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Abstract Neuromorphic computing is an emerging research area inspired by the structure and function of
biological neural systems and 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 biological neural systems, SNNs are regarded as the third generation of
neural network models with binary communication, sparse activation, event-driven computations, and
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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 (ANNSs) for addressing the significant energy demands of current ANN-based Artificial Intelligence
(Al) 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 ANNSs, 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 attracts 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 is 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: (i) the basic learning methods; (ii) encoding
methods; (iii) neuron and synapse model modifications; (iv) network structure designs; (v) normalization
methods; (vi) ANN-auxiliary training methods; (vii) event-driven learning methods; (viii) online learning
methods; (ix) 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 suggested research directions to solve the corresponding shortcomings. While the technical
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 Machine
Learning—with the influence of neuroscience diminished, this article suggests that brain-inspired algorithms
could represent a significant breakthrough and should be emphasized in future research, which may pioneer a
research path distinct from traditional deep learning approaches.
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FE ) BERE, ki FE AN VT C BOBE FE Y S )il Che
SEIBOLREAN [a] A R e S BE I RN {8 Softmax TR
A, MHEE R Argmax 3£, M SEEL R o
SRR
3.2 HwiEHFN

2 % (Neural Coding)iz $8 44 o i #i15
BN BATES), aRt il —A E 2
FUI . FERKIR B2 20, 1% e A4 g e
FH Bkt R R R n (5 B, B 7015 e 5 Ao 4] 5 3 ik
MR NGt ke, BLAZ SNING PR G 4T s FH ik
MUEIEE R . WRALRE, b7 UnT 43 k.
# A 4 1 (Rate  Coding) 1 I [H] 2 i% (Temporal
Coding), i3 58 FH ik i ) & TBO 26 3 7 BUME 1) K
/AN, T i T 3 S ke R T 2 R AE S

W OLETEUE . PRSI B S A s AR A e
MR, 5 SNN BRI K AR, B
FENPEH T 2 M A gt 77 g X — a8, 1
FA % fi% (Poisson Coding) & 4R gmhth (A RN T51% .
XTI x e (0,1) , FrAERIVARA GnbS A B BT &
SR FEE A X BRI 23 A R, T T A ) S 3 ) P
AT [E) 25w ik i R JSORE 26359 x i I o A A
VAR i R 7E S A A VAR SNIN AJF 77 rhr (818214t 2 fdi Y

ENF 1) &t AL 7 X T 3 gk o %) R TR 20 5K 3R
£ B, 1 & Mk g% 9 (Time-To-First-Spike
Coding) 83841 H. o [y ML RUARER o B ik Jik v G G a1
RO R, RSB BRI, AN x e (0,1) B
i R LR A TR 2], B

Lt=t,,
Stt] ={0 t=t (16)
t, = Round((T —1) - (1 x)), (17)

Herb Round Jy U< TN HIEALBREL, T J9it A2 4L

TR G i 0 T 5 A B0 N AR HE ik A ke,
W L A T 4R 1 7 A I ) 20 4 R SR AR e 45
R, HmEEPEEE . iR E . PERER; ik bk
Mhgwts KRR RO AN KR, HX(@7)H 8 Round pRi
Bk 7T —EE R, SEhrtkReth/E.  HuT24
e VE REIAR B SNINISO-521S R Y 43 A\ G i 189177 =X
MRS ANRFHSKE . M SNN FEIBATT IR,
MRZTEH AR R EE T KSR ANTI . 1%
BINTTAR, SR AU S o B B K )
G S B B AN Rl Z AR A T E TR EAT
AT DA AT 22 2] g #3162, Rathi 551851 S 56 45
REW], REEEMAMBEEEIIANTEFRT
H, ABMECT WA gAY, 207 VR I TE] 25 BRI
BREAIG, T e 2 X 4% (1) REAE A A FH VAR A S A

44K 240 ANN2SNN 75 48 S0 4%, SNN
P 8 3 o Jk e ) AT 3 e R B 4T I ANN H
RelLU (IGEAE: BtAh, EIKNKhSfdeseel, ARfL
%t (Phase Coding)Bl i il 4w A (Radix Coding)e]
SRR T I TR) G 0 7 SN B e th o T e 2
TEBNGRRE SNN H, BEREEBARIERAL 7R
KIuim B YIZREE ), BRI IC T T3 vt /2% P 6
Mgt 77 e WEFRRIME, FHEEEAIENZRH T
SNN  JIr 75 B I 18] 22 Bt 0t /0 - e 4 k45 21 1
SNN, RCRESF. HEARERLINZRE SNN )
g7, AR —MERREN T, AT
Bl Li SRS BE T B AGE I ZRA) SNN AT
S5 ANN BEAT 7 AHAME 34, K3 SNN FUHFIES
ANN EA 15 BEAR B, I (8] 48 B FF RS (oK 2 i 4h
6 Hu S22 171 8 AN [7] i [a] A2 P 6 B2 AH A
PR A DL ERFFER B IA IR EE SNN Y
it 7 AT RE BN AR bt . 7R E 4R I,
IR AT BN GwES . 4lHT5 SNN, H 518
R W6 3 FH IR 8] e i N\ B 7 A S IZE 42 1K) SNING
3.3 & LRI B

TR B Jik i 4 28 D) 8% 11 2 L 21 2 4 8 6 AT 58
fiikt, PRI LE R A B LR, R OR &
WO AT, S T 2 Bl B e 2 TR K i
BRI DAFETE SNN PERE .

R MHAEEA T E A — 2
PLIF ## £ JG (Parametric Leaky Integrate-and-Fire
Neuron)f& 7621, Hops LIF 20 7e (1 RIS 18] 3 $ o
NI RE AT, BNHESEN:

Ht1=V[t-1]+k(@) (~(V[t —1] - Vi) + X[t]),  (18)
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Forb RS ) R B K, B M E SN
rr=k(@), afu¥ISH. k()e(0,1) &FRME
BREL Bk 7, > 1 LAB7 IERR e I A 78 B O
7E 52 AR H X k (@) = Sigmoid(a) . PLIF #1485 el
HWNEBERA-N¥%I58a, MZEME
TG P JR B ) A0 R 0, BE KR B kb T 24
B, N5 A SR A AT N X AR 22 T s A
X—HER A MAFRME I ZE NS a4 E
ARAEE, GREET M. DA N
TIPS A, G 75 A W 28 A AH 1R 1)
FEES (B £ 7, R TR Ter B, JF 3 I
SR B, [N IRIARE JIA BT N R PLIF
P TEIEE AP T IX — I, JESCBL T S AAE
RS BA %3] . {H PLIF #H&EIZR5E
BES LIF oo s, B nr IE—FS 4
WAYIZREE TS, TAE—MR B L T,

RN RN Z BN A ¥ 2V, GLIF fif
% 71(Gated Leaky Integrate-and-Fire Neuron)[9eI4 1
i, OB et b R PR Tk KA
it Bk s K E E B TS, R

FENAEAMIHEG,, GG, AAHAN:

G,=(1-al-7

exp

))-H[t-1]-(1-a)z;,, (19)

G, == pQA-glth)- XTt], (20)

G,=-r-G,-QA-7)V,

reset !

