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Abstract Neuromorphic computing is an emerging research area inspired by the structure and
function of biological neural systems, designs brain-inspired software algorithms and hardware
chips. This research paradigm has achieved remarkable progress including the vision sensors (the
dynamic vision sensor, the Vidar spike camera, etc.), the computing chips (IBM True North,
Intel Loihi, and Tsinghua Tianjic, etc.), and Spiking Neural Networks (SNNs). Inspired by
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biological neural systems, SNNs are regarded as the third generation of neural network models
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with binary communication, sparse activation, event-driven computations, and power-efficient
characteristics. SNNs can achieve up to several orders of magnitude lower energy consumption in
asynchronous neuromorphic computing chips, making them a promising alternative to Artificial
Neural Networks (ANNs) for addressing the significant energy demands of current ANN-based
Artificial Intelligence (AI) systems. However, the training of SNNs is challenging because of
their complex temporal dynamics and non-differentiable firing mechanisms, resulting in the large
performance gap between SNNs and ANNs, which restricts the practical value of SNNs.
Recently, deep learning methods, including the surrogate gradient methods and the ANN to SNN
conversion methods, have been proposed and have greatly promoted the performance of SNNs.
Compared with the conversion methods, the surrogate learning methods have the advantages of
low latency and temporal information processing ability, which attract increasing research interest
from the neuromorphic community. This article focuses on the surrogate gradient methods and
provides a systemic review. Firstly, the history of three generations of neural networks and deep
learning 1s briefly retraced. Then, the basic components and benchmarks of deep SNNs are
introduced, including the synapses, spiking neuron models, static datasets, and neuromorphic
datasets. After the introduction of the background above, this article categorizes the existing
learning methods into the following topics systemically: (1) the basic learning methods;
(2) encoding methods; (3) neuron and synapse model modifications; (4) network structure designs;
(5) normalization methods; (6) ANN-auxiliary training methods; (7) event-driven learning
methods; (8) online learning methods; (9) training acceleration methods. Almost all methods in
surrogate learning methods are covered by these topics, which provides a comprehensive and
coherent view. Exhaustive experiments are conducted to compare methods from different
categories fairly, including the static/sequential CIFAR classification tasks, the neuromorphic
Spiking Heidelberg Digits voice recognition task, and the neuromorphic Genl and static COCO
objection detection tasks. The involved metrics include accuracy, training/inference speed,
memory consumption, and synaptic operations. These experimental results assess the existing
representative methods from a holistic viewpoint and demonstrate their advantages and
drawbacks. Then, the current challenging issues and potential solutions are discussed. Finally,

the advantages and shortcomings of each learning method category are concluded, with the

Machine Learning-with the influence of neuroscience diminished, this article suggests that brain-
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suggested research directions to solve the corresponding shortcomings. While the technical
inspired algorithms could represent a significant breakthrough and should be emphasized in future

roadmap of current high-performance learning methods is primarily shaped by research from deep

learning communities-such as Quantized Neural Networks, Recurrent Neural Networks, and Tiny
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research, which may pioneer a research path distinct from traditional deep learning approaches.
neuromorphic computing; spiking deep learning

spiking neural networks; surrogate gradient methods; brain-inspired computing;
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JIE R 15 AU 32 pR B R S E ol T B R
A & B 3z B T M4 5 Rk il 2
JCo Lian 8RR RS AL A 1) 20 AT sl A5 IR 48 AR
(14 5 B o 3R A A B N DG C BB B2 9 2R [R] . Che
SO AN ) A pR B 2 BAE VI 2RI T Softmax 1R
A M HL A R Argmax BE8E , T SEBL AT 35
BIER.
3.2 HmBHFHK

M2 gt (Neural Coding)iZ 8 Ul A5
SR AR IS B R A R i — A S
FEMRIRE . Tk iR BE 27 20 v 3R] R4 Ak A g
FHIK o e 50 A R 7n A7 B o A5 37 AR 5 G ) e A Jik
I A G BB s LA K SNIN P S ] feff FH ik
R R . IWRBDEE  ifith J7 2X0] 73 2k i3
ik (Rate Coding) FH [A] 45 % ( Temporal Coding)
Tl DK i 1) 2 O AR s B R RN T
D0 388 3 Jk e 14 S AN 22 A 3B A U

LB R UL T SRR R L B B I A
I XAt 5 SNN R (1 ik of e R AT L i 98 3
TR T Z Rk A gm i 77 2 axX — ). TAFA SR
fith (Poisson Coding) /& 41 % Jii B A AR A Ty s o XF
T A 2 € (0, 1), brHE R TARS G 5 A2 BB £F 5 ok
JE Ay e LA 43 A 1 Jok ol 7T BT A 7 S5 390 00 ) A
I ] 25 v ok i & TEORE 3R 1 R e B9 30 A AL . TH
PG 7 R R DR B SNN IR S A 21 H

P [0 2 ) 7 D0 38 o ik o ) A Tl B 2R s A5
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KB Ik K g 5 (Time-To-First-Spike Coding) ™"
JEH P R ACR . R K i g A SR AT A
R TR BRI R A e € (0, 1) e 45 Jx 1 1Y
T2 B
L=y
0,171t
t,=Round((T—1)«(1 —x)) aamn

Hrr, Round U4 H AR AL pREL, TR RI2EER

TR 2 B o) T 01 A/ DN 1) i AR i 2 ok
BEBIL T 1) e 1 5 AR I ] 26 A B AR HRURR E 45
S PRI [R]AEE 22 AR 8 P RE ARG 5 T 1 326 ok i
b HRB R EA Ak o, H =X (17) A% Round bR £ 43
KT —wEfFGE, Lhrtkrg /). Bt 280 tie
TRIE SNNUHR R ] H H A g i Oy i
AJEFRAS I E AL i SNN 75 2847 T W vk
Fedm AT B TR R A TS 1% AT 20
o L U A B A R B R AR e A 2 B S PR
FH TS ik 23 0k ook 28 90 2 58 i B AT AT AR
Al 2E ) B g fis g . Rathi % Ay Szt ah L R
EHEMA RO ZIIAT R AHE BT
TEAS G A%, 3207 1 BRI T 20 O MR 32 A, A1 T e 2%
0 28 B BEAE L AR Tl TR AL S0

4 R Z2 B0 ANN2SNN J7 VAl IR 4 , SNN
DAY 8 G 3 O e ) S TR A R S B L IT A ANN
Re LU A0 B s EAD 1 2K K b G i A S i
(Phase Coding) " FlF #l 4 % (Radix Coding)"""'4§
RACR T e (R I ) 2 A5 7 AL BOB W o AR T
HAHENZRR TR SNN H B B AR f it 15 Ry
vy 21 ity Y11 24 BE 3 o BRI TE 5 TSl v 0 265 1A S )
5. ISEBRRBUE B EERAE I 25 19 SNN
JI e B R ) A5 Bz /T H A kAR 2 Y SNINL &%
BT (A3 BN R SNN N R i =X,
WK B — DERF R R I 18, AP . L
ST TR BERARIE I 2R SNN AR 4549 ANN
PEAT T AR 434 2 B SNIN (4R F 5 ANN 2 A7
e B2 AR o IF ) 48 B2 0 R S it R 28145 B s Hu
G T 2 AN [w] F ) 26 F At B2 AL Mt AR 5
DL EWFIE R W B R B SNN P &8 i 4 % 7 =X )
REBC R HET AR b o 5 24 Hh 02, RSl
FHELHE S A g i L SET 57 SNN ., H 4538 oK 00 38 FH B
1F5) 2 A3 i A\ 3 A B I 18 SNIN
3.3 HRERTTHN SR RY i

TR JIE K ipopfr 28 (9 4% 119 32 22 40 43 0 il 2 T RN 5

Slr]= (16)
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L

n2
2

Eild 2025 4F

fid o P 5 YA 0 X 4 PR BEAG A TSR ) L BRI AR K HE
FER H AT e, S T 22 M B A 25 T RN 5 Al A
RILAE T SNN g«

AR B A ] 25 ) AT R 2 —
PLIF #f 28 5C (Parametric Leaky Integrate-and-Fire
Neuron) #5740, HOEE 1LIF #4028 0 19 JE s (8] 85 4% 7,
ZHRAMTTBCE T 25 R A
Hlt]1=VIi—11+ka)(HV[i—1]=V,..)+

X[z] (18)
o I )RR 1R, B 7 B SR
v, =k(a)a P28 k(a)e(0, 1) 2 RIER
B0k o, > LA Ik 2800 B0 S S, 78
S R B A(a )= Sigmoid(a ). PLIF #1480
HREGZRA DA EI S8 a, ZE WA
TG RE S [R] BUe 2 0 BE R R B b T 28t
55 A PSS UE A rhORE S8 X A 28Tt BT Bl —
FEEAT & TR 202 M S5 a EIN G AR
AATE] PR T2 e S Btk . DUERIBESE N T
DV S AR AR ) A A T 4 el A [+ ) s
B8] 8 7, e TR ETT S Bt O H B IZR M 4%
RO L (A5 P 2% ¥ 2 35 5B 1 A7 T T I s PLIF #1280
(R4 il e 173X — [RS8 1 % fd AN R R o 22
ARG . (HPLIF #oere g s 5
LIF #2800 5 » PR HE AT LA — RS e Al
GRETy  MHE—ME BB 20T

Rk — Y Ak 2 B AR A 2 Yu ] GLIF #f
£ 76 (Gated Leaky Integrate-and-Fire Neuron) '
Pt HORE il 28 00T L — B 22 AR RS SR k%o i AR
St Rk b5 | k0 B A T SR SRR
HAEEJ T G, Gy, G, BB

G, =(1—all—z, ) H[t—1]-(1—a)z,, (19)
G,2=(1—p(1—glt])X[r] (20)
Gy:_Y‘Ga_(l_)/)'Vmet (21)

Horp,a, 8, y /3 W& AT 24 20 091148 R 8 7, 2, 53
IR AEHONLAE LI R L ¢ [ ¢ 1B 1] 22 1k
M fAE . GLIF # oot i F 7 S5Ot 0 5
I AT 22 ) SRR B 8 2 BB A, P Il
JLP AR 2% 59 2 Kkt . GLIF $h 280l id n] 2
AT SEBL T AR RO RN LM R I TOIR S finh
FA RS 5 Mk L B o ¥ AN 8 TR S, LI LR
SRAVFRINAE ST AP R TR KT & AR T %
gz, Kl G E A HE R KT .

MLF J5 7% (Multi-Level Firing Method) " i Ff]
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ZA Wk 2 e B — P 2 Jo 2 H N R Rl 40T
T FHAS [ 6 B4, D o 00 ok op 8231, ARAL T4 40
T At 2T, B A LA R T
2202 1 N PR 4G —AE bk b, T RE S LLAE —
T | St (= = N UL 9 7 7 < DT il s 45

LIF Mooyl B AT 0 AT e R BORK IR B 5
D s K fiff DX — ] B, CLIF #1242 9T (Complementary
Leaky Integrate-and-Fire Neuron) 3 iz 34 i b 7
H, {iZ (Complementary Potential ) 5% i #5 £ A4~ i} [0] 2
)R e P A 4 -

M[z]:M[z—1J-g<TiH[z]>+s[z] (22)

VItl=H[t]=S[t](V,+o(M[t])) (23)
Horp oM [ ¢ 1R AN e R, o (- ) J& Sigmoid #7 PR
B AXCOERRM [ ) EFE R, H A S 2w
5 B A7 ) R U R B R 2 I P 22 ST Rk o, D
S FEL A7 I (] AR 1 385, ST 5 5 A 1) B R
ARCHETFHREEMN G XEFFBHR.5IAT
M [ ¢ A5 B R 57 R 1A IO R 4 bt i g i AR
) &% . R PLIF #1200 GLIF #g o &
B R T Sigmoid PR, H 1% pR B T4
A 2 o) B, o e DI 5 58 U 28 80 M 2T
e HL I IR R TF B i CLIF #1280 Ay X (22)
K (23) Hr Sigmoid R ER 1 i AR T ECE 1, A
AETZEMERE N R . Sigmoid BREUE 24 115 5015,
Al fEHE Ok CLIF M2 n s i AR F S B A

e e R ATIHHA  ANBE R 43 I GPU
(RS AT T3R8 0 n e , 2 R B SNIN VI 25
Zegn — A EEFEN . PSN (Parallel Spiking
Neurons) ™2 AN 47 Bk i 28 oA Y, H R Rk
H & 58 5B AT Ik bl 28 0 1E AN K K e ) — B s )
DAL FBE FL A7 1 320 ) ) 26 326 ARSR g 1T LS AR R A0E
KRR . ZMINGR K Fang 7 LB T &40
ik s 25 0 1) 5 AR L O 2 B TR 2 H 4T
M5 .H [t A LLRIE A X [ J&Ma s, U
IEHE T PSNAERY, Hopd 22 5h 250

H=WX, WER",XER"Y (24
S=O(H—B), BER",SE{0,1}" (25)

o, X0 AT W I 2 B , HZ R
BIEA] 2 ) [AE , S St ko, NOR TR . T
SRR H . PSN SR A7 9 AE B T 28 FH 21 BT A 1t
ZI A B AR — LS PRAT 55, RO AE BN T 76 2
TARIC, Ry i Pk — [A) #, Fang 56742 1 Masked
PSN, Hx = (24) i FH B R 3G s, Bl
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Al ¢ 68 2075 9 9 SR &S AREICH [z ) AP
AN
H=(W-M,)X, WeR"" ", M,cR"" ", X€R"""
(26)
H M, E XN
s 1, j<i<j+ri—1
M=o e

PSN il Masked PSN 1Y 152 2 5 21 (19 .
DU S5 K B, Fang %8 HETTKS Masked PSN )
P B A de 3t =, M4 3] Sliding PSN, Ho
BN

k=1
Hlt]=> W X[t—k+1+i] (28

Slt]=60(H[t]—V,) 29
H, W=[W, W,,..., W, | JER ZE T 2 2] fU
HLAE <O X[ j]=0,V, &0 %> /9 B {H
PSN.Masked PSN. Sliding PSN %; #% & PSN % %
MU TAE G B AT M 2200 . PSN iR o758 4 15618,
AT DA AT 8 5 iy 14 6 R v ke TS RS L A3, {5
T KR AR T s i B AR I e i 4
P2 T Y JE T T IR B I BE IO ¢ 2R L B 11
O] fE ST AS ISR . PSN F e K BFE 7 T
B A TT WA A T A HERR
FEISFE I o

55 PSN IFA7 4k 14 JE B 2 RL A F 5% 3 A0 435 B AL
FRAT Wi 28T, JH At 3 2o 220 W o R kA B
AR S A N N (E 17 QU L R e A N - e i
Heaviside B BR 5R £, 1M 2 R A S R iE =K.
ELIART T, R ORE 2 b B H 57 DR A 5 DU e 1)
B R BOR BB .

AMOS (At Most One Spike) # 22 5C H RE B ik
ANHB I —A™ ok s FH 3 T AN BT i B ) £ 325 3 o 22
TG« B/ B Ik b B RO B ok T AR A BRI AE .
AMOS # & J0iB % 5 H ik kb w45 & H T
ANNZSNN J5 365, DL A ik ook iff 1) & Tl B 225
Fonfi . MAE SNN 1) B Z:55 2% , AMOS
P22 T I AL 30 d5 0T A W B R 9 2 8 SNN
Wi B 2 5] 53 SpikeProp™®' . Mostafa 257 15 OKE
AMOS #1250 FH TR BE SNNLZEUI 5 BT T
Z i Mostafa ™ [ 7775 o 2 Z L3 1) J2 ik i 2 i s
Z) A8 B AR H ko 2 et 20 (4 R OB
K FORAL B B (R0 S B 220 9 5 S G R T L HE
¥ F [, B2 2R . Kheradpisheh 287 4 HY B
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SANN  (Single-Spike Supervised Spiking Neural
Network) Hf# ] AMOS #1£:56 , {H )2 Z [ 7% 34 1) J2
TQURIDNI=NYiT QU Y-8 GREAINIE {5 S R U2
VE U G OB B R PR T S AT HE AT
Mostafa {4 75 125 52 4% B2 KM@ BERRAR . & T 52 8L
HARSPEREE4F . BRI s AMOS #i 2T ik gk
R HAE S B B A T R B, 515
G 2T PEREA B BOR R

P 2 XA /N A G R BB o M 22 T R AT T R
T BT 4 € 75 1 ot 222 70 e R AR 22 ) A Dk 2% O &R
1RG5 T ki 28 ST A E 2R 4R
AR IR TR] AR BRI 73 2 IR 3R L LA A TR A 3R
KIEIR . BIOKE BB M A S 52 5Tt #h
ZICHI R IR RE AT 2 S v PR I 48 A 55 1 g
JE— L3R Tt H 0 B S EG TR BB m A
I Z BE  REARR S 1T P 28 T 1Y IR A7 A0 I AT e X —
(B P il DR AR o e B AR s AMOS #2202
05 HHTAE 55 PERE R 8AIC, OF H 3 % 4f [ MNIST
Z A a7 PR R AR DRI MR BE L R RCA S AR 1
HhEATRT L

K2 Horp 2 onllot TR [ AR

TRIE SNIN H i filf T A9 2 ok 45 780 38 % 15 TR 2
ANN AR [A] (B A — BB AT ST 0 Sl BEAT 1 RS
AR 51BN IR IS A s AR . Fang
SEUDRE TR TOAR S O 5 i B AA vh 22 00 D5 R
A RS T i Al BAT T — 5 BIC 12 . HE 58k
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1894 17 R 1 R S 20254F
F1 BRHHMETS RESHESHFIERE R, DU PR REXE DL AR S48 T . BFSE E 10T 08 % refy gt
MET\ . FARIO CIFARI00 ImageNer 0o CHARIOT %3:@%'1@%@‘7%&? SNN itk iR alE, 5k
BiEsg Gesture DVS @?}E.:a: ResNet ! , ﬂu [z] 3( a)ﬁ)]i/j—:\‘ , %}WJ{—E?%E?HH %4 IW
e e POI9T.5T 2017480 gy o R AT G — 4. 7 Spiking ResNet f&
GLIF 4] 94i 85 4] 77: 05 416792 16178, 10 ResNet [ SNN JiA<, fiz 5 F F ANN 44 SNN- 5
6195.03 6/77.35 ° 0" A T B AR LSS A LI 3 B o R,
MLF  4]94.25 40197.29 10170.36 B FL 8 ResNet 1 5% 22 45 H9 95 F 2 SNN A (P
L0 Spiking ResNet) 5151+ JLJZ 9 10944 5 B 4 3 1
e o AR, B T VR OB e T SR, LA
sz EERUIZRERE . Fang 4 MAE A B A
PSN M 495. 32 4170. 54 8185.30 FERG A P VEAT 43 M7 » % I Spiking ResNet #E PSP H
10]85.90 SRR oy T | RN BT R B R L N I TE TR A

THEEAMEIEICNCAT S LRY2E2TRE ST, Tlyass S5
LI R EGERE E R ik S BOR RS Bl ik i A i 7
B DI 5 i AE 3R 1A T A [] Asf i 759 2l A2 3R
Z 53| W4 B S FERHSAT 55 F DL D S50
TG Tk ERE . HIX ST IR ER AR S M i
R A B FR T, W25 I G B A PN AT T AR T
4o PRI v AR L T KA TR B SNN
3.4 NS

D) 28 S AE AL — LR TR 2 > ST A A T B AR
J7 ). ANN SR A 1 22 U I 28 4544 H AT
FER T I AR e 2L BT R R, BT
SNN x5 | A M REIR A a5, PRI fik o i 2 ) S,
(9 AH DA 9 32 22 45 v T X5 T AT I 45 45 44 1 ik o Ak
et

o R AT 1 s B 75 SNN IR 52 2 g 8 11l 25
T SRS A R B DK oS BRI 2% . SR BF SR B AT
AT RS R A 1T B 8 5 B2 1 5 O HG I 1 45 £

A SNN DS BCE e 3 45 o Ay fiff e dk — [ it
Spike-Element-Wise (SEW) ResNet ™## i , 5822
HEER QB 3Ce) Bz o HHE Tk bt 28 70 1 o7 1 1 46
BN R 2L 0T R A — TR B E RS g ok
Sk 2% 14 4 Horh g T LU I e VHUS Fiafe
1545 . SEW ResNet 7F ImageNet 584 47 156
TE S SIS AR TR M R R TR RS B, EIR
SEHL T SNN H R ER 225 2], IF 4 SNN LY K 2 %%
HJZ. Membrane-based Shortcut (MS) ResNet &
I3 — P RE % S 1E A5 AR 4 i) ok ke 25 i 4 O =,
PR R 22 B B — A Bk b i 28 T 1 i A R e —
A~ BN JZ A% A 7% 42, 45 A ] 3(AD PR, SEEt
T TTE AL JZ IR ER 2557 2] L R RE IS4 SNN
MY K2 H)Z.

SEW ResNet #ll MS ResNet #f fift g T %
SNN (1R Ak ] 1, H [R5 | & 7 B )@, HLik
1M 7 » SEW ResNet = 24l JH A BE £ 45 19 i o 3%
FE 5% 22 B s A\ R iR 5 — 1~ SN R s ik o, 3%

3 W ILEERZE B
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B 2 MLt 0 A SR L Tk b 2 A AR B AR R
TAE K X AT REE AR T SNN B AR R LK R
{14 B A7 2 BRI B 3fe 12 4 B DL 3 s MIS ResNet |2 i
PR 22 1 4200 I 248 23 22 [ 42 356 A 2% 04 T AL B IR
7 SNN 4 5K 2y 3 {5 0 Fe Pk, MERLFE S 20
SEER

£ ResNet 11 s fill 4 #b 19 13 & J7 (Attention)
155 B BR A5 45 T B 28 I 2% 1 4 R B A BE T . DT
AR T 55 MR 13X — ik 7E Spiking
ResNet A FEA 2. Yao %42 T By S8 58 )
(Temporal-wise Attention) MLl « K i AFE 5E - 55 Fl
WY AT PR IR A K 22 2 E Bl
(Multilayer Perceptron, MLP) 2 1 %) /)N ] 4 Ak 7L,
It4 e S 1508 SRS SO TR 20 g AR AT A
e, XAEHMEA N 2 )2 MLP 28 5 2 3 5
P, BRI ICA R E SR st B
BRI B RO R T R T AL N T e
[i] 725 [ | 3 3 45 224 4 1 SNN R 45 FiE: 55 th
PERETS B 0 E P . A — 002, 5 ANNAH
W, 52 25 TR AR S TR 75 SNN Hh g i 4
() R 2 (AR R A I 2% (Y e FE i — 20
Bk . Yao %5 B9 — F 51 T AED 11 PL Spiking
ResNet J il , X3 — Rtk 4T TR AWFFEFN
Spiking ResNet i, % 1 1 ¥ F1 4 R Fh FEAS 4
AT DA T B0 B[] A s ] L 1 50 {3 A
45 SNN HAT “ B 28 AP S B N 2 )R
HBLRE SV 5L IR, Spiking ResNet By 45 A
AP IR 23 5 | N a1 B PR TUAR FRAE . T R I
HLBeuE A A5 il SNN H (g I 7 Jok oo, [R]EHOE A 1F 8
FEAE , DA I R A% 7547 > 1 RE 4 T Ay W] B dd =5 R I g
FEo TEEJI SNN IR 11300 s 2]
T IR R R R ) SNNHE E AR
B4 (SynSense) () 5 45 W &8 B B — 1R
Speck-"J5 » SEMELHE 27 . 7E DVS128 Gesture £
£ L EE VLRI AR R 9% Ay tEREE T, [P35
DIFEHT9. 5 mW FE(K % 3. 8 mW.,

Transformer" /2 4% ResNet Z J& 521 ) e K
() 48 2544, F 4t LR FE 224> Skl 38 1 1 R
FEHR . BCA H T8 B8 Ol a5 i Y X 28 28 48 2
— AL AL LS 2k 1138 ) (Multi-Head Self
Attention) I & 4 5% (Positional Encoding) % . 1%
EIUE Sy b A G T2y T AN S R AR € = g R ey = 8
A B B 2 5 AR AR S AN (2 TR] . 7 I 2%
SRR - S 5 RS R — 7 Rk, oy RLSE
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RIS TR kAR I E . 1M AE Transformer
o BR R A FIEOEE iz 5340 R IALE T R AR
P afe 125 fult 1 PR J2 AR 22 0 VT eR BV I 23 42 )2 1
Jih g HL A il Softmax pREL; BT 5 S A
BT R PRI 5 T EAR BUE A X SRR
PEXELL 50 2B TR R s . b 7 B G
M H T RS S SNN B (B4R . PR
T AT fif P b 3R ) B, A R4 4 Transformer 22 14
(1) e M g 1 SNN IR DD AE 5158 T Ik ol I8 B2 2
]I N A AT R T 2% . R Y Spiking
Transformer """ Transformer F 135543 A\ T 4 28
JCHCAH K Rl 2800, IR R A A R I HLE L H —
b S5 ¢ B 45 E R O3 IE 4T 55 K B . iX 2 Spiking
Transformer ZE# = 52 [ J& ANN 5 SNN #@l & 1) 5
FAIE T ME DL IE A& 4% H SNNARDIFE R 3. ik ok
TR JE 27 2] S5 Y BIF 5% AT 1R B & 4% Spiking
Transformer ¥ JJ (% 5 82 Ay i ik b A 12 )
B OB S — R T T R ek . KB4 RN
T H 7 Spiking Transformer 1 £ i 09 H 1 & 7/
Bl .

Zhou JFVHE Y A TR A SR R e 1
Ph K Softmax G ¥ S 146 Bz B IEM B AR
R ESEE, I, Zhou P4 T Spikformer, i
A Bk #f B 7 7 77 (Spiking Self Attention, SSA)#L
il s an 4 ) BT o X T ko Rl 28 0T 0 B
Qt],K[t], V[t]e{o, 1}V mmd Hirh N&IR
A RN 0 TR T BT En FR 43 HL (Patch)
HY % d 7 i A (Embedding) BU4EFE , 1| SSA ##
RGN M IR AR B T 9 8 score

score[t ][=SN(Q[¢]K[t]'V[t]s) (30
Horr, s 4 H 1, SN ROR Ik s 229024 . SSA
(P B e i 2 5 0 i 2 /DA & — A ko
1T 246 5 1R = D) ) e O A ik vt 28 56 2 09 1415
AR T AR B 1 B 7T - #E SSA H Softmax U # 2%
BT AT DAAR S A d R IEFE TR QL IK [ ]
B K[V ] UUBEARE 4% 2 min(0(nd),
O(nd?)).

Yao S5t — 25 $2 T ik wp 3K 8h Transformer
ZRHE A% O 2 K ol B 3l A 1 & 7 (Spike-Driven
Self Attention, SDSADHL . 41 4(b) Frs , HAESE
T SSA A Softmax B 19 . (B # FIZE T HR
ek B R RSk, RIS 2Bk T A R I HLE Y
IH— A
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4 YREESNN ) [ 7S S pL

score [t ]=SN(>(Q[]K[¢])V[s] 3D AttnMap( X [ ])=SN(DST (X [7],X [}
St o) e 55 Patehy B 8 S o
Hoh 2l R e IEER B A A score[ £ 1= SN(DST( AtnMap( X [ £7),
T B N, T K R IR SN(---)E{ 0, X[thf@©))ec) (35)
TV d O REEE A V[ 2 ]E{ 0, TN e 2 S(X[¢])=BN(Conv,(X[7])) (36)
()2 IC R AL T 3% (BroadcasO AL . SDSA  HiH, ¢y, co B4 F, BN & ditIH—1k 2 . Conv, &

AR ERERINE O(ad), R 22 T
Fe i s DT 75 2 A ik 3K 3l Transformer HUA i
B .
SpikingResformer"* /i Fi T XXk it 5 13 & 1 0L
il (Dual Spike Self Attention, DSSA) ., {l1& 4 (c) fr
X Ry LA T OBUK w4 4 (Dual
Spike DST) &/ F k ¥ #
Transformer H1 193 i 0 PR3 1 -
DST(X,Y; f()=X/(Y)=XYW (32)
DST(X,Y; f()=Xf(Y)'=XW'Y" (33)
Hrpf(e) 2 Y BT AR, l LU TG i
MLt 2 R RUZ 4, Shi ZEIHER] T IX PR T
Jok e BR B, I HAT DL R -5 4 Transformer
T PR AU RS . R DST 557 DSSA i
TR R T E %

Transformation,
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BB RANHE K p B . SpikingResformer

e RN Z A TE T4 B TR LS 5 Wb R L

GRS, S SNN SR BT IF 18 %
QKFormer "™ W J & < ff W5 /= . 24

Q¢ ], K[ ], I fl A R 4E Bk SR HUE B,
gEfy R TER 4(d) . QKFormer 1 /6 M FH token 4
FEICER Z AR Ny i iE éﬁfﬂﬁ%ﬁﬁ%ﬂéhﬁx%ﬁ
score [t 1=K [ 1]+ SN( EQ[Z] 37)
HAr K [¢]SNC-) HE T 7 #E#LH . QKFormer
I ﬁiﬁrﬂ]?z%ﬂﬁfjﬂtokenfﬁrﬂﬁ%‘ﬁ%:
score'[ 1 ]= Jo SN( EQ/ (38)

,H\EPQ LK [OIARRFERM QI ], K], 4
o T OBAN Y A R R AR B A0 4 (D TR .
QKFormer H ¥ J % 4 5 >R il 5 % 0 % 3 i Al
FHRE RS 2, 10 2 Sy AL %) B2 24 B ik i 4k 8 7
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TR BALE O(nd ).

B L AR E RE = WAL N K 31 RIS i T
FAIATE FH JE A A9 ResNet 55 45 FUAE R VE Ay ) 4%
B2 FH Transformer 25 M 2 4844 , {H ResNet
Hh o Z2 4B Bz (Stage) 4b B A (BT SR 3] T
¥ . Spikformer™ I Spike-Driven Transformer™
fifi F§ Compact Convolutional Transformer ™" f%] %] £%
K . SpikingResformer " F T 3 Bir Bt (1) )2 2 2%
Fa LA BOAS [R) RUBE B9 RRAE L H7E 22 MILP Z [Al4f A
gy 21 & B2 DL 4 B JR) 3 HE AR o Spike-driven
Transformer V2" % [T i T Meta Transformer
B, b 5k 22 3% 12 09 Token 2 B2 /9 ik v 83K sh 69 A v
T R A A ) MILP 20 R s TE Y 45 A JE IR
T2/~ B Be A FH i 5% 26 % 42 0 KUESZ B 1 7 X 7 7]
O3B BURN /N B AZ B 11 3 < 3 11438 4 AR A Rl ) 4
e, 10 7E J5 2 A4 B Be ffi ] Meta Transformer .
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FABET LIF ¥ 2SR AN b LIF#E
BlockALIF 434K/
SpikingJelly ~PSN B} /ms
2 4 8 16

1.03 2.20 0.20 1.44

4 1.48 4.07  0.17 0.38 3.02
2.72 6.81 0.15 0.29 0.60 4.79

16 6.19 12.60 0.22 0.29 0.56 1.29 9.48
32 16.61 17.76  0.25 0.40 0.59 1.01 17.14
64 14. 83 43.75 0.24 0.45 0.72 0.98 30.60
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2y w15 A
4.5 PEREXTEE K /NG

AR TSN 6] Oy ik AT T ik, I i £
MEIR TN . A 2 EAREMS LR E .
¥ JC S Bl 77 1% B8 65 AE BT A AT 55 v AR A B g
e (H X W AF A LR 27 2] 4T 424 A e 9
% 52 B (No Free Lunch Theorem)™™ , #f 9% # 7
BURRAE [ B T R AT HUE R ph o R IR O ik
FRYEAS T2 19 52 56 ] LA B — 2o ) 2 2598 . X Tk
BB A SCAT 55 e 10 7 DAL 3 25 44 7 2 AR
5 TS BLH TF #f 22 0 F1 PSN; U050 X6 AT 55
B SR AT DL AR A — I 2R L i CLIF
M2 o0 . TEBN B ZE 10 28 07 55 2R A7 32 R, Tl
i FH OSR ik o X F B 5 4l ab B, 724624 >
HrERER 2 RE A . X TIPS
AT S5, i ] LIF #1455 . Sliding PSN 3 TEBN
T E AR IR B BT RO T AE T AT RE N G B 1 O
T fE 15 2% 3 TF i 28 56 il BlockALIF #f 28 5T .
R E 5T S YIS o AR L ) A R O
SpikingJelly H' 3 F CuPy St By #h oo . H 5
Py Torch SZ 814 1848, HL st 8508 5 0 B 5 .
1717 2 ik 45 A5 2500 Wi 25 7 3 AV LR AT 55 A8 Ak L
4i— %516, 19 0 Sliding PSN 7E CIFAR 432811 %5 |
S fi R VR B0 i T LIF #2898 . {578 Genl H A
KM AT 45 ) 5 2 43230 ; TEBN 76 H AR &6 4T %5 -
53 fih 45 A BORRAIG T FLAth 77 v (B A H A AT 55 1 D)
5 HAM AR K.

5 ARIKERSRFHARTE

B BB UL T AR R U T R i L S
IR AELATS AT R 23 DR L A A BF 5 400 J ) R 5 A
R —@ERE L, HATIRE SNNIERERY R T £ 2ok
FREE 5 ) D5 I R ok X — J7 T o 1 PERERY K&
R 55 —J7 Thi A W AT 4R P T ANN R B b AL
1% SNIN AUA Y 2 5 7 20 M 2 3h 2 2 ) B3R A
RUEAE . BEXX—BUR A SCREES 7T OF5E 8k
AN I8 A BIE ST T 16« AE A ST A I T

(1) A=W K RO 2 S SR vk i

AWM 22 2R G TP e B R A 2 A 7 R
ARGty R Z USR] AR YR A R G L
A S R 2 75 2 T A i SR AR el L
3 3 B P o ARG B 2R 2200 G el JRRE T, s T
PASEA 30 2280 A 2 ik B9 — Dl P R oo PRI Rl
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Pk ) ™ H ET & G S (Burst Coding) ™™™
FEASE 2t 545 L 6 FH F- ANN2SNN 7 ik, T 764
BB i D . BT ATTRT LS B
THEW R & B s Rceh 2 gt 58k 910 T SNN A
FRAAE ERAE , —J7 T RE 0% 7843 A T IS8 45 B AR
RIS (8] 25 BRI REFE » 53— 07 ThI o A7 B2 55 i L4 11 AH
AT ST J8E 7 o Jon s B A R B %) T J 3L

(2) phzoTshasad Tk

RSN IOR CEZDIRi. Gl i S I ¥ U RE [ E
Zu AR A T AL, IR B TR &R 2 rhew
() Tzhikevich ™ it 22 JURL R A 25 (19 52 2 #0221 25
T 2 R AT SR . SNN 5 ANN 7 K9 X 51 B 7E F i
2270 ; Wolfgang UEF SNN GBS 52815 ANN A 7] (1
PG RE T . B B b 2 o0 G B AE T ik
P2 TO AT ANN RO sREUTT AN BLA i pil 22
B s He 0738 1 18] BRI 26 45 4 5 & 4+ 1) ph 420t
BASLEE LIS B IR MK LA R R PERE . BLNAF
HAER D st EE P, DL EBR Mg a5 Rl 3k
W, 75 SNN i &2 Ze 2 on AT i 2 8. B3z
PR T B BT B AR L 2 42 i S 80K TF 4
I LIF #2850 45 i J3E T AR 10 ok i bt 22 ST AL AT SR
JETRIE SNN Y E . ASRAEFE AT L% i iod I
T LR , DABE B Rk A sl ik
P2 TT 28, NS BT 52 el 28 3 25 R ik v e
A TTRRY I TR SNN.

(3) PIZE L5 JZ IR A I8 B A5 9k 22 8%

PRAT B9 SNN 2544 5 ANN 2, A0 & HERR 05
BUZFALE R 2215 . X — S5 K R s )
A T A B SRR AR L S A 003 R A A SR R bk o
P g oe Bt . — A B AU Y ) 7 0, B fE R A
SpikFormer”" il Spike-Driven Transformer™ iX ¥
SRR Pk Transformer 288, H H 188 01158
2 Jmy BR T BN IF[R] 20 PN L TGS B BRI R 25 o X —
VOGS W T HAGTREE SNN (1 210 F 15 P 25 4544
0T 28 S AR JE IR R s S Bl 2 L A KA 45 4 A
ARGt I AR R S 9% (] i DX R A XA 235 3
e LR T — A B R AR B2 25 5 AR G0 0 as
I E BAL B — RS F it &, DLt Al AR
HR SRR 22 I 28 404 o B T A R 22 I A 3R X
— PR AR SO E AR v B A A LRI R R P A
BAFTEAREAE Y™, Yin 570 Rao 55 ™7E SNN
FREE I T S L KR O T I 4 RS AR
5 2J BT ARSI Y S S s HUR BRIk bl 280
BN I R AN R F T TSR, M
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Eild 2025 4F

28 ZERE JZ2 R ) Bsf 358 B0 25 1 R AE TR B SNIN A 5 21
PR 33X —[o] EAF A 5T A1 G

(4) T S 2] A o i S 22 1%

ST A5 4% 00 AR B DX 4% B o TR e R R
JFHe 1R 2538 )22 A%, [R] B 3158 0 28 2 5500 T o
ey eE 2] Oy . 7 AR R R A E
R BE L 51 A SNN J5 , i U0k A 2 2 B 0E
STDP 45 2 fish ] ¥8 14 27 ) 5303 W) A 1 BB AIK T i
BT o SR X 8805 Wk AN A MR OC o - 7E RIS
58 5 181 T AT I 35 A= 4 52 3 v & B B 42
B, X LA 5T A B T B AR R 2= 2T ) LR, DR T
R 2B 0T bR s 2R S PR N Oy L B AT
S Je B 1) 27 2 KL, A A L S e R I SR
Pl 22 ST FHT J 2 Ml 9 1% 245 B, S IRIH AR > T
B 10 S RS I 4 v ) 245 R Y S ) A% R R
WA E2E>) . Nabil 2557 Intel Loihi ot B2 |
ST T STDP 1y )y b S 24 2 I H T AU R
S5 I HLRE 08 Ik 22 9 X4 15 T s Wu S0 58 kvl
IAVE A o) Bk 5 R FE R AR L R AT, S B R
TR 27 WL AR /IR A 2 ) (Fp 228 ] MR 2
> 7 T T At R AL TR BRI R R
| Tianjic it 7, 52 25 T 53 filh v 38 M 19 Jmy 0 1 » 4%
AT O 22 [6] 14 30 45 T 4 R B R AR . 28 ik
A ) B RE O R E 2
5506 B AR TT T el KB TR B SNN /Y
220 W) R AT L) 9 2 9 i, 3k —TJE N IX (A5
HRFENIRE

(5) FRAF BB {58 25 R 7 A%

SNN ) Hiriafrig s 2 MBS B R H
IRAG 2 > B 0 22 O T A5 L R B 3 2
Tl PO TS . B e B A AR DG B 5T ]
BN

DAY E 4k (Model Quantization) : GPU i % Fir
25 GB 90 10 A7 1 float32 45 & A% 28 fis . {H ph 22
AT A L3I A B 4940 Loihi™ 2 2 % HF 9
IWRFRR Y SR . A R4 o B AE rh A A
BESNN b 34T T it A I 38 BB A RICR 7, Horp
Wei WA T AL 2] 1 R s A fh B 2 e
¥, 7E CIFAR100. Tiny ImageNet" /45 & 4> v 25 41
BRI A LR3I T3 vERe , B IS B2 SNN
ERERE R .

2) M 2% BT A% (Network Pruning) : #1511 8
A L NAER A PR TCIE A A0 K 22 22 fil Rl sl 48
L BN Loihi 2 22 SCRpAF i 5 [R] ANl 16 MB A%
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fil BEE AN 12 800 Mot . LAY VGG W 4%
5 A7 132. 86 M2 fil &k, iR 2 D float32 45 52
PRI FE %2 531, 44 MB F7fif s [1], M 48 BRI Loihi
MIZEANEE ST X5 fl A 28 T EA T BT R AT DA R
FEARAR TR A/ . H BT SNN 8 87k H AR 0] LU Ry
P2, — 28 208 FH B R B RN ar DL s T
ANN F1 SNN; J5 —Z& ) J& SNN Bl A5 11, 4 4n 3+
2 il AT S B B AR T 3 T 4T R R Y
By R

3) i (4 E P AE P4 (Hardware Non-idealities ) : 4
TR0 A/ HORTIR G T B S B R 2
2508 A, 48] U Neurogrid ™ 45, 32 BR F il /E T
A B E B 4T SNN I AR 7E — & M s L
2 R 578 CPU/GPU L B A E—E £ 5.
H mr A 2 & F 58 & XX — ) 8 iE AT TR R .
Bhattacharjee %6 /& Bl SNN £ 12 17 1 55 PETE 12
FH 2% b2 BibiR s, Jf et AL H BN i g8 ikl
SR M Y D B RN A A8 B 22 5% . Moro
SO 2 A o I R B A T R SRR AL (32 1T 11
A5G A G 0 SR RPN A5 R — 3
Christensen %548 M, 15 11 B A4 8% 0 7 1 R A 2
SR BVTE SR A AL R R Ao e R R
FHARME ) SC IR 12

D[R AN TR SNN A & il
JCEBUEACH 03K 1 Bk s ki, 24~ 210 5 ik
B0 28 A0 F A It 1) 2% 7 A% X5 1 DVS A AL A
Loihi. Speck ™4 5& T 5 25 1 [ S A #2008 2808
AR AER SRR Bk b =f0F B 1 252 57 %
# CPU/GPU Lyl 2 M ph 08 3500 F EHERE
KA 2, JRAFHE AT R E0nT ARSI 2 19 2
S AR 2 BRI . 56 T3 — ) & 1 BF Y
LD, Yao S5V R AR BLD B 2 A K ok BRI
W22 JFAE Speckth i LiEAT T 90 IE. &I 55005 |
BT RE R YL — [ U G, HRTE 2 A4
TAE AT T 240,

PUAT A B AR AR L 3 (o FH AT 55 1 B RN e
WIFEVE A VR FEBR , 00 X B 3 8 1 vl A7 R A
2. [HFREEENE . SNN W HRE1 T
JtAE CPU 85 GPU, 1M J2& % Dy 48 1) i 28 T2 28 A
PRI, A SR AT 28 2 TT AT LR 22 3l 2% SRR 24 5 431)
WNAE A B A7 FIORS BE 0 45 14 S 10t = M BB SNIN Al
25 0 RN X 28 A R A DL AE A2 A P 5 R AR
b 4 B A AE AR B RIS 704325 FE R 4 FEAR
P [R50 BLRN S5 2030 8 1Y) 22 57 R AT 304 - Bl 4 By
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[§] 1511 (Software Hardware Codesign) , $2F+ SNN #
J EAERRERE X — T S R 2 SNN ST &
}i)f,fg '?F E‘ [31.204] .

6 SES5RE

ARG T Fe TR0 R AL N R R ik
R 2 I 22 ) FEVL I o 0 R B A SR HEA T 4
JIFRMA R . AR SCIR BRI T 25 20
B PRFRE T I E 2 R 55
XL T e 2 PERedabr . AR FTCH RErER
FHFNXS L 5L 55 25 5L, BN 2% 2805 1k IR A AT B 9 ek
PET I B AE R .

(1) BEAfih 2 2] Bk 2 0 B B AR L I 25 SNIN (1)
B ABHATETAFRACREIL S 28 sk %4
LRI ATED  ZBE A BT AR I T s i 2
W BT AN EN.

(2) 4t J5 2 AE ANN2SNN HHHF 5T 8 £ L i b
JE R AR R A B AT ot 2 oty I 5, PR AT 5% 4 R
T T 4 N s 2. (H H AT SNN 7E
i [ 25 08 /NS 1 R 2 R B0 B o N 1 T D 6% 1
IS 4] i T 3 5 00 D) 5% 17 B 02 i R 3 — ] A8, DT 52
PR AICHEIR () SNN HEHE . FAAR i 18] 25 800 5 — 1
PO BPTT YR B TF RS2 T R o BRI X i
T A5 AT B TR SNN AU 2RI 4 o

(3) M 22 TT RN ZE Ml AL Ty V30 23 AN AT ok 1l
RIS R A A B, L A 5 — SO LUAE BT B
SRR G0 CLIF #2858 v i Sigmoid i
I RS B I B 5 (448 £l 555 Sliding PSNTH
YER kYA 28 T0 T B kA Ty S A AT AR s AR
A0 G figh ™ T EEAA M  GEUR A R T % L H
TR AR VISR 25 0 2 N A2 #E . DR
A B 5 N B 22 25 R 22 o0 7 GPU LY I3F:
AT B RN I S R e 25 L DA i A5 1)
YIS B S M

(4) 2% gl Ah el i 7 ik B R B T 358 KR s
H Al A — S 35 B [ 91 1 RS il e o 91 G i SC 2 8 1He
11 1 SEW ResNet™ 1 MS ResNet " [t fifi {235 28 ]
. AN, AT SNIN R 28 45 #1533 A S0 AT 8K 4iE
S [ ANN. 17 A= P 28 22 0 v 1 S A 32 4 0] ) 00
il S5 R 1 AT R, 1 RERERE 1Y 4544 T BB 2 5
P0G 2% 3138 FH N T e i) G A Rt — PR R

(5) L7 B8 9 BNT T, TEBN™
ST AT T I 20 B S50 DGOSR AT 8
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JEAN AT AR, FEAN FRSE BRAT 45 B AT BEAN G R I L X — (7]
A ok k. A, HET BN EE % i Hoft 7
b B Rk b AL Transformer 4844 H Fii#E
AE T . 1 ANN P 4598 B 42 & B Transformer 22
P4 LN PERETE 4, MOR SR R AT T 2 R T
LN (A5t 7E SNN H R . AR LN Bk 546
FUZE I X — [ A Tk . oAb, B n] 25 st
Xof Fik e 22 S (R R L 8T 0 NeuNorm ' 28 A1 1
SNN & HITE WAL T7 v

(6) ANN Hf B I ZRE7E T ANNAR & 1 5
T 1R 22 R A AR A T e AL g 6%
WL BPTT M E KN AEIHFE & (H AT HE— DB 5Y .
AT AT LATA A 2 bk e s ] b i) B3R5
Tofs B o DRITT A R BB 9 07 1) T DA SR A TR iR 22
ke Bt 2R ik . T ANN Z8 08 A9 50 ) =
BAFAE RN & SR 2 HLR K R YE 7 i
BT B et . PI2R T IR RR T AT 55 L AR R
FEF ANN A ELAT Bof [] 4 5 1 3 3 0 B 4 28 1) 4%
5% Transformer fff B Il ZR 500/ BEAS fiftHh i — [R] 2L

(D F IR Bl 2] ks A s 31, 0 H wira
FEMRALERI BB B - SEBRPERB RN TR 5 X S8
TR RS M 2 AE AR AR Rk b zs o) . (EAS T W
S S SR B S AT P I e et A B 13K — e, T
T A FE TR A A STy 5K RIVFE A 1) 45 46 R
[ia] A4 B foff ) ok v 2 s el 220 28 ok b i I T A
FEIR S5 B 7 AT SR F A8 5k 5 1 7 3R
Jok it o G fik e B4 7 B AR B O A7 AEAR K R UL
Ao W —E /B s 05 5y =X, R EA %
AR P A 5 A1 R 3 A

(8) Lk > B A AR e SNN i F§ BPTT
YL N AF I AR B2k K () 3, LIS A 7 2 A5 1
PFEHEFT R 2] o ROk B e S A 4R 1
AT » (HX ST 55 28 AN BEAR A M A B, A SR 11
HH AT Z AT XoF I [ R B 7 D9

(9) YL ImE 75 1 v SpikingJelly™* HE 42 i 53 5%
SRA T L A i o L B T AR o
RNN, B A 745 F ko i) — A8 5 4k 5 B 300
PE 5 i g Dk b B R BN — e R BRI T
SNN 6 B FEE » (H A2 BRF TR MERE . HAE MLP
AT TSR B TE T S B S
WA T A R RE A% 7570 A FH SNN BYR¢E | i i F i
TR R AR T8 5 R PN AE I FE 38 8 Kk op R A
KR (R AR 8 S PR T B L ) SNN AR AL T
ANN (AR I AE A S sl 17 8 AN A 2 By B3 S it 38 T
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LS HBE IR B B, AT V)R i ol AT N T
REVIZH AN 1 B PRMER, 1R (A5 SNN A7 FiL L
A A0 8T

SRR TE A Rl 2B R AR il
BT T PR B 2 T SR R R AR SE 2R ) ik
H AT RIBFN Ty 38 2ok A IR EE 2 > ©A I sE
L FOR LR 5 A 2 26 A PR P 28 I 45 f Y
PLES = ST —EES . XFREAR
—JEXL I8, B R T SNN P BE (1) e s 42 71, oA
AL SRE G I | T IR BE 2 2] B [ A i S 491 an AR ok
A PR ERE T AT Z I A eIk B A ROR
TN D0 AT DA A R AR B R0 2 T s AT 55
1 ) 25 e THAT: 55 00 P B SR B o BV 9OE P 358 R
(Catastrophic Forgetting) » i1 A W 48 & F) FH E A
R HAES . AARBMER %
(Transfer Learning) & 77 ; XJ BEHLHL 3 55U, 25 5
$FHL M (Adversarial Attack) 75 S, 1 A2
A U] Jr B L BN A IE A SRR

X SR ph B2 E N TR e & R iy S
D7 s LA SIS 2 B HHR R BB I R G X — S, A
5 R ki 1) 485 46 1) R R A7 J Bk 21 SNIN 27 ) B
2 BT RE W8 Ml DA% GE TR B2 27 ) J7 5 T I A k0
JFHES N T8 RE U0 — I Rk . & A
RE W2, CEA AR EEX — i T
TR, 91 0 3 2o 2 fioh ] 8 000 Bk b b 28 T
V1R 3 (LR 1 R A MR 5 T, B TH R ) R
INFEAR 2 3T 68 7 5 R R B 3% T L 8 A Ak FRL R
( After-hyperpolarizing Current) """’ ¥ 41 fft 28 5T
TR R JR I A 2 ok T S 0 Ay TR /410 o) 7 A
22600 G fih JE IR AT A 32 KA RN L 2l s ) 4%
ILTZRE T AT 55 P RE B S B0 s I B H0 ik ol
o8 GUR SRR EZ WL A ) 182 K R’ S LS il
ot g ve . X R e a2 nsl T,
Fe 0 AT SNN AT A ff 28 21 25 R0 58 fish w98 M #L
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Background
Artificial Neural Networks (ANNs) monopolize the

current Artificial Intelligence (AI) systems for their higher
performance than other computational models. However, the
floating activation and intensive computation of ANNs cause
high energy consumption. Spiking Neural Networks(SNNs),
the third generation of neural network models, are the potential
alternatives of ANNs for up to hundreds of times of power
efficiency. Modules in SNNs communicate by asynchronous
spikes as the human brain, which introduces sparse activations,
event-driven computations, and low power consumption.
However, there is still a huge performance gap between
SNNs and ANNs, which restricts the practical values of
SNNs.

firing mechanisms make it challenging to design learning

Complex temporal dynamics and non-differentiable

methods for SNNs. Traditional bio—inspired learning methods
such as the Hebbian rule and the Spike Timing Dependent
Plasticity rule are unsupervised algorithms and can only solve
simple learning tasks such as classifying the MNIST dataset.
Primitive supervised learning methods including SpikeProp,
Tempotron, and ReSuMe are limited to train SNNs with a
single layer or single spike. Recently, deep learning methods
have been introduced into SNNs and overwhelmed previous
algorithms, growing into the booming spiking deep learning
research community.
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methods are two mainstream methods in spiking deep learning.
The former is based on rate coding and approximates the
activations in ANNs by firing rates in SNNs. However, it
requires the SNNs to run many time steps and causes high
energy consumption and long latency. It cannot solve temporal
tasks because the time dimension is already occupied to
represent rates. On the contrary, the surrogate learning
methods are more flexible. It re—defines the gradient of the
discrete Heaviside function used in spike generation by that of a
smooth surrogate function and then is capable of training SNNs
directly. It is not based on rate coding and can fully utilize
neural dynamics to process temporal tasks such as classifying
the neuromorphic data. It is not restricted to rate coding and
requires much fewer time steps than the conversion methods.
This survey reviews the latest research advancements of
the surrogate learning methods in spiking deep learning. The
basic concepts, components, and benchmarks of SNNs are first
introduced. Then learning methods are systemically divided
into different categories and illustrated. A comprehensive
experiment is conducted to compare these methods fairly. The
advantages and shortcomings of each category are then
presented. Lastly, the future research directions are discussed.
This work is partially supported by the National Natural
Science Foundation of China under contracts No. 62425101,
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