional neural network , CNN) H#fil 42 B
fEJ1 1Y SNN #5% CSNN( CNN-SNN) , AT LIt CNN 1y
FRAES > BE ) F SNN 1IN BE ) 45 & L R LU 4
HIFRIURFAIE , CNN 3870 Bk O TR 4, SNN 8 23 Bk
INHIES, B /6] CNN B9 B E Sk Sl A R 1Y
REAE SR F5 B AR AE T EF ) R A5 380 o 23 ik P 371
AE| SNN IANHIZSH, R J5 I Tempotron =% ] FL I
Ik, B Jo (0 B 5 0z 1Y) 4 SR, X2 2] O
TR EARL T NI P ot 257 0 1 5 2 200 1) AR AE 4 H
itie, A H R RS- IRE )

Jikc o e S AL AT 1 28 [B4F B g T[]
52 T LIF kbl 2850, BRI 2% 1) 1 45 11 2
i, o T HAE Yl e n R DL B 2 PRI
Wu 55 A (2018) $2 H T —Ff STBP ( spatio-temporal

backpropagation ) 3% , Ho 4 H —Fhon] DL #2648
(1) LIF fknp 2 oo A RAHRH T ik o 5 510 74 B
[8]4% B, TD (temporal domain) , i) FH Aij o] 7% 4% 1) 25
[E]15 L SD ( spatial domain ) & B8 87 #ft 48 70 IR 2
z3[a] b ) 1R 22 Z #& 25 LT DNN ( deep neural net-
work ) A8 M5 fi — )22 [l i SR AR IAR a5 22 T =X 152 2
4% 5 B T] b iR AL R R FH A% AR LIF BRI,
TR B[R] 220 (3 TD R A S BLEE R0, 4R J5 AR i
i 2T DA 268 2 S 1) 4% 2 19 SR RR U] 1fii STBP
HEEYIZE 2 ~4 )21 SNN, Wu %5 A (2019) 4 H
T NeuNorm 7V 4 LIF # 2 50 09 & 814, 46 /)
il 1,8 i b o i 2k AR O S T
Pytorch HEZZ | AT DL FH T 78 JCRLAE A9 20 8 J2 11 ) 2%
Yk,

Shrestha A Orchard (2018 ) #& H} T — Fh % T fik
PRI (14 15 22 I 1] 1% 15 %K W% SLAYER ( spike layer
error reassignment ) , 5¢ i T K i R EICAS T A Ay ) R
%77 1 /& SRM #1 Z8 CA R, SLAYER #4R A
IFR] 7, Bk, 17— A bR e — i IR A
I R R AR 2 7 B0 B 3207 v Tk b 28 8
ARSI B R 80K 2R ok v o 851 2 8,
DA K o eR BSOS AT m) 8, fR T Bk b 225019
PRASEPE T HA A 2870 Z 1 RS 2% 7 AN
BALG T —FE R AL 1 T 1% 22 045 L i )2 1)
45 TP s HEE  JF B HZ OB g 7B
RS

308 3 S ARUASEALL S ) A5 4 A A 2 A B2 P s S R
A P AR 2 77 A X AR M 2B 8
FL PR AR AR A, RLIE Thiele % A (2019) 481 T
— i SpikeGrad [ MG RE IR 7. %7 A
B S AT R AR R 5 T A R S
AR PP 1 — A i 22 B AR BUBK T 41 DA B
J&— 2 )RR R AR, JF B T ey AT DA
SEELE) ANN SERI0 I 28 251

— i SNN B 152 22 2 [ A4 AT L5 P b 12k
—PSRAE A Tk i 28 X 2% R B B T
— PR AR B Ik b & T AR T B TR R AR R R 2 R 1
R i RS ANN A0 BE T R AL B AR AL
TRZWFFEAR SR T 1X TP 5 ¥, STBP Hl SLAYER #f)m
TP, Lee 25 A (2020) #2:H T —Fh i Bl S5
TTIERAN R LIF fik it 28 O AR R (14 384005 oR VK, 540
T ANN R30S sR T LA AS B0 BT B4, A
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BISR, %357/ mEEGIRRINES Bk aENESEIGiEER

PR ) 4 B | B2 1) 4% R ALAE S8, Wi ) 1%
R IR J5 — 2 A Ak, R R A, 7570 FH e
I I 53 T3 SR A i J — J2 R B J 2 A A B, SR s o
B R AUE

H T S A RS [ fi X ) 48 28 0 ) S G
SHORAE B JEZ T RS SNN fifi 1 LIF
S5 DK o 2 TR ) JIE P 1] A by S A R
W& —FERY . TJ& Fang %5 A (2021) $2H 17—
T mT LATE I St A5 v ST RS 1) o 50 ik i 229t
1% PLIF ( parametric leaky integrate-and-fire ) $57 |
SRR = L
RUAY RN 48 1 AT LA [R] A2 2 RS (i) & R 5 ik
HEEHAEAE M) SNN YIIZRIETE . FF PLIF AU R 2
TRIE SNN H i A J32 5 A Sk I 25 2 fih 322 42 A
(B, LR @ AR B R ST RS 8] 45,

T HAB B BP ( back propagation ) 572 22 |
25 {5 BT R 1) A 4 , (A5 1 5 MRS e 1 &2 2
JERGE, Wu 55N (2021) 42 1 1 —Fh 5L T 2B ik ol
it B R ] 4% 4% 53 7% ASF-BP ((accumulated spiking
flow) , ASF-BP 5392 (i’ A F BT AN 2 080 T i 3 JDk
PRI ZE T I Kk e ) SR Y T Lk AR 2R oT
B MR B, LA R K A E— N )
7N, 2B 2 B B, 2 RURK 2 ik
PRI 28 T AE IR E) 18T 1 A9 SR B i ARl HY 45 2 R KR
THEE R AUDK vt O 5 TS BRPR A Y 1R 22 . ASF-BP
ST BRIk v O, SRR T A R

T ANN RN Ay ) F 55 20 26 48 4R R — 1> 5
AR AIRELL XA BRI AR IR LR GF
{HR AR AR Y 2 A A ey ) TRE ) 58, DAL UG Shen 55 A
(2021 ) AR 4 i A TS, $2 H — 1> HybirdSNN FE78
2 HRJZ B SNN LR — s oy e e | 18 g Ao
I ) SR A 2 R A U 5 )2 1Y SNN X
TEREFAEAIVERE LA ILE - 1 3 MBI 5 1Y
J7 . Al Tempotron #i W Y T-HybirdSNN | 1 H
Mostafa 8.9 ) M-HybirdSNN 11 # Fi Wi & BP 1
C-HybirdSNN , 3¢ F{HE S8 B AT [ 5 A TR B 2544 , B8
R, AT LU S AR5

F I AR BE D7 i A AE —FE 1% 22, Deng 55
N(2022) 738 1 I B A B I 7 A 4 2k
AR FF$E T TET (temporal efficient training) J7
TERAMER BE T W Il 2 AU B VL S B B %

e (1, +o) ,7F PLIF #i

TET A2 AR AR 3 B AL, 172 0 A A I 2 £
AT R T AR R, Mg B
e

55 2 075 V) P Tk e R PR R KT P ) A B3 A
JE, o e SR A IR TRD I vh s s B S AR 245 R
Comsa 5 A (2020) $2 Hi 1 —Fh G ik b B ARG I ]
27 > S I HLASE AT 98 fuh A% 138 1Y alpha pREHY
SRM Y 4y th 2 AR SR 1 A ROk b i P 22 TR
GR2R A ) F AR (A5 K v 52 T3 H AR X P TR
IR,

Comsa 45 A (2020) By J7 i —FIE IR 52 > 19 J7
¥, Tk i R R 1) Sk JEE R AR ) BRI, Ik e ) SEE SR
s T H B T 15 &, Kheradpisheh F1 Masquelier
(2020) $7 M7 — b {7 FH BT B4 ok o 280 LIF
BRI 7 ¥, 07 WA T — P I [E] 2 % rank-
order-coding , I A7 P £ J0 B H & il —1~ ok o , AR 41 ik
R TIN5 BRI R 4, BTl 9 28 42 1
— BT B9 2% 2 J7 5 SANN ( single-spike supervised
spiking neural network ) , B¢ iy A K P % e ml ik b P
B, FH IF $h 2 0K Ak B m A DK o, AR SR 1 S R
ok b ) Aok 2 TR VB 2 31), R i R 0% 22 7 1) A% R I
R,

Zhang F1 Li (2021 ) 48 H Jik o BeF 1] )2 510 %) )= 1)
&4 2 >] B 7% TSSL-BP (temporal spike sequence
learning backpropagation ) , i &3 P& % %) LIF #ifl 28 T H{
AL RE kb e 51 AR E BRI 91 A e 81 1 22
S 1o A R BECHALARL, 3 R 7 ¥R TR 1 P 8 T8 22 [
HEE TN S, 38 A 5 ik iy i T v ) 2 R Al
AR TT NI ; B 5 TR AP 22 TR A Bl I 1)
A8 PN PR A , Al 2 ] — 2 i i o 22 T A AN [ B9 ik oo
R 22 ey o HL 8 fih s 22 C

PR SNN FR) R 22 I 18] 44 6 1 05 WL A8 A7 AE —
(4 Jry B, Kim 45 N (2020 ) 4 H — Tl 35 73800 {8 A
T[] (9 Jik o 19 2% 2% 2] 553 ANTLR ( activation-
and timing-based learning rule ) ¥ i Fh 5 72: 45 & 2
O, T AGEE Tk 18] 4 7k A28 Ik v g ) LR T
WG E AT A BRIk vl ANTLR HIR9J LIF L5
WFSE T T 0% D7 o R T I ] 1) 07 v 2Z () 1Y
R AR, B2 B ik R 2SR A I A D7 9 2 AR
[, ANTLR f1% 32 2 SEURE 2R 5 T 00 0 A o 2 A
LT ] R BE AR AN, A5 3] — NS B RE , I X
TABCE RO A R E AR,

393



394

PEERBEF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol.28,No.2,Feb. 2023

ST ANN BB BT B0 Ak i B AR R I 25
SNN, = B ARYE Ik v 2200 () 3h F1 28 45 13- 81 %
TRk AR T R A, o e R A
MELE Tk i B A AT SRR D R e R 241
SR R, (R AR BRAR AR o 22 0 8l 12
FEAIE SR A S T B T AL 19 3%, X i {45
SNN AMUEA A=Y=tk B 5 TR, ol LLAE
IR 2= 0 4 45 kg v 7 1
4.2 ANN2SNN W= 3 &%

ANN2SNN 2 2] 88k 2 — P [A] 422 1 2 > Rk
PRR BLEZ DI 25 SNN FE6 BE A 4K 1 A7 A RIYE , DRI
B AL 03 R 55 A2 3 ANN | 76 ANN (19 R 2%
YILRTEFAUAE, PR AUE % 5 SNN L i1k,
XREREG T B HEAE SNN 3586 ik SNN 1] LA
o S KRS i 25 R 285

25 S E] SNN bk o () — M ¥ LA B 231125, Cao
FEN(2015) 2 T — Pl B8 BN T8 BRI X 2%
CNN %46 SNN AUHESE | 3X A 7] LK AE ANN rhil]
GRAF I BUE RS RS E] SNN Hh LATRI Il 25 SNN, Horp
PEH| ANN F4 8 SNN SEE I8 3 > F 2R
1) 50 H(E AR SNN PP AR X7 ;2) SNN AR HfE
7 ANN Hr ) fi & 0005 3 ) 2 T 2ok 378 ANN
SR RNt R A =TT ) | W - B

Cao %5 A(2015) 1% 3 A [a] U Y T i e I
25, 8 Y6 ReLU U pREGE S 1T B 0y B0 5 ot
T TR A B 2 00 e 05 FH 4 TR e MR AR AR
Btk w30 s 3 B EEREmLZ
PESS AR FERRAE , 15 20K RGB [R50 1o 4 % A5 1l ik
76 SNN A J& LIF #h 2 o#i il | B i 4 i
£ YL Th g N QUIIDE 6o

FH ANN A B 0 28 T Ik b 2 RO R A AL ANN
TG E S ANN-SNN () 25k, AR
NFEF I T 45 Fh 2% 2] J5 3%, Rueckauer 55 A
(2017 ) $2H T —Foks 5 ULAY CNN A9 $4F i Kt
b softmax FIHEIH —fb 55 5 3 21 SNN 9 T i, fifi
PR 0T LUK AT 35 00 45 5 4 i SNN, ANN HR A 1Y fi
EILE SNN Al 5 xE AN £ 0 — e B i
AHLAR RS B I, 7E ANN @& At —1k
JEARAFAFRFIE A A LR IE A5 A 0 T REAE SR,
Diehl 25 A (2015) $2 5 7 W FhACER 0 —Fb 19 7 1
model-based normalization 1 data-based normalizatio-

no, model-based normalization i 37 315 % KB 1] B

PTG AELAE M 43 T IR F- 48 iR E )48 ; data-based nor-
malization S (ELRITAN FE 1) e R ABLAE R 46 T R+
TE data-based normalization #YFEAl ¥ i & % 1& UF
2%, Cao ZE A (2015) FIHIARA 341 R K15 3R B 5 48
SR K i AEL K A A A 2 A 2% I 288 (A B DR i
T TR DA 45 8 P, U, T 1) e (7
ANEFTRL AR A 0 ) 5 LA, ST ANN2SNN U
JFH ik e 4 d5 R i 0 S HIOR 232 A e 48t softmax
J2 %30 i 5 R AR B AR HEAT Ay 26 TE
Cao 5 N (2015) MIBEFE T, J2& FF 251t A AR 1 B
RUALJZE , MAEZSCP 4R T — TSk
S KR 28 T 1 Jok oo 3 A S5 B e O AL B A

Sengupta 55 A (2019) & H T —F spike-norm
T ANN2SNN #4tt 19— 46 )2 J7 ¥, 5 Diehl % A
(2015) B9 IH—A T AN [, 42 A AT I — A AR 4l
spike FUHIARHNE . A LIK#h 20y B30 1,
FHAG TR -1~ V8 A R A A5 A I — Ak 5t T DU
(BB Ry B R B T A AN AR TR B B (R, AR
ST VGG S5HIM4S ) ANN2SNN #edfe, if 4™ Jig 5]
B2 M2 451 T

Sengupta 55 A (2019 ) A4 77 1A FH i) J2 i 7
#, Han 55 A (2020) W74 3, A ANN F642 5] SNN
RS BER R R 22k B TP 28 T ity 8] {0 o Rt
PRI T T ARE E ) ANN-SNN 19 7% RMP ( resid-
ual membrance potential ) JX #2870, PR B T ik v i
ZETUAE KUK g ] A 5 FL A2, RMP-SNIN i i # 4
JHAC ik ek 4 JBE b A7 9 2 R, T AN 2 T ) ]
7, fAFAE AT b A R RL R BR T 5 Ha 57, DT D
DT ANN-SNN Heffeid fe 95 Bk

0T HEAE AL DK v R B AT Bl ANN [ 25 o
AIILTE 1E, Ding %5 A (2021) 42 H T —Ff ANN2SNN
IPEAC AT 2B —1 RNL(rate norm layer)
JEARACE ANN i ReLU J2, 858 & B FH 199 %
BRI — AL )7 v 5 A 4R iR AR i Ee e 1
T BN FE A RNL 20— A ol U2k
EBRAY clip PR, I HZGE b 5 i T — G it
AR ANN BYBTLUIK st 3 F1 SNN S B Jik 43t
BRI TN GRA IR |

Deng Fl Gu(2021) #& i 17— P57 (%) 56 w457 T8 1
1 - 14 0 P R ML 405 5 A2 SR P ANN-SNIN
T XRPAS A (5 ANN FIfG 40 J5 ) SNN 2Z ] JL
PEARE R, BRI EArHT T e B AR
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BISR, %357/ mEEGIRRINES Bk aENESEIGiEER

ZENT DA 45 J2 iR 25 1B 0T ReLU T PR 2K
DL AL SNN 19 ik it i a3, 42 il 4 — 2 9 ANN
3T (E A H AR SNN Z 22, #4f Diehl 55 A (2015)
Fl Sengupta 28 A (2019) 114 3 {8 - 5 HL il Ak 1 5 —
A RS I B AR iR 2

R T i S SNN 1S 80E JinVCEL ANN 1
WA A, Li 58N (2021) #2440 T — B SNN A HERY T
2,001 T ANN #5465 SNN iR 22, I 42 1745
JRE IR ZE ML O 3R 22 38 5 ok A N7
Ifil : flooring 1% 22 1 clipping 1% 2, 4% 55 B {H & AL
clipping TR 2242 51 flooring 1R 22, A T Y- fif X P %
2% MMSE ( mean squared error ) 375 2] -4 & 1Y [
. ZITEKUET SNN S HOR AR 25, 0 dE
ASCEE i BT

ANN-SNN {77 B S 2 B I [R5 H X
FESA B R B IHE] ZE R | Bu 25 A (2022) 42 T —
b ELAT (R AE R Y o 1k e i, a2 K /N T 32, 38
I RACAT R B H 57 SR J A 1 2% | e B R FL A7 ) 4t
A0 Ay 0 1B 19— = B e 48 158 2 19 109 22 T LA 36 3 B
/MH,

FI A28 70 1 oK ot 5 9 B > 64T ANN-SNN
(R G 40 257 R A sk R aE 3R I A S5 1% B ] Bb 4
1, Han F1 Roy (2020 ) 4& it T — 7 3 15 8] Z £
TSC ( temporal-switch-coding ) ¥} ANN-to-SNN 9 5% #
I, A A BB BB ZE P kb ok R 51 B
XAk v 2z 18] %) B[] 545 2R i B 0 L, 3 i 4
1477 3 TTFS (time-to-first-spike ) BE#E B AKX, A 1K
W e 2o U BRI AN K e A0 iy Ak i s R
B i, 9D TR A

ANN-SNN f#22 2] 591k SNN H #2315 ANN
FRI R O AL EE T ANN-SNN f8) 22 S B A 3R
(RER | B0 B () Bk AR T DL BRI 2 (HR
YA 2 BE 5 w5, BT LA Rathi %5 A (2020) $2 T —
FIR G BN R 2, B e VI ZRGF B9 ANN (AR,
Yk SNN HIEEALER , 98 J5 ) F JE 1k bk Xof Bsf [ g
6 B 7 1) 45 46 BRI 25 SNN, 3% KRR 20 T e 8y
A a]

ANN-SNN #9250k Al DL L 2 0 U1 2 08 A AL
A FL 3 SNN ) ] DLy 5 TR 2 1 52 2% I 4% 45
¥, ik SNN I SR s & (R X Fh ol i 2377 A
BRAEIR | 75 B4 2 B I 8] 25 K 0] LA 3847 19

4.3 SATREMMEIEE

STDP J&— M JC W B 1027 > 502, Je ik 5% fih ] 28
P D FHLA 3R] 5 fh i 2 D RLAEL, TTAH 35 T 38 T 6 i
(27 2 B BT 5 fioh W 9 e 1) TG M 2 ) SR e
DLy R BIR 2 e M g 2 kg b R i T 456
B o] RUARAY 5 b T ¥ P 580 | Ponulak 1 Kasinski
(2010) 4545 STDP 1 anti-STDP 5532, #2117 —Fh i
Bt2£ 2] ReSuMe ( remote supervised method ) 2% > 5.
1%, ReSuMe F7 12 M 415 58 i 1] 11 28 0 11 28 i 5t 22
Tk A TR A I ) R AT YN 252 ) BB T Wid-
row-Hoff FLI| , ReSuMe 586 AN J& 36 TAE S8 O A6 B2 11
PeARIE e 5 fi mT 98 1 D B A /N Ak H A ik e
J7 30 i 5 ok o Y 50 Z TA) R 25 . R T A PR
LA O 4l SURINE LYW S Wi INIIES L DRSS
STDP AL 5 % T4 et 4 5 fh , 14 BHL 1 28 50 2% bk
MRS MR , ST anti-STDP AL,

Taherkhani %6 A (2015) & T DL-ReSuMe ( de-
lay learning remote supervised method ) %3, i T %
fish 14 222 3R A2 [ 52 14, DL-ReSuMe 5375 [ if 272 2] 2€
fik A RIALAEL, BB BAT AR W AT A e . 72 DL-Re-
SuMe LAl I SR H T Multi-DL-ReSuMe ( multiple
DL-ReSuMe) 53 , 1] LI ZRZAN Bk vh s 26 0 1) 43 25
5%, FA-pgoon] URB—2E,

Wade %5 A (2010) ¢ BCM ( Bienenstock-Cooper-
Munro) #l STDP S35 455 421 T SWAT (a synaptic
weight association training algorithm ) 57 SWAT j=
A —AEAL R 3 A7, 5 STDP A Gy Al S8 %0 1
o PR R TR . SNIN 7 B2 (8 FH — A~ 1l
HIRER NS A | B 45 2% A PR A ) 1 5 i, A1)
STDP K27 2] Ffv A7 4 H A 28 JC RO AR, 4 AN T I
SRPRIAR XTI 4 L AR 22T

B BE T Bk AT AR A T3 R A, T
STDP HUUBAT ALYy al i BEVERI AL, 1 X p A
It 45 G K, Tavanaei A1 Maida (2019) & T —
P T I (] 5 fiok W] 9 P A W B 2= ) B3k (BP-
STDP) , 1] STDP HLIU A anti-STDP HL I fry 5 [1] J5j &8
2] 7 A R 5 S S B RO FH 00 AF S A
STDP LIS anti-STDP KL0 , I HL AT LA HI ) 4
ANIFTE] A

Tavanaei 1 Maida(2019) )53 R A T JRi
SRR, Liu 55 A (2021) #2117 —Fh45 & BP 4
SR AR R U T 8] J) 358 SEHTAIL A Y SNIN 2% > B3
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FXA SSTDP ( supervised spike timing dependent plas-
ticity ) , i 1] £ 47 oy DK e ol 228 50 e Wi 30 2 ik i ot 22
TCH AL A, 52 1) 4% 475 i AR 4 g 2 DU BT AL
{8, BB B B B 45 25 45 B, B AL STDP 1 Jay &
FBUEHHT, LA 5 L, BIA BP A4 JR A (B B BT

2 ik T P i BRI AR 2 o A S Bl R
AP STDP FY AL I Sk BER 5 fish B A AL, SCINA T i
A AR IR 22 IR . X AR T A
Yral ket HA IR meas s .
4.4 BkmFIIERNFEIEZE

BET ki i 51 A ARG 2 > Bk 2 A B AR A AL
R JE I 5K eR B, X B O K R 81 AT AR AR
T kR 51 R Widrow-Hoff 0] 8 4 2 fi A
H AT

Mohemmed %5 A (2012) 42 8 T — F SPAN
('spike pattern association neuron) F-y% , 7E VI SR
Jok e e B 2 At R AL 5, T L, P A 3 ) By
VB, H— DR ke (¢) XA Ko7 5 #4745 11,
38 3o CRE A % 45 1T LAY Wiidrow-Hoff 1 U] 4% 6t
Je B ok vy 91 LA 0 R 5 fa AN

Yu %5 A (2013) #H T PSD ( precise-spike-driven
synaptic plasticity ) 2 >J 5.3 AR 5 Widrow-Hoff #{
D AR A L0k o e 1) 0 S B ik e A7) 6 15 2 R T
BRI, IERY R 2E R EO I FEEE 5R | TA R IR 2E T
FA IR, PSD S5k [m] i B A A5 S B0 ) A
YRRV OE AL, 5 SAPN AR A2, PSD H
XA KR ST 45 AR 5 fil AT %) 30 R i
FNSZ PRk R 22 i, R M HT R

5 ERERKIRRLE 02

VAR A AR W ST AR R SNN TETR B2 27 2] Hh (1)
BEHT, B T AR 224 SNN HIBITR B2 27 2] [ 48 B4y v
(7715 P2 1 SNN 47 Jre 21 T T8 2 1 0 2% v fi
TRAR A [ R LA R Aefs [ AT, 29 B Y A A PR R

Hu % A (2021a) $#2H5 T —Fh S-Resnet 15 7l
(spiking ResNet) ,iX J&— ' ANN-SNN (515 %A
VAR R 28 25K S SNN, TR IEE 15 UG 40 J= . S-Res-
net FHAMEHLHI I8 /N ANN £| SNN 5% 21 5 2 ) %
72, HIF kit 22 o2 A ReLU 30T pRER, I 25
1Y Resnet FAVEL 3] SNN | 17 /1 ik b %) B 10—
EVERT, Fedpy e o 7 A — MR 22 IR 2 B )2

BB R O T HOH IR 2 SRR T
Kok, S A R I LA — 4 TR 1, R g bk nf
BORHRIH IR 2E . AL T LU T 18,34,50 2 5%
Z M L5, HAE R IVEESE TmageNet L #EFT T
M

Stockl 1 Maass (2021 ) $2 H T FH ¥/~ Pk vh 52 31
() kS BE 43 2 07 1% FS (few spikes ) S5 4 —Ff ANN
el SNN 197716, Al LU T ResNet-50 Z5 #4434
T3 AN ] T A3 G A 1 D7, T2 ) Dk e i ) A5
KA FE R O T — B ok i i) i 28 e AsE A
FS 2 TR RL N8l g 2 mT LA /b i Jpknfr s
L ANN FHZTT

SNN 78 S [ A48 g A, Ji e A AN AU A B 7R
23 [8] I ,@Mifmﬂfj—:ﬁ?f (] I s M — % Y BN ( batch nor-
malization ) B AN T kP20, L Zheng 45
A (2021) 7£ STBP J5 ik (2t |-, $2 it T STBP-td-
BN 19775, S B RIS vh W 2% S5 4 R Z2 ANl 2ot 10
JZ %7715 T LA G BE I 2 B bR R A (514
DA LAY B 18 34 1 50 )2 Bk 25 W 45 vh
tdBN ( a threshold-dependent batch normalization ) j&—
Ak IE A 73 Q& 8 TR i 5 0k i
AT A T T X — 2 JE AT A — Ak, S SO0 23 [] 38 Xof
YT ) QU B SR = R f
CHENa &
s ape

N B
RN [ P

R - . g //_,_
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