(21)

Hrba, B,y Al T HEREG 7, Mg, 73

MR RTR BN IR R gft] RoFaE A28 1k
PSR E . GLIF & et T SH L ERH
T3, KA S8R B NIREB0EEE, Hit
WP AR MM 2 ¥ 2408 . GLIF #h&soiiid n]
SOOI, S TR B IR S k. TOIRES
RAMAAIRES T b, EE BN EE RS, Bk
HARRIRIARE ST, HElk T BRHHEE,
ME TG &G, HNGEREGEBRK TR,
MLF 7732:(Multi-Level Firing Method)®4g F £
AR TOR S — A T, N R E oAl
RARRBE, FFr5Hr ket Rit, HRT4AS
THEER A AT, BAEHRMEREDT, (=
PR TCZ A AR R gl A ik, AT RE S LLTE

— SR T E TR M A AT RS A ESE.
LIF #R£ 0 H)IR AT 1T e S B IARA B
W, NFRRIX— B, CLIF #14:75(Complementary
Leaky Integrate-and-Fire Neuron)[ L izt 1 hi%h 75
7 (Complementary Potential)SZFiLi 22 /N 1] 25 ) A2
SE M BEAE 1R
MIt] = Mt —1]- a(ri Ht])+S[tl, (22

m

VI =H[]-St- (Vy +o(M[D),  (23)

Hr M) FRRAN AL, o(..) /& Sigmoid i R
. ARNEYFR M FIFEFISRE, HEFEES
JE R IR S ORAR BE AR S, FRAEMR S TRk, B
JES AL IR () R 38, SO T S AL ERR
AR(I)ETHREEMG)NBT 1B, FIANT M[t]
{345 L AT i 1 3 I R B, o v e AR ) R T
Fo R PLIF #Z7eM GLIF M4 e & 5h 75 46
f#F T Sigmoid R, HiZEREH TR
28, HEHEINAE G 2 W E, Mo
HATFEIH, 1M CLIF #iZ o= (22) M= (23)
Sigmoid BRI IH N B WA T B ), A RETEEEE
i 2:B%. Sigmoid PREEJRIFRECTE, ARk
CLIF #hZ o iy (R SEIRARAT

feg 4 e B N HFATIHE, Afe s A GPU
R RUSE AT TS RE T, R IRE SNN I ZRiE
FEEER — A EEFERK . PSN (Parallel Spiking
Neurons)[& 5 AN HAT Bk & o Y, H Rk
H T4% G0 5 AT Bk i 28 TG TE A RO v 1) — Bt
ZIP s BB R RN [B] 25 AR R A vl DL S R IEAR
WA BIEATAR . SZUEIL S )A &, Fang %R T4
Gk e EE LR, RN T REZH S
JCIM &, H[t] v LARE N X[ R4 G, LA
UEFEH T PSN B, HAREZIASN:

H=WX, WeR"™ XeR™, (24)

S=@(H-B), BeR",Se{0,3"™", (25)

Hrp X BREINFS, WRA2ESE, HZBE
B, BER[2EJBME, S ANk, NZ#HEic
B, TR ESE . PSN FEELA7 A AR R 5
AR ZINE R, MfE—seprfEsd, ARER
ANATLE 2 R IREL, N IX— A, Fang SR H
Masked PSN, ot =X (24) 4 F 0 A% 28 48 b # A
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R BohE TS KESHESHMERE

W& TTBEEE CIFAR10 CIFAR100 ImageNet DVS Gesture CIFAR10-DVS
PLIF 8193.50 20|97.57 2074.80
2]94.44 2|75.48
46752
GLIF 49485 417705 16]78.10
669.09
6]95.03 6]77.35
MLF 49425 4097.29 10170.36
496.01 4179.69
CLIF 6]96.45 6|80.58
8]96.69 8180.89
4182.30
PSN ik 4]95.32 47054 885.30
10 85.90

FUASE AL 465 ¢ I 0 7E 0 SR BT kAN N R A R
HIt], BEAEE8:
H =W-M)X, WeR™ M, eR™ X cR™, (26)

H M, 3 SON:

1 j<i<j+k-1
0, HAh i

PSN #1 Masked PSN AL B 251 52 38 1 %I 1, #fE
PALALEEAR K 751 . Fang S0 3E 17 Masked PSN (1)
B BB R I3 =, M52 Sliding PSN, 44

M, [i][1] ={ (27)

H[t]:_kiwi-X[t—kuﬂ], (28)
S[t]=O(H[t]-V,,), (29)

Hw =W, W,...W_]eR" &R E, 45
j<O0Bf X[j]=0, V, &% B{E. PSN.
Masked PSN. Sliding PSN ZiFx A PSN ik, %
TG H AT TG, PSN KR FHELER, AL
A5 FH AT B B i B R R v sk S LA, 7 L
FERMEEERRETE s i BB E BB it S &
TCHEE T T /R BHRBE IR OC R, KA 1Y)
BE /1S BI85 . PSN S i KM BLEIE T B N M
Ir#on, THREMFEZ TR, HEEE N AEH
FES M.

