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Research on spiking neural networks for brain-inspired computing
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Abstract: Human brain-like computing is focused on for next-generation artificial intelligence ( AI) recently. Spiking neu-
ral network (SNN) has its potentials to simulate human brain-like complicated information in relevant to its learning, mem-
ory, reasoning, judgment, and decision-making. The higher computational and lower power-consumed SNN can be used to
simulate the neurons-biological information transfer mode effectively. It is summarized as mentioned below: first, the brain-
biological and event-driven SNN is regarded as a new generation of artificial neural network, which consists of input layer,
coding mode, spiking neurons, synaptic weights, learning rules and output layer. SNN has its complication-biological and
brain-like mechanism in terms of its spatio-temperal information. Second, its structural optimization is related to 5 aspects
and highlighted in terms of 1) coding technique, 2) spiking neuron enhancement, 3) topology, 4) algorithm-trained, and
5) algorithm-coordinated. For the encoding method: 1) grouping, 2) bursting, 3) frequency, and 4) temporal; For the
spike neurons-related models: 1) the Hodgkin-Huxley (H-H), 2) the integrated and fire (IF), 3) leaky integrate and
fire (LIF), 4) spike response model (SRM), and 5) the Izhikevich between conventional models-relevant. In addition,

the improved models for spike neurons are summarized on 8 aspects: for network topology: SNN has 3 conventional struc-
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tures: 1) feed-forward, 2) recurrent, and 3) hybird on the basis of 5 SNN-based popular topology models. For algorithm-

trained, it is summarized from 4 aspects for these methods: 1) back propagation (BP), 2) spike-timing dependent plastic-

ity (STDP), 3) artificial neural network-to-spiking neural network ( ANN-to-SNN) , and 4) learning algorithms-relevant ;

Third, the pros and cons of SNN are segmented from the supervised and unsupervised learning both. Supervised learning:

since spiking neurons are nonlinear and inconsistent, the error function between the actual output spike sequence and the

desired output spike sequence of the neuron is challenged to meet the requirement of differentiability-consistent, resulting in

differentiable transfer function and suppress itshback propagation. Unsupervised learning: the Hebb’ s rule and STDP algo-

rithm are taken as the key elment in the field of brain-like computing, and it evolves into a variety of learning algorithms.

This method is more consistent with the information transmission mode of neurons-biological. But, it is infeasible to build

up a large-scale deep network model. Finally, SNNs are applied to brain-like computing and bionic tasks. A systematic

SNN-based overview is clarified in the context of its 1) mechanisms, 2) encoding techniques, 3) network structure, and

4) algorithms-trained. Furthermore, to optimize the effectiveness of human brain-like computing model, we predict that the

third generation of artificial intelligence is feasible to be realized through information transmission and multi-brain functional

simulation and super-large-scale neural network topological and connection-strengthened information memorizing.

Key words:; brain-inspired computing; spiking neural network (SNN) ; deep learning; network structure; training algo-

rithm
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Fig. 1  Structure diagram of spiking neural network
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Fig.2 Structure improvement diagram of spiking neural network
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Fig.3  Structural diagram of spiking neuron
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WL R R 2 4 i 2 5 NS K 3l 127 1)

FAE AT S M 7E [ 5 SNN Z5 g v 2 2] FILE 3 Ak SNN
Shky 2] s AR IR 09 A BE W] 43 R R 38 T AR
()27 S AR R R 27 ) o AR SCHRAE D) B2 > SRk
SV N 4 KTy TR AF o J A ) SRR B L
ST BP YR 1  JE T STDP 2% >J HL] | ANN-to-
SNN DA So HoAth 27 > 55090 45 ) ek 55 ik i 45 & 4
B
2.4.1 T BP ik

SNN 15 22 [ [a A& 46 5k (M AL 45,2015 ) 2 H
e E B A B A ) Bk AR AR R 5 0 S A
oy B A g R K ey 8] O SN Y AR R
1920 SEBRA bk e 51, SR T AR 4l D) 4% S B o ik
135 55 TR A S ko 81 A = T 2 TR A
IR SR IR EE T R U 2R 38 28 UM, e X
s Mo S B AR I Z 8] 1R 25 5D,
HEIRA N

Aw:—nVE:—n% (4)

A, p FRFTR, VE FIRIRIE KB E X T 5 i
FUE o FBBRETHRAE, BAORUL, 1 54 E — I
[F) 15 22 R EICT 1551 225 00 28 AL R B ) 15 22 R VB, T
R FH B 2k 0 A 2 b s AR G R 25, (HER T
SN H (LT PR RSO AS AT Y I (B0 PR
SRR R TOTE S E A 1Y R A4 X R BP B
R E PR, AR SR BP Bk R AURS
S LR B o S S U R T 258 BP 5 SNN (Y
ANTT T RIS BE RS 0], BE T BP J7 i el it &=
FLA 10 M7k HAG N LMS (least mean square ) [
BP i 43 R 5l (efficient and robust mmembrane po-
tential-driven , ERMPD ) 5. 7% B X8R B 15 (surrogate
gradient learning) .RMSprop . 1EFF52%>) B T % 5
— LI BL T B NormAD | SANN BfiHLAS B2 Rk |
L) BP Fi95 LI K STiDi-BP %5, HAKHNF .

1) F AR N (2020 ) 2 il e ok (5 = 76 R 2
A U R 22 3K Bl 2 2] TCE I TR) L, 76 bk o
PR TR A g R R T ST LSS HL AL Y Y A
/NEITT (least mean square, LMS) Y 1R 22 J ] 15 5%
(BP) % Sk, T LA 2R T 505 i HA R4
FRIAT B8 o

2)Zhang 55 N\ (2018) $2i T —FiA & H AR fat 1y
JRH (78K 5l ( ERMPD ) Wi 2 2] 7 i, REAS VI 2
ZIuHE TR BRI R TR R AR RN A
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Fig.4 Diagram of the training algorithm of SNN

SR s [R], ERMPD 355 8 Ha (57 A 7R 8 2 1Y R 1]
A5 ik A (LA T LA

3) Qiao &¢ A (2021 ) 51 AALEE —(H 1k ik v i 22
P2 (binarized SNN) Ui 25 FAF R BE . 7RI
St AR A ] — P A QRS B R T T g ok e e 51 £
TH I HAGE S (A,

4) A figk TR Ik v il 28 o0 AT S RE A8 1Y ) AL
Gautam A1 Singh (2020) $2£ H} T 3&F CSNN ( convolu-
tional spiking neural network ) f& %Y fif) 27 > 5.3 | fifi
WA MEER2: 2] 2R F RMSprop LAk #% A 158 22 I 161 1%
RS B BA S A 1 R PE A B AR

5) MEEAAE N (2020 ) Bt X2 2] 22 /2 M 4508
PRI ) [ e, g 26 52 1] A 7 £ Ik ot 22 1) 246 1T
Moo o S Sl I A R S AR LU ANN AT SNN, R
FH BP SEEEII 2R ANN BEHY 9K J5 i 2o A 385 B AL
WS RN 2R BUELIT RS 2 okt 25 R0 245

6) £ X} SNNs fE7EH A PSRRI T Fph 2890
SRR BE & (K S BB AN R ) 79 7] 2, Rathi
1 Roy (2021 ) #2 Hi 1 & TIRAE IR BOBEEE T B 121 5

HTR J2 ik o I 4% DIET-SNN ( direct input encoding
and leakage and threshold optimization) , A4t LIF
1 (LA B P28 2800, ek T2 ) it e 71 1 {10 o i 32
Ui B [ A AT AL, 7E B AR ZE IR A1 B0 T 38 315
IR,

7) Al AR L TF o 28 SO L7 Az i i
T4 i A B BRAE K #h ¥ 51, Anwani F1 Rajendran
(2020) YIZRZ2 )2 SNN, R HIH— AL L B ( Norm-
AD) BIPEAETT ¥ 20T AR 22 )2 SNN,

8) Kim &5 A (2021) #& T3 L F I ml 4 4%
TERLE R BNk, e AL R A vh Al
PR, R delta {8 /Y A5 -7 BE BT A 647 1]
1k, 7F MNIST ( Modified National Institute of Standards
and Technology Database ) 48 45 I SZ B T #4114
Gl

9) Kheradpisheh F1 Masquelier (2020 ) #& i T —
i FH T 22 J2 Jok i ot 28 I 4% W0 B 2 2] FE U] SANN
SRR T Bk A HA T R RO R 15 0 295
] AT B R ZE R
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10) HyikE b SNN A AT 53 (4[] 8, Mirsadeghi 55
A (2021) #2H—Fh STiDi-BP ({1 a] 27 > Bk SR
OB T AL T — R I TR 22 O A
— R RHACE M R OB B IR | Ik
ST ARG AR BETHAA S8 B T ok oo s T 57 % 1) 52 [
TLEREIR%E
2.4.2  SF STDP BN 53k

TEMZRLE R DK RO (5 EE 45,2021 ) R
TR AP 28 TC ] 4 5 fioh 3% 42 | 5 fish m] 38 ( synap-
tic plasticity ) ( Song %5 ,2000 ) & $& it 28 4i Jifd [A] 19 2%
FEom BT T ARRE IR RO R 22 S e
ARl STDP J& — ML T bk ik 1] 75 B 2E
AT2E 2T I 2 iy ot 28 0 1) ik v 6 TS ik ] 1 58
il o 2 TT L U fih i A 5 2 R DR I ] Y
D754 LTP (long-term potentiation) 3 & 2 , ¥ 7=
KA A A 40 LTD (long-term depression) , STDP AL
Tl 2 — o 5 I 5 ik 5 ol 22 O R B A 3 1 PRER G
., AR STDP BYFEE BT R A =

et
a’ exp ;

t") ti =t >0
Aw, . = T (5)

t., —t
- 7 L=
a exp( - ) t, -t <0

K, Ao, FORRERE S, ¢ fl ¢, FoREAETE
Jik e 28 50 K ], 7% R 7 R FE IR STDP YA
V) 7 OB FRIERH B 5, o AT @™ 838 Ko 7 28 fih 4 A
HAA T,

JEF STDP LI 7 iy el ik 2254 8 By vk
Reward STDP , STDP/anti-STDP F %E iR 2% > (1) 317
2] A1 8N STDP IHR]25 K 4 i STDP %) 46 58 fitk
WCEBEHLS A STDP ST F% STDP AL STDP 13T
I} 23 i ) f44% STDP, HEAKINF .

1) Liu 8 A (2021) FER SibLas AN H i 2
1555 A E2£20 350, 36T SNN -4 il 5% 5% FH 2 il 141
il (Y STDP 27 ) RN | 2 Jily {5 5 S AR 45 5 fiok Hiy 1 58
fitJ5 Ik e g Bk S AL 2% 7 A 3 TR o R A A
R, ST 24145 R B ¥ hE

2) Taherkhani 25 A (2018 ) $2 H #4724 > 1 Wi B
e BE RN SR SNN, % 7 Tk 75 58 il 4k 3R X
SNN Hp 28 T HEAN 27 2T 52 ) 2% > Jok v D) 4%
S FEIR | fdi J1] STDP | anti-STDP FIEE IR 2% 3] i 347
2,

3) oy S B s A AV T RRUR A e A N TR

fb &5 4, LAGERR 2800 Z [ A5 5 15 5, Wang 28 A
(2021) RHEA M B0 B TRk 7 R i fg
SERRPE I A SR 8 A S5 4, IR S5 K T AR A 1Y
ZEfl T Ag , R STDP A ] ¥4 | 3 H T LR B
Mp VAN IPET A

4) E1XF STDP (ARSI 5 8 R A DX 3l i ¢
DA D7 [A) 5 3500 K g o T #E 19 BR i, Kim 28 A
(2020a) $& H B IR] K 40 0 STDP, 76 - 7 B 2R
ANFREAHTE T, 7R Bk vp STDP B #% %) 1 ALk /b
60% , KRN BT 75 B A4 X IR 99. 1% Mg

5)Kim 4§ A (2021) 7387 T 91 45 5 fil AL 43 A1
X FHETF STDP 2> KLU 4 SNN 27 2] 5 B 5 51 5% A
DIFERSZ I, A5 2 T 24470 Uf 28 b A = 43 A 48 fe K
(BRI, BB SC U SRR A I8

6) Hao %5 A (2020 ) & X F bk o Bisf ] 44 ot T
IAPE (Sym-STDP) KRN, by W2 ] $& 1y 1 —Fhoxf
FR STDP ) SNN #5271, Sl bl Sym-STDP RN 5 4=
L) L 5 fl 47 RN 2 25 B AE Y N AE AT BB PEAR 25 45
PR AP R R 4T,

7)She %5 N (2019) £2 i BliHL STDP %1%, %A
AT kA3 A5 Bk Bl AR TR SR b AT Sk, I AE L
7 R g AR R AT 55 i R AT TR, 45 SRR
THaEE STDP (IMERATE .

8) Yan % A (2021a) $& th 3L F KB 25 I 1) 5 5%
(graph-based spatio-temporal backpropagation, G-ST-
BP) W25k iz il i SNN $ 38 Sy HAT AL
FAA 01 38 TR TS, 5 26 3R E I AR
B Pk AR i BRI ASR [m) i DR A 1
2.4.3 ANN-to-SNN

A Ay — Tl 32 i et 2 %) 3 RN T 42 ) 24 A
ik e 222 X 245 30 3R T ST 40 JBK o e 81 R A 21
HEAT SR AN AL 2 S A B4 20 ik ] s e 25 £ 8 BLAT
—ERTE, SR, B TR 28 5 2R B A 1 S A R X
FRLRAEHLH , b Bkt el 228 10 4% 41 G A R0 W 2
BRARME | B 2R % 5T U — A 2 [
WFFE# %F SNN B3 AT 45 R B, ANN F44% SNN
(07 2 B AT T, OF FLREAE IR B S ANN 2R
PEfE.

ANN-to-SNN FEAC J5 3R . A4 B 1% 220G (8
P2 TCA R ) 265 28K ANN, SR 5 66 Il 2R B9 ANN
PRt S SNN I, HET, 2T ANN Y1255 4
PR SN ) 2 5507 SR FH 30 R0 K v 44 28 G i 7
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PERPREAE D ANN A3 PR, 38 5 ANN R 45
SERHEATRR B LATE N7 ok ih ) e e S RS SNN A
FHYN Gt FEEE RS ) ANN BUALE Y Zd B2 b, AL |
IR PR 2 BAT AR R S5 A8 ) SNN 26 rh | kg sl
B TR SNN ME LA B4 2R ) B, 32007 ¥R AE K
RIT IR KAk v W 255 Th B A A 1) 5 ANN A ] B9
FERARE . BT HARAUIZR T VR B M2 Sl 1IN
HA IR S 40, (B AF R 4 ) ANN B3 B 1R 45
7% SNN KR40 6 55 Jry B . 7 A A B 2 1 =2
JEU PR ANN M2 ST AEASAEL SNN i 280 7 v g 2
FEAR DAL FRALT] Hh i) 22 S Pk, 1T WS 32 458 2% i 0 2%
FUBORT: 55 52 2 A8 BE A 3G N M 3G 0, 76 ANN # 46t
SNN Jef TR, Shy 58 M0 48 1) 368 1 P, R P B 452 4
UG Grid B b 5B 2% I ReLU 90 PR ( 2
HARA) DL 4 b DG C K e ot 28 T8 A9 CH 8 e
AL EE B - 5 1t Ak AR 5 55 SNN AR f) e 25
PE BIARCE/BEEIH— 16 BRI R SRR M
SRR R, 3L T ANN-to-SNN J7ik £24 7
fifi ; Spiking-ResNet ., [ { 45 i J5 ¥ , TerMapping F/l
AugMapping . Spiking-YOLO , RMP-SNN | [y B¢ CNN
i SNN il SWE ResNet, HA&UIT .

1) Hu % A (2021) S0 ResNet 545 Ay ik i At
2T 4% spiking-ResNet, £ H T — > 5% 22 % e £
B, DU 99 R SR (A0 L S DRI SNN H iy & 4
AR JF ST AMEBL AR B B A R

2) Mk MAESE ANN % SNN 9 B 25 0 e fig
B, Xu AN (2017 ) 48 Hi il i HHT I 4 SNN A 4
—JZ 0 BB AR D 2k B A T 12, 3 el 19 (i 4
T 5 RESE LU ML B 55 SNN IR BE .

3) Yu 55 A (2022) 42 i T —FBT i ANN-to-
SNN #4646 771 | Bl TerMapping A1 AugMapping, Ter-
Mapping %Xﬂ|ﬁ@¥@fﬁ/§, 38 o 1F P A O R
Kdss SNN | 1] AugMapping 42— FRH8 55 fik o 7 i,
I IRAERT D ARAT B S ) % ik b A
B (R B FOREW] 20T BRE A U S
¥y SNN PG EE

4) Kim 5 A (2020b) 25— 42 T kot 0k
SR A A spiking-YOLO ( spiking - you only look
once) , 135 | AAIRLEE 5 — P00 E (BN - 1) i 22
JC, IR T AN R AR 5 B AL

5) B XS AR IS SNN (R4S B2 45 2% 5 ORI 4 B IS
(] 20 BRACA ) ] 8, Han 55 A (2020 ) 42 1 5k 4%

L ik AR 2800, 3T soft-reset FA) fiik i 4 28 ST AR Y
S ANN-10-SNN B4, 70 R SF k] OR B 1 T 1
(B R AL, A RS IR i 5 B IR B

6) Bt X5 0 JIE 5 190 HL 11 0 26 IR, Yan 55 A
(2021b) 48 H 1 FISS 6 4 U 22 00 2 i Jik v ot 22
P02 .00 L IR 0 2R 07 0, B S TR 22 N 26 AT I
WM ECG (electrocardiogram ) {5 54325, Sk J5 X
S BCG RS AT 413 28, I J5 o CNN B A
B R F IV Y SNN AE A

7) Fang %5 A (2022) 48 5 fk v JC K 19 SEW
( spike-element-wise ) ResNet £ 7] i i X B SNN 1
(RFR 2254 7k S AR 22 HEHT TR U spiking Res-
Net H 8 J8 T8 2% Rl KF 19 0] @, 78 ImageNet , DVS
Gesture 1 CIFAR10-DVS Hda SR #4
2.4.4 HAbreJ 8Bk

BT A 2~ B L A A L B AR Ak
(bacterial foraging optimization, BFO) | #F 1k 1 4k 5
s HIXHHE P 24 2 (relative ordering learning, ROL) |
F HH AESA vk | SP-KMCR i ph 593 | 4 568 4 i DL 37 )
AL -1 (enhanced-mussels wandering optimization,
E-MWO) SALT %5, HMAuTF .

1) & XF HE B WL 25 48 4F ( Charcot-Marie-Tooth ,
CMT) 5l A V9 )8, Al-Kheraif 55 A (2018)
P T SNN A CMT PRSI, SR 2 1k [ 15O
A — AR AR B W7 RS T 40 1 B8 £ pI A 53k ) SNIN A6
AU BIREEA

2) ik i 2 00 245 e o 5 SSOHCAE P 28 1 25 0t
FRGERYTRE AN G Ry IR , B XS 1] &, Schuman
SN (2020) $2 Hh p 2E RE M R G A HELARAL (ev-
olutionary optimization for neuromorphic systems,
EONS) 75k, 1% 07 e 25 o T Il 2R SNN, 7857
KHET SNN HTHE-HE,

3) Lin % A (2018 ) $2 i SNN A HH X 7 2
(ROL) J5¥, ROL LI 254 2550 ke o5 — AN ik
A A S A, AN 5248 e A T Ak A P ) ) FR A
ROL AL AT LA Sl 25 1 3 107 1 i % iy o ok o D3 17
iy ANFFAE

4) AW fl n] ¥AYE STDP SRR T 2 2 AL A% >
BRI, Cho (2021 ) AR 418 2 & A2 B3 I8 X 32 S 3
(B @R B IE AR Sk gl 2 B3 3k
INPRZE L 4 L ER B SR ) A TR T AR R R
AT B JURE A0 [0 28 R 1Y i 3 A i 28 I 4% vh
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5) Vu SN (2019 ) $2 2 T f i e K S {E Y
ZHFE M (shortest path K-means-based multi-
cast routing algorithm, SP-KMCR) ,ﬁ%m%ﬁ%éﬁé
S FE A K-means SR ET7 L FIHET-B4 1) 22 ZH SR AL )
PG s, B IRAE SR | e 7 ik o AV D R84 A5 8
TR R AL SNN G 528

6) Abusnaina Z¢ A (2019 ) 42 H 3 55 71 i U1 37 50
AL (E-MWO) 531, 1255 1k RE A% 18] % A 5 fih
FEIR FEYIN 2 SNN 1o B2 b JO 5 8 4% % AR, AR
I RAL L SIS T] 4

7) R i K o T 2l SO U Rt e TR R )
B, Kim 11 Panda (2021 ) 42 H bk vh 38036 42 7H)I 2R 54
7% (spike activation lift training, SALT) , 28 15K H
3 EIUF e 8 3 A 2 AR Hh ) AR A i ok
REhET A 2 Ik el g, A BT 2 rh B R R A R
&k,
2.5 HEEMEZE

g HAL B LU 2: 05 2 A GoogleNet/
VGG-16 + SNN AL 5257k + SNN SRNN  Mobile-
Netv2 + SNN #ZE5E4HLE + SNN SNN + 5 4k >
FIE XA, BT

1) Togacar ¢ A\ (2021a) 4 SNN i FH F KA
M, SR B EE A 73 AR IR SR RTH i 4 2%,
1271543 3R H GoogLeNet Fll VGG-16 ( Visual Ge-
ometry Group ) 155 Y $& B () 4R 1 21T 4 &, FFA/E N
SNN fir AF3- 2170 2645

2) Orlosky Fl Grabowski (2021 ) fiff 5% 1 fik i #if
221 Bl A SRR, K 35t A% 58 SUBR T ik
MR 2T, JF OB T 33 A% 58 SRR S B AL 98 A8 53012
TEE Y MR 3 TR 55 19 5200

3) Yin 45N (2020) £ H F 3 0 [k v U2 1 22
%% (spiking recurrent neural network, SRNN) | il i i%
THZZ I TA] RUBE 9 3 7 DK el 2856, >R PR AR 32
ARV ) 52 1] A%-43% 512 e IR Jok vfr 0 48 6 S 1) A 4 v s
JEAR SR A3 5 RNN AH R R80CR

4) 1 B Jo g 1Y) R AR AR 4 25 0], To gacar
S5 N(2021b) 155 FH] F 2 G A% g 52 280 o AR A0 4R 4
PREHE 4 fir A MobileNetV2 5 Y $5 B AiF | SR JH
SNN #58 AXf $i BOCRE R 3 47 23 268, S8 9 3 2R AR
S/

5) FEHLVLAE A (2020) FIAT STDP 22 ) kA

ok b 2 R 4 % 28 2R PR sa bl oA 1
PIZES5H S 1 RIR 2R PERE

6) TKHE A N (2019) Bt 1 ik e 45 11 ok oo
MZTC, 5B B R 22 05 5 SOtk ik e i 18] 44 At T
SAPERLI, R T LT SNN Fag Ak 2 > 10 I 45 45
A, AR 2 P 2% 1) 27 ST RO

7) Mohanty %5 A (2020 ) £ %} 5 24 4 745 3% 43
HAT S5, (o FH B WX AR 4 ( permutation pair fre-
quency matrix, PPFM) ¥ ik wh i 28 W 2% 4325 %07
VAR e A 2R 00 [R] s sl /D 1B ]

3 BRiHEZMEHERES R R

ANN 32 A KRR %, 185 BOE R A Ee,
TEAEY R G = FE % (Tavanaei 55,2019 ) J5 [ A1
TERPE A Y 22T AL A 2% 2R G ) I sh A e Dy T
YHAAEA L JF HAE B R A 07 20 454 27 > B ik
F2E 2T L J5 T 5 N Bl A7 FEAR AR 22 5 | - B0
AERTRBE 7 ) R I PR AT, M = 9K 3
(R AR T DU 1 A2 4T DA SNN 193 38
LA RAF A v g R s i a4 B i 5 B B
TERET . 53— 7T, A% 50 i 56 Tt i) e 25 4 0 2
BRI ICIE 2 SNN I 5K, H SNN 76 Z i 14 i
SEAE FAF B RIBEE B , AF T SNN A2z )
FHERL I EA B P RRAE S 2D Ab B KT RE B
TOA /D FBHELRHE A DVS(dynamic vision sensor)
ML SHIEE S SNN B BE Fetnifhit B
BB AN SN S5 0 22 GUBURAT T T B0 i35 5 4
Je AERETARGE A 28 0 4 | B A R S BAR X 25
Sy, AR KA 2 I 4 A7 e i = A5 2 |
GRS LR F kP s oo TR 4 AR
R UIGRARXH I AR R AR, MR SNN B 5~ A G
W SRR — N AR RSN

TR 7 ) vh IR 2 ) 5 R AR 1 |
SRS Al B A% 4 DA W B o7 2 1 O R 2R )2
NTARZE W 2% B RAF R, H R UL, SNN 78
WERE AT 7% J5 T ANN, {H 22 85 IE 72 45 /0N, 76 52
ATS5 FIRB] T 5 ANN AH[FE AR RCR , HARAET D
REFEREAIC, 7E SNN b WBr 7 o) il i e/ IME T
e 8 Pk oy 91 e ) R 28 R AT R BT I T A R
SR 38 o 1 o TR AL R BT AT S AR FR T
IR AR LR AL IR E S &It
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P ERIR AR AR St A K S it ok v e 571 55 0 R A s ik
T3 22 (B 1415 22 pRBCAS P A 3 252 ] P I
Jo, 5 SO AL 8 pRESCH N T A TTRELLE T R
MALHE . Wu 58 A (2018) & T —FF SNN 9 Bif =5
SRR GRAE SR | M SR AE N S B Be 4 & 1 25 (]
Sl RS (R 38K, SR FH ik v 3 0 %) 30 B0 5O TR
FEIZE, Neftei 5 A (2019) 4 i — R AR B2/ J7
2, SIS TR A I 4 B BT R R AL A
2 YNGR 2%, ko e 28 e Al 2R v 1 S 550 Pk T —
PR S B0 AL, DATTT P A2 — A~ ReLU pREXAE R
AR H S IRAE ik ki 28 0 A AT PE

PitE MBS IR (B %8, 2020) fE2= ) i
T v AN T B B 28 1% S o R T AL, AR R T A
N SR Rl £ S5 VR R T AN AL, 7 2R 15
91358 T W R DA A KLU T STDP 5503 Sl BRI A%
O, HETE A 2R S Bk iz X S E &0
A BE I T NBON 3A SR 100, 7% 48 STDP 2% 2] #iL
ZE TR BN S M A A B, T B2 0 RN A7 i 52 M 11
ERATE SRS TR RO TS RME i i
FOTC AL R FATIR 2 VR 1) I 5 A5 78 5 55— 5 ThT, 1
T HETH T Al 52 23 3l 7 2 DL i A B, 6
i it 22 76 5 fih %5 4 F 5 B AR AT b AR TR AR i T
Ti] 2 AR B S S )

4  BkiRRER W4 1 R A

4.1 B EREELMITERHNA

Z R JE A AR FR 28 58 il E 22 7 e B9 N T
L ERTE S PN S PN SR AT A Y W L S .
MG S N4 B A B 7 =, BA 5RO I s
AbPEAE ) ML UF R ALy T R, R EE 2 M R A2 2
B M 5 B an Bk B 3% ( electroencephalography
EEG) DhREM: 4 3 4R Bl % (functional magnetic reso-
nance imaging, fMRI)) 515 B 1Y 4b 2 5CR IF A 3
R Tk b 22 1) 26 7 b B3 A5 S 5 T B A R AR
e,

1) 5 R M 78 5 IX i 28 e 2 Y e Al 1 X R
i = PN AT A BB . Sutton AT Ascoli (2021) 14
AT TN S X T RE 4 K b 22 I 28 A5 ADL Y 7
LA, BER T S A8 U BRIS > FNd
IR B H A&, AT T I A1 5 T g B ik
IR 2 X A A

2) Doborjeh %5 A (2021) F| H 4\ ] MRI %48 +¢
fiE, Ka E SNN AP TRON R 45, LA o ar ) | 24 A A1
TR T BEPE AR A , 12 AR RS 31 50K 119
NibiE

3) ARG AE S SR T HAT AR B i
AT A9 235 4 3 o R 5 Ak B o A V9 0 1T R R, T
YA I8 I 2558 B8 T 0 2 D 28 % iRk i o
AT AN AR AR LA EZZ X, Guo % A (2021)
P T /NI AN A SNN RITCAR B # FM A SNN 45
B XEF AR I /N AR FNEE R Y SNN 7E 5
FEEF X T BT ae 1 U0 T Johr BE R T 544
Y SNN,

4) Tan % A (2021) I F B2 EEG BT
Jik g 25 X 24 SRS 11 et OIS 2 TROME SR SR T T
P& AR EEG {55, 38 43 4351 5 w2017 J 1
1526 RAE , >R FH 3D-SNN Bl 25 EEG ik mREAiE 3R
TRIE RO MG A BT T 5 NSS4 A B K
i #2245 5 (R A B

5) Virgilio % A (2020) # 3 F EEG 15 5 Y
SNN #lliz sh BB AT 55, iZ ARk H 5 Fliz 3 EEG
155 RAESE IR T S 3838 35 B AN o3 A O i, O
P A HLAG e 0 4 A RRIE RN LA B )45 B i A
RRE, SRR A Al A A B0 i HoA B RS B
[k wh i 850 , W ARAS AT R A5
4.2 BRHHZMEIERERHIR A

W RGAT R R T AR AL A P i
PR 28 anfe] TAE RS £ 220 B8 Fernandez 55 A
(2021) FF A AL T 5 5 9 o ) 90352 45 ) 114 ok ol o
M2, LSS TR 5 @i SNN #2410
BB A B 2 R G 8 B AT Dy, 3k B4R ) T
ALE W E 0, o] PR IR [ 2 254 . Yao 55 A
(2019) it T 3 F 25 (8] AL 55 19 SNN =6l AL 7%
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