55 PSN FAT A0 1 LB AL B F08 B HE BE AL I
AT Wk A 28 7e108), FL A 38 ok 20 e B Rk i S LA
PIEARSK AR, AR A2 RO 2 B33 A Heaviside
B BR R, T R M R e . BT 5

FER B2 b I R S R, T D s ) A B 2
REHTE Lo

AMOS (At Most One Spike)f# 4 70 R BERE AN
eI AN ik, AR T AN AT AT R ) £ AL A 2
T, S BB A BB R T AR B IR DA
AMOS i 28 Jo il W 5 Ik Bk b g S 45 A T
ANN2SNN 77861, - DLEA kR i ) A TR0 21k
ForfER. TME SNN EHIIZGEZES, AMOS
FHZE TOIY R 8 f 5T LG 2 F 4 8 SNN A7
Wi B2 3] 530 SpikePropl®l, Mostafa 25071 VK
AMOS #1Z 76 TR SNN, EYIZR 5 B T
Z Al Mostafal®8lf{) 777%, 2 Z IR 3 R A2 ok i R i
20, A& BT N A bR b A O 2 R R R (5
JG) RERAEEBHIE, (HHE N 2 S0 5 8 R TR 2
Hep Fua ;, SRR . Kheradpisheh SB35 H
'] SANN (Single-Spike Supervised Spiking Neural
Network) th{i H§ AMOS #2875, {H )z [al4% 3% ) 2
ik AL, ki A TS 220 U A o ot 13 i A =X
RN E BB, AR EF AT, MET
Mostafa S5O 777558 4 2 RIEFEFEAS, 5 150,
HAESMEREE L. BRI S, AMOS #H2 Tolik b4
HAOPMAEEEMN, EFARELT RN, 5
M TTITEREA B BURE R

K 2 X AN B ER o 4 e kAT AR,
TEWHUR R 7Aool TAEZ RIS S R &£
1 R4 1 Bk e 2 o lese it Fu e 2 N B 4k
(RIS (D HO Ay SRR, B “ DR IERR” 1P
R, BUAERE, MEMAZEZARERIRIT
M TTHIFRISRE AR B 5E PRI 2% BT 551t e
Wt — BRI, (HXEE M FEOHEACH N
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P20

‘/\ b7 it
LIF#ZE 70

RARA SR, AR
i WER 7

GLIF#ZE G
[SHINANE 5 WP’]Q S PN

Masked PSN

AR AL RIS

K 2 oot TARZ R R

AN ZRIE LR FRAG,  TRRZ TT AT A AT R X
— R RIE AT . TR BRI, AMOS M T
7% H MRS TEREE BUI, JF HE AL MNIST
R AR SR PRI PR RE, DRI PN BIRR 1
HEEAT RS EE

TREZ SNN - HR T A5 F 1R 5% fih A5 2L Je 5 15 R 5
ANN AR A, (5 A — LR 7038 0 SRAdEAT 1 S
AL, SNBSS ER M SER . Fang
SR IOOLE T B T IR 2 10 5% ik B 2y e 22 23 O RE A
RRATIRE TS, A RARE BAT T —E ML,
B TR IR AEICIZAT S 2 S R Ilyass
S5 10OV 1o 8] 20 48 FEE 1 )9 SR G AR R B s ik &
TR, WX SR AR AR IR HEAT A, [R] I A 5%
fil S IR 125 5 B S5, FERHSAESS b LE

X'e]

Yi[t]
(b) Spiking ResNet

(a) ResNet

(c) Spike-Element-Wise
ResNet ResNet

IS HGRIR (AL E TR RE . ([HIX LT VEHRR TS
AR I RN ESR T, 2% (U Rk L B
W AETHABIE, DRI i R B T R BB TR EE SNIN

3.4 EELEMIH

R 24 235 o 5t — L R B 2 5T AT 11 # T
FiJiAl.  ANN SR O 1 2 A I M 4 4544, 5
CATE BT FF R M A ST H s, B
FAT SNN 25| K VERRIBb A &, PR i ok o8 B 2%
> AU I AR S A AL AR R T O W 4 S5 R
ik it o

BB B AL BLETS SNN HF 78 5 fE 0511 25
PR RS R BE S RN 4% . SR, IR E AR
I 2k 22 SR P 17 B 4 2 5 AR 119 07 Xk 3 m 1Y 2%
UL, v ReME LR SEE T o W FL AT AR S
I TR R URTE SNN fif vk Bk o) i, 7% 2
IR T ResNetl, W 3w, AR
P28 W) 2% 45 ¥ R S AT R D (1) — 384 o T Spiking
ResNet #& ResNet [J SNN i A, 55T ANN #%
e SNNMOUFEEAR T AL UF R, et 3(b)
Flioce {HA2, WREHK ResNet (152 45/ H
% SNN (Bl Spiking ResNet), 7EIZ+ JLZRIMN
25 I B L I R AR AH202), R BN B IR (VA TR A 45
THREGRR, HAEEMIIZGERE. Fang 55050
A AR R B2 A 1 A7 BEEAT 43 H, KR Spiking
ResNet 3t LA SEIUAE A8 e 5 151 &6 B2 2R Bk
FERRIE, FIUTE2A 20k SNN DASRECPE B 25
R 3X — A) B, Spike-Element-Wise (SEW)
ResNetBOIg# i, TR ZEHREE M WA 3(c)Fr, H#
ik e 22 TG (1 7 B R e B TR 22 i 2 RiT, SRS (A
—NBICR B R g RSETR IR, Horbg AT

YUt Y![t]
(d) Membrane-based Shortcut

Kl 3 i LI R AR



24 T7 U KPR L SRR R R LA JU SRR 11

P nik. sfeik. BUR G FEfiESE . SEW ResNet
£ ImageNet ¥4 BT TH0IE, SCERZ RIEsL
TR REBE R FE AR E SN, EIRSEIL T SNN A
M5k 2222, FK SNN MUY KEHEZE.
Membrane-based Shortcut (MS) ResNet!1031 & 5 —
REME SR S AR e (R ik ip ik 223 4 07 =, A
B ZE LR S — N KR AR 2 T I N A B JE — A4 BN
R AT IR, A5A WA 3(d) R, SEE T A
Z TR IR ZE S >], [FIFERES R SNN #i
By REHE =,

SEW ResNet 1 MS ResNet #Bfif# ik 1 %% SNN
(AR AL I @, fH [R5 ] & 1 i i . BT &
SEW ResNet 3= ZLAd A 14 BE f i 1R i R Hehk 22
He i NAR G — A~ SN i fikeh, SRR ZE R
i H R S B 2 kv A, R TR OB R B A
P, X ATRETEAR T SNIN A ARLARR M DA KON B F) A
SIS S 3feidi g (L3 MS ResNet JIJ & {8 FH 7%
FE AR W 2% J2 AL 3 A 2 () U, B T
SNN = AEIREEE FIRFE, M DL 8 Sl

£ ResNet FH¥s DA 73 5 /) (Attention) F2 8k
REE TR TP M 2% () 4 R A RE ), NI R T
{55 P RRL104.005] X — 37 7F Spiking ResNet H1[]

FE A 2 . Yao &5 D0SIR 7 OW sk VE R
(Temporal-wise Attention)FL#il, FFHINLETE. =l
MIELESE FHAT )R, IBANH 2 EZEEAL
(Multilayer Perceptron, MLP)ZL i /N RA % Ab B, 5
R ) B AR JE S AN TR N T AT R
Fe. XANFIMENN 2 JZ MLP X285 = s
B, BB A RS B EM . B
R 7 A 071090 By R LRI L T
PR, 25 0R), JEIESE 2 N4 B30, SNN 7E &5 Ff
&R B R E R (A RE, 5
ANN #LE, Zat THAFREhTHERE, 72 SNN o
IR A R AR R 2 15 ) 4% 1 e
FEE— P EAK. Yao 51— R %1 T {f 53541071081 )
Spiking ResNet ], XfiX —RpPEHEAT TIR AT
AN . Spiking ResNet G5 1 1 PR A1 454X 3 b ik
AN, XA LR TS HAE I 1) A ) b i ) F 2L
2, HfHFF SNN Bf “Bf S AR, S35k
ZIN e Rdsge e, ik EE, Spiking ResNet
(I 2 AN ARV IR 22 5] N KB R 75 T AR RRAE L7,
R ISR A A SNN HH R S ko, [
IR IE T RFAE, (R B8 75 45 SR PR R B2 T 11 [ )
B BRAERE. TERR ) SNN [MThAELE D ZEiT 50t

LX) |0 4l
‘ Linear ‘ ‘ Linear ‘ ‘ Linear ‘ ‘ Linear ‘ ‘ Linear ‘ ‘ Linear ‘ ‘ Conv ‘ ‘ Conv ‘
T T
[ev | [ Bv | [ Bn ]| [ BN || BN | [ BN ] IENNEN
ENRENREN ENRENRES
Q[t] K[t] V[t]
| SN B

(a) Spikformer

(b) Spike-Driven Transformer

(c) SpikingResformer

X[t] B 7
X[t] N X nppaq x 1 x diIBKHHERE
‘ Linear ‘ ‘ Linear ‘ ‘ SN ‘ ‘ Linear ‘ ‘ Linear ‘ ® —
[ en | [ By || BN || BN | [ BN |
(&) W EhLmE TR
[ sN | | sN || Linear || sN BN

Q[t] K[t]
5
d N

(d) QKFormer

|
Q’[t]% K'[f] i e

WA A SR A
() iR

4 JRFE SNN = 1 B ER L)
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Fr EARAS B T IR UEBA US4 R I, R E JT SNN
& B IR R (SynSense) [ 57 5 i 48 T 25 G —
8 R SpeckB4JE, SEE 2 ox, £ DVS128
Gesture H#E 4 b, VR IINLHIEET R 9% 14 RER
Ft, [FIRFE TR R 9.5mW FEKZE 3.8mW.

Transformer(1081/& 4k ResNet 2 J& ({1500 11 f% K
I ZE 254, E 3R H DORAELE 2480 37 1 1 BE
febr, A HETN TR ReAE R IR 26 2840 2
—, HAZ O EFE 2 2k B ¥E R 71 (Multi-Head Self
Attention) 117 & 4w A (Positional Encoding)®s. 144t
B AE MM T, BREMETTH S MEHE,
AR ) PR B R AR AE T RIS (B 2 R) o 7 Y 2%
gimfkmib s, S 5RMEEE N —J7 Ak, w7
SEIVERIKE) . TETRVEAR T L. i {E Transformer
H, BRIAAEEE S E AN, BER IV
R A R v R 1) 2 A 28 e Y e A I A i
FE R, HHA LA Softmax KA BT
W R BB SR R SReE, JE A R B AR EUS
B, XSRS DL S SR A TS TR 32 . BEAk,
A7 B w7 B . s SNN ) A RHE
W . B W AR B, H A
Transformer ZEH4 H =i e BEAT SNN BIMIKDIFE, 512
KR 2 ST U AT T2 R . BRI
Spiking Transformerl!5-11714% Transformer H )58 45
N L& LECAR & e, JHREENEER
Bl A — S SR E R RUE R S HE . IX 28
Spiking Transformer 22445555 /2 ANN 5 SNN il
GBI, MELITIERIEH SNN RIFERIR
o ik R BE A ) SIS B AT AT R R B R 4
Spiking Transformer ¥ /7 1 <48 2 Wnfn] Be ikt
FENET, JFRESOX —m@dtr 7 KRESut. B
4 J&7r 1 H AT Spiking Transformer d1 I H &
JIHLH

Zhou ZEBUHE H, H R 7148 F 7 s AR B T v
DA S Softmax U ¥ e i Fa Bz B IAE M A TR
SA ES2EL. A, Zhou ZEBUEH T Spikformer,
15 FH Jhk b 9 93 7= 77 (Spiking Self Attention, SSA)#L
Hil, i 4@ AT . X K R Rl 2 T 9
Q[t], K[t],V[t] e {0, =™, FHorp N IR lb 8K
ING Ny BRTERE S EL. n RIR 3B (Patch) 1%L
. d £ (Embedding) FI4ERE, U] SSA H#I#
W TR 7143 % score

score[t] = SN(Q[tIK[t]V[t]-s), (30)

Horpr s R4 T, SN FoRIkmiZ 702 . SSA 1
PIANERERIES 5 5 88 & DA — AN R RS, T
AR AT DA R SO Bk i 22 T 2 TR BRIAE s A
BT RIATERE T, 78 SSA th Softmax s 25 44
T, AT RURR A n AT d SRk B S T B QIEIK[t]" Bl
KItTTV[t] BABAE 5 255 % min(O(n?d), O(nd?)) «

Yao 5B —BHEH T krPIX3) Transformer
R, HAZ O 2 Bk b SR 3 H 73 & 77 (Spike-Driven
Self Attention, SDSA)HLHI, WKl 4(b)Fin, FHALs:
T SSA M Softmax BuE T, EfEHZE TR
FeiE B AR RIS, RIS 25F% T BRI
A — b4

score[t] = SN(Y(QUIKID) VI, (3L

ety (..) RonifvE 2y Ye(Patch) 4 ER AN . 75 2
R, BT R TR 2 SN(...) e {0, M=,
T FAL V] e {0, N ™=, P K112 0 R TRV AE
F1 7 T #%(Broadcast) il . SDSA it & ¢
JEREICE O(nd) , [RINF 7223 BR T ik, Amififs
HEAN kP BK 5 Transformer HHAY A #s i bk
SpikingResformer 1 Fj 1 XUk i H 13 = I L
#i(Dual Spike Self Attention, DSSA), &1 4(c)F7= .
X B I ALEIAE BT 0K 3 AR e (Dual - Spike
Transformation, DST)&.7>k##: Transformer 111
T R BRI
DST(X,Y: () = Xf (Y) = XYW, (32)

DST.(X,Y; f()=Xf(Y)" = XWTY",  (33)

Har f () 2Y BRI AR, v DL oW & 1

ME . BRZESE. Shi EMBNERT T IXFE T2k

MUK, FF H AT DUH X M E T & Transformer

IR AR MRl . B DST 57, DSSA % [ 4
AR I

AttnMap(X[t]) = SN(DST, (X[t], X[t]; f () -c,), (34)

score[t] = SN(DST(AttnMap(X[t]), X[t]; f () -c,),

(35)

f (X[t]) = BN(Conv, (X[t])), (36)

Hre,c, 45 EF, BN /&#ttIH—1L)Z, Conv, 2
LR R/INFLK N p 9BF.  SpikingResformer
I KIS 2 AR AE T4 B I WL 75 W Rl A it



2 T YRS kR IR LS ST AT T 4R 13

ResNet
¥ i

Spiking ResNet

/\ 00 5 22 4
.......................... s
i IS lu. )
BT

Transformer

Bl 5 873 00 2 S5 H X RIE FE FTBR 2R

fEGE BAR 8K, S SNN S5y THT T 7 3 B ik .

QKFormerl9l 4 H 44 = ff % 7~ , A fiF H
QIt], K[t], FHilid @& AR 4E R IE E, Ha
F R TE & 4(d). QKFormer & 4514 FH token 4% 7T
B RE g T8 T 4 P ) FERD SR AR HUCRFAE -

score[t] = K[t]- SN(3"QIt]), (37)

Hor K[t]-SN(...) FHEI T #E#HLil .  QKFormer it
T FH A 38 4 5 T & 2 A A token 45 2 O HE AL«

score[t] = K'[t]-SN (ZQ'[t]), (38)

Horb Qt] K Tt AR T R 1) Q] K[t] , &id 14
AN AR E A, ] 4(d)FT~. QKFormer H
W RBRYE SR 5B e qerd, AV FERE i,
TE R IHLAI 2 % B A Bk B 30 (1Y) v 1R AL,
HAKE O(nd) .

kAl ) B R LRI R D SE IS, BT
FANASFAEF JE A 1) ResNet 255 AR 200 1 J 4 2%
B4R, 128 A Transformer 2548 224, {H ResNet
H oy Z AN B (Stage) A B4 A () BT RS 21 T AR
B . SpikformerBUF1 Spike-Driven Transformer(524ii
F Compact Convolutional Transformer[1201fy [ £ 42
4. SpikingResformerl81{ii Ff| | 3 BB 2 4544
DUREUAS R R EERIRFIE, FF7E 2 2 MLP Z[al46 A
g & E LR B R &6 %F {E . Spike-driven
Transformer V2(22U%: 1% 1 | Meta Transformer £,
FH T 5k 22 E 2 1) Token 2 2 0 ik v 3K Bl A 1 R

(S2UF1 38 36 24 52 119 MLP 4R 7E MR BER 2 IR, I 2
AN B A P A ik 22 R R IR 2 BT I 7 7 W A S
L AR/ INESZ BT 1) 3% 3 IR @ S AL R G R,
MG 2 MM EBfEH Meta Transformer B,
QKFormer91li 72 {5 FH 4L Swin Transformer[t22Ifx)
A4 54

B 5 JRIR T AR/INTT A 2R IR0 3 I 285 45 4 5t
R ISR R BRRE, HADHH %
w1 Transformer ZE#4ciuidt, HILPHWATH 7 RE
K ResNet FHICHF 7t B 6 X EL T WA
SNN ZE#J7E ImageNet R 1) 7 RIEMZ . ThFE
MBHE . B MS-ResNet &b, oA ]34 2454 it ]
T =45 BRIMEF 224 % 224 (G | 4y HER AT
HEHEL, (H A E 0 FEE AN R 1 1587 288% 288
BUR o e B 5 1, (2 B DL SO3EAT 1 4%
o 6 ML RRE, MEKRELN. BIERIN
HIRISIN, TR SNN BIvERefS 20— P8, 18
ImageNet i #54E I L&A 3 85% 1 1EHf 2, [FITfg
FERSHE WAL, 4 280 [ 25 IE A%
B v EL DA AN S B SR AR A 7 1Al iV R

R A% DI B RIS, A DB 5T
HIRVS T Transformer 1 HABATL ) ik o Ly 250230
2B N A R A A AR IR R &, WA T
BT Rz B A B gmig 2, AR T AE R RS
{8, B TG0 B gD RV S, Tt
T RIS R R AL B AE . Zhou Z1241% fik o
Transformer [FVR& & FAEM AT THETT, $RH Ti&
-+ SNN [ kb % 5K IR & ML (Spiking Experts
Mixture Mechanism, SEMM). iZ#F 715 Hi, ANN
T IRA L F ALK Softmax 15 7% i AL E F1
Top-K , FEM B B 5, FHAEH T SNN F44:
IR SR S A AR BE R . N T R PZ )
i, SEMM BREAER IR B 5K, HAEH
ikt EH A HROG AT s, R R
JIRIE I IA B T AR BeE AR -

BrFahise it Mg sh, WA R EHEM
4% 45 F98 2% (Neural Architecture Search, NAS)HiA
I\ SNN, SEILHE LRI R BT . Na 80250 i
¥ NAS H-F SNN. 1% 57244 FH R X I S ofn g 4% 5
FRAMAL SNN AEZL, N T RS 207 A R 1T
HRA, AER T 8 AL H % FE WL One Shot
Weighting Sharing 75711261271, 5 AT 7E A [R] {1 AE
Db, [FIISHEH T Spike-Aware ik TR,
T I g TR 22 Jik e 4 348 HE SR T SE A B9
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85

80

1)

85

80

2 =75
g g
=] =]
! ! //./‘
65 65
60 60
0 40 60 28 418 68
Th#E (w]) ZH M)
MS-ResNet - Spike-Driven
SEW ResNet (T = 6,6,5) SpikFormer Transformer
oD @ 224 X 224E B4R
——— SpikingResformer ~ —— SPike-Driven ——— QKFormer o
Transformer V2 ¢ 288 x 288F| KPR

K6 5 MLIAE SNN ZU1E ImageNet iR 170 K IEMZ . DhFEM S0

PEEEST, T BRE KA . Kim SFRSHEE R
75 8] SE A0 B AT A M e 4 E e, [ RS T
Sparsity-Aware Hamming Distance (SAHD){E Af&#x
ZPPAl SNN AEZE, I8 16 FH 48R 85 T NAS J7
EH AR B M NGRS AR, $27 7 2 E . Che
SIS R () A 40 3 2 S A0 (Cell) 4852,
REME 2 FH V% P Al T S5 AR 85 F000 00, [ 4 A
PREB NN R ], AR B BE . 107
E UAE AT o P 2 25 A48 2 T S05 TN SN,
B S HORIL RN R G5, $RTT 1 I ZRid B AIAS
. Shen SEMN28TRE ICVE TR AW mT et 42
TR R A FE R TR AL SN o L SRS R R A (]
ALFE SR IERE . AT AN e £ e, DL
2 Y QR LN (T U T 2 B
(Spike-Timing-Dependent Plasticity, STDP)] = 2%
277 AR ZIT G — PR AR SRR B T ol
2, B3 75 ANN HEEITERE. Oy T S AF ek
It 5 TR RSOAS Z [AIRUAET , Yan S5EISORFH [ FRL R A%
NAS 7772, BRI IR HE L £ — AN Jo 73 3
Jok R P v o ZAE AN TR R AN [F) R/ R ST AR AR
B, MRNG— NI BN ERZ, B&RK
TIFE AR RN 6] BAACRE, ML R
RITEAFINGTTHEECR, 5HREZ M Dislr

1) SNN 455 )5 i @ AW &, At 2 5
FET R R S A 7] R

2T SNN W28 5 ) (PR & R, H kR E &
ARIE B N FH T HME B s 1 H bR A AR 5%, 1K —
{14 ¥4 32 ANN2SNN 573 S8, Hig
64T 4438 % {8 mean Average Precision (mAP){E
tEREFEAR, Hor i K mAP@0.5:0.95 FEoRiLi
Intersection over Union (IOU)ERI{E M 0.50 %] 0.95,
L 0.05 b KTt SH T4 mAP; mAP@0.5 K
FZH8 10U 2 0.5 115 H Y mAP.  H 8 s 45t 46
e R A B R B ARk il £ s 55 COCOMSSIRIffi 42
TEAH Genl M 4255 . Lo'ic 5198l L i Dke
B B A1 2514 Spiking DenseNet 361/ Genl
B B0 HARRE AT S5 o AATTRY 32 2058 2 b AE
T, BEAEMAETEEN NCARSEHEE it T4
FAEFS RTINS, K5 H 3 Genl ¥k Eidkir H
PR AT S5 Il 25 . Zhang S5 13817E SEW k22 1% 45
O3 IN 7 — ool 4%, e sk = PenT BLoE AR il HE
S GIE B W, REFAE (A fATiE
FE SNN ()% H Al Sk 2 [R] 3G 00 13 = ik A
BT PSR HU R RFAIE . Su ZF I3 SNN A (1) 5% 22 45
R REAT B, A8 B ORI B SR T SRR ZE B
PR KT 1 AR, 3BT BHE (Concat) 5 1F 52



24 T7 U KPR L SRR R R LA JU SRR 15

IRz, FIFEGRFR 7ol % . Yao &2
FEH Y Spike-Driven Transformer V2 fERT XL EH A
W, ZME AL B RS Bk AT T 500 .
flfiTE S5/ ImageNet FR4E EFIZe, A5 F 2
COCO ##i k4T Hbrtrl gk, HmLAUEH 14>
I 1855 B T AT IR HA AT 7T 592, Fan ZE14010E T
Lo'ic SIS 7y, W I 28 ] 2 4 H PRI AS [R) RS
(PIHRFAE, A8 IAURRAIE 4 35 (Feature Pyramid)i4]
(77 AT RE, RIRBESR T T HERE. 3R 2 i
S 7y DLt ) 0 B 1 e R AT T g R
2 MREERIEIZAT SNN B RRA AT E] 5 BN 14 e

HiEs €0Co Genl
Tk mAP@0.5  mAP@0.5:0.95 mAP@0.5  mAP@O.5:0. 95
Lo’ic &
51 0.19 51 0.19
[135]
Zhang %
4] 0.296
[138]
Su Z5[se 4 | 0.501 5] 0.547 5 | 0.267
Yao %%
1]0.512
[121]
Fan 2

51 0.593 5 | 0.321
[140]

I RIL A — LR ST SNN AL 3 1) B 25 1Y
ME s &S5 E Y e 2B (Graph). Sz
(Point Clouds) 4 , & B 2 4% (Graph
Convolutional Network, GCN). PointNet &5 2244 ) fik
PPRRAKE AR SR . Gu ZEL28VE ) fih i K50 4 7
ghirey, R EEEIRUAGEE, RHIEH LIF #hE okt
Bkl gk 2 LIF #2270 MLP, 2
BRI SNN 454 GCN 5T, Zhu 20129
FEH Ik G A AR 2%, T 4 FH A% g At >R
¥ BERRR B R o ke, H MLP g
—AHBEER LIF #2200, 15 4 A5 028 A SR
£ FRF LR 4 8 GCN B E 4F (1 PERE . Li &5
D2MER] T HiEMRER LIF #hZoc, FREHAT
REAEGE R LIF #& 032 AL H A
[ B 220 %) Rl 5 A, SR I B A8 Ak, 0 43¢ LR b e 0
RAEEMNFER. Guo M43 PointNet H i
O R G LIF #2200 DL ik it PointNet,  Jf:
T HD YNGR 2 00 HEEE LRI 2R T4, RIS id
T VI R BE HLHT 46 4 5 HR AT 1 7 Ok PR IR R 2
SRR MEREE . BARITS, B SNN #E) 2
FoAh R R A (I 2 Sk, 8 B SR EIR B

TEE AR TR AR B AR Y PRI, HL KPR 2001
R PR 13 9 2% L & — e A5 SRR /g, i 32 2
P ik D)0, Ao 5 1 2 ) RSB TR S . BPTT 7
SRR MIIGTTHE, ULAEGI . Ho RS
VEMELATE LA & TR AT BE b S48 ) il

35 IEMLTE

1E AR 7 9% L 46 78 10 28 X 28 A1 Ak 3 v oK B
1, HrhfbEFruE{k (Batch Normalization, BN)SS]
52 SNN HEch) 2 . AT E bk
(Layer Normalization, LN)6125 H Al fr) 1F U 4 7532,
BN EWATHHREZE, HHTUEHEEN B S
GREMA, THHINEIRHEATSZIL, FITE
SNN %3275 bk . & ANN 1 2 i 1E M4k 5 140,
—UeE T SNN FIERME G 2 pide t, Hi 2
BOTiEFT BN BTG DB Bk i 4
TCIIRE BT, EATE R T N IR
%,

NeuNormW41% Tkt B AR E,  1E T Rk
AT, X TREMZIT, BIMEFEAN L
B (i, j) fEFTE IBIE ki R TSGR B 2 A, B (A
AT RS BT 35 R Hp 2 5

Oorm (LIILJ1 = Kaecay * Onorm [t —1[H[1]

1- kdecay & il
+T'Zo[t][c][l]m'

Hofrky, RESEIRER T, CARIMIEAL ORI[CIlj] &
CIHIENL BN (i, J) A HIFHE JUAE t B 2, T
O, LI j1 0002 NeuNorm TEMIMLI, %2 4%i%4
T Z 0% SR ZIE AT 1% 57 5 A0
21 i 5 A PR e S 2 48 i A 2 g AT O T A 1
1T A5, 1401, A — 5 B A W) T R - NeuNorm
IR AT RESKIR T P A T, — X Rk dh AT 1 i [a]
ERITRERE ST, AR T, R TR
AN 2T IR B i ) R TR IR AN s R A K
PRI T 2 (1 % AR G S T SRR, AR
aff — A kP4 T E 25 5. {5 NeuNorm JoiZkfil
G RME, FHESTINESEE, TR —
JE R 5 L2 8 BN K075 HUR .

76 B I TA) 45 52 ) SNIN AP EL 3205 FH 9 4 ANN
HEIE ) BN ZRTRe 5l in @, B FUE A 6 itk
1T TIRFCIFR T 2 Msudt i BN &k, £ 3% H
ATVRFE SNN AR BN S8 55T T B g5 FIxt b,

o o FoRBMEMT; Z5ibE, y. RV

(39)



16 i B P R

20774F

3 REL SN gt BAREN S AR K

Tk t=0 t=1 t=T-1 GRS
M == P)T e+ E - p)Tin/‘[t]
u[0],5°[0] u1,0°[ HT-1,67[T -1 i}
BN ohr =(A=p) o'+ 2 (A=) pol]
7.p
, Hiea =A=plu + pu
H,o
TDBN 6%y = (= p)c? + po’
7.p
, , , Healtl= A= p) 4 [t]+ pult] t=0,1,..., T -1
4[0],0°[0] wll o’ M1 -1,0°T -1 , s ,
BNTT o ultl= QA= p)o*[tl+ po[t], t=01,... T -1
BI01,710] Al 1 AT =-1,/7 -1
, Hea =A=p)u + pu
u,o
TEBN o%a == p)c’ + po’

7 pl[0], £ p[0] 7pI1], Bpll]

yp[T =11, Ap[T -1]

B ENWE, p RonshE R
TFIER) BN £E SNN H I, HlI 2R e 4
AN IR )22 S B 24 ¢ A 20 N BRI ] R0 2

o [t] FFREATARAEAL 5 T 7EAHE BRI U0 FH 2RI )

il EARHEHE AL . HEERNAZ, BN
FE YNGR BE R 17 % 78 )5 80 = 12 B 3 B 07 30K
ERPMEM T Z G TR . CEAR RN ZRATAME AT

EGIRAIN gy, 07, Foh TRk G
HUHL WA VIR BN SEBR EREAT T T K
SRR 0% o JRRAER 3

. BN JZIEE LW E A7 ) 075 A, HACE
A B ml2 By » HBREE NIEER.

JR 4G BN 1X a5 [0k i it &
177 T Re AR . BIE AR BN(Threshold
Dependent Batch Normalization, TDBN)(02If# i T iX
— I, HORE N TERT R 4EE BT RS, BT
R PR A WS AN TT 2, DRI A B 52— AP 5
J&, BN HIGiitE R sl & FH—k, mARZE
JE 46 BN fJ5 0B T Y. TDBN ISR ¥E 5 4k &
T BRI B AHEAR, J FR) i S ABORE L R R 4 T8, DA
BEAEIH SNN- HRFAT 1R RE 25 BB 11 RUBE T SR (1) 5%
M. #EEH] SNN A AS [H] I 2 i B 50 A7 vl e A

FHTA], 3 i 8] Jik & FR v 4k (Batch Normalization
Through Time, BNTT)R4717E 45N 8] 25 A F — A
MAZH BN 2=, BEIE. 7%, GitE. 5%k
HRAFAN A — B RS H . N S E AR
#fE {1t (Temporal Effective Batch Normalization,
TEBN)M8If1) AR & 4T TDBN 1 BNTT Z[f],
HG BN T RHENTT 2, BRI %)
N B R S AR . b S
TEBN H AN [R] I [] 25 (1) 477 55 A8 e A P 2R LT %
MU 7 AR ), HREMmEDT y « g RA—
B, RN AR fS F I U2 BT 2 2] S0 p[t]
Yy o pAEFERAE R R AT e S, 7R
FEHIHZ, BNTT M1 TEBN H& 20 %I 35,
S 5N P H I FE [ E AP AR ) EK, 1X 5 SNN
HSHUN R A RIRHEATRE, FEUNZE AR B
A1 o

SNN F i IEN R B HEEH T EBRZE . fia
JUHT, WAk 2 T B s . FLALEAT IE AL, (EA
BEIAN, Bl Guo SN 4 JufE— 0 1B AL
W AT M EAR AT T 1 RESE T

TEMMAET7 R B AR FH IE A =41, 38 B0 456 IE
DA 353 5 RN A 48 550 2% . Guo S5 ILS0Lf b 28 e B s ik
MR FEIAEE SR B, a5 H
[kt I35 7 iR ZEAE R EE AR R — 5 55, DA
AR Deng SEMSUE AR T2 A% H 5 H
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< L 1
| u;; — o
. TAE 1
l QSL Ts3 T
ANN SNN /2
l ke TSZ i
ANN B SNN 2 ANN%}H‘J‘Q
[ ot fs o B
ANN= SNN 2 St Bk FEF
| L ewte - s ol R
,‘L
C WA D

i A

L opmite

| kit

; —
B 1R

K] 7 P25 ANN SHBOIIZE T (@)L EREE (b) 75187k

P82 XU, ARG AEAS [FII T8)25 _EdkAT P88, DLtk
B AL 40 1) 26 T 38N B TR) 5 1 i T ARSE X
MR, XA TS B 7 SRS I AT 55 ORI
PEREFETE o B8 0 75 R0 AR I SRR A Lt
W ReTEEAR e, DR MZE I 1 fe
ANN U A T#a B EERE R LS A
RO, T L S5 LS200) of et 48 T 25 B0 4 1) 3G i g
ITTIRZE, R, Bek. PR LAAERRiE H
TSI M. B8, B, Wk
R e 2 AR A ré IR FARR A B e,

AEGEH; HE g n] DR RS TS HdE 1
SRR [ 22 36 P v U
3.6 ANNAH BRI R B K

—UBRF T A REER AR, 3B ANN A 7 =X
KNZrmPEREM SNN, EIZL MBIk T
ERCEYING T IEFIHE T 78181 SNN JIIZR 772

ETFHEREMILG S, Wu 55 S8R
Kheradpisheh Z&0154% 1t [ IS AH [ AL ) SNN ¥4
2% K1 ANN 2, DL SNN [y H 78 i 18] B ) R FikE
L ANN [ 305 8, it ANN S A5 IR R IR S
B B I BB A

FAKTTE , Wu SE0SSIGE H —Ff R I S HE S
ZAEZLALHE—A SNN Al — AN AU =R/ A 1

ANN. & 7(a) @R 7 %S B STHESE . (T 14
i SNN- &5 FF FH ar— )2 5 i ik ok 51 ' i HE

G B 1 S e = S S [

ANN JUF] R AT — 2 B ke e ok 2 12 0
1 a' SRATBAK . 72 FAERRR, EFH ANN 1)

Wi {E &' FRE AR ikt ! BBRIE, @i ANN
S [ A 3k THSEAT— R BOR AR B, Ak

WEITEN:
oL oL oL oa
oa ot oa oot (40)
oL oL aat
aw|—l = aa|—l : aw|—1 ! (41)

Horp £ RBRHIR, WS -1ZME. %
J5954E ANN -5 SNN S i 22, 18/ ANN
MIREEEARE SNN RIS AL, EFT T ki R
JCI FEAS T G ) JERT SNIN A 2% FRFs B 15

Kheradpisheh Z&1S4¥cit 7 —Xf i1 IF #4u4l
FCHT SNIN X 28 A T RelLU 40 B8 5041 % ANN R
24, WAL AU . Z MR IF #h ook
PRIl ReLU & uidmt, FH SNN #)%
HIE el ANN B3 H o AN[E T Wu SE0S3I7E i ) 4% 75
I SNIN kb 4504 9 ANN JZ ()% N\ Kheradpisheh
SEUSAFE F (AL FR I 73 7913847 SNN AT ANN. 76 % [1]
FEREIT, ZITEA R BRI ANN B SRR,
MA2% ANN % 245 SNN #ir, MIf7E ANN
HiiH4L SNIN R RIBh FE -

L£=-3Y,In(0}) =~ Y,In(Of), (42)

oL 0L 90, oy
awjli _Z OAZayd a II

-y oL ZaokS oys
— 00; T oyy oW,

Horf, £ RMAGRHRRREL Y, 725 K SEH HARE,
WERFEAH K I, MY, AL, BH0; y; 2R

(43)
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HANN M2 55— 256 d Mot , ol .
OF AARHE ANN R4 A1 SNN 4% I 7E 55 k 4S5
o, Wy 258 L ERIRCE . 1% 0775 SNN [
tH OF F e ANN (1% O, MITI7E ANN FER 2
AL SE T SNN R iR 2 .

FETZEUEM SNN YIZR 775, Xu FEISSIAT Qiu
SEUSSLRI F iR R 18 798, SNIN BB Ay 22 25 W #L
Jii ANN #5882 3 9% 535 AT DATEAR AL (1 ) [i) 25
K EA R R JE SNN 4%

Xu SIS H 1 5 00 S92 P 261 R 2 TR A T
TESEER R RN ZE TP b 7 vk o 81 7 0 R 25 1
HOMZT ANN AR 1) 55 s — J2 0 P 3R IR,
HAR KRS SNN it Q, 5 ELSEARAS e BAK
ZTRPRAE Qp IR U K«

L, = ar® - CrossEntropy(QZ,Qr)
+(]_— a) . CrOSSEntrop)’(Qs ) ytrue)’

Hrbr ZH T FEMES MR ESE, Q) MQ!
SRR R JE— 25 | ML T Z R
BEW, HPEidtnRg WitEARXN
q, =Softmax(Z, /T), o FH-F AUl P b3 2% (1) B 22
FEEE o JETHRRAESREN A R0 iR 2808 UM ANN A5
(1) H ) 2 AR Bk i, LA R MR UL B 22 SNN
()i 5 B SEAR B R Ly, BA S TE] SRR AIE (1)
L2 BEBS R Ly =

Lo = Lage T Leisin» (45)

(44)

’Cdistill = Z(Tu - Si)zl (46)
Ho T R4t g ReLU A 5 LI 4145 2820
2T ANN RS R B JZRHE, S AT 1x1%E
FRJZ VUL TE R/ 5 12748 SNN 1) R ] 2 RFAE
Qiu Z5IS6I I i 28 W 48 MR R SLIR R, 5
FEORHUE ., B Re UM A AH L, B AH R 4L
PRI 20T ANN FERLZE Il k2742 SNIN RS TRS pef R 8 o
Uf o FETIX—RI, HAEH T —H AR FR 2L
HEZE . Wil 7(0)Fi7m, ZHEZLEHBUM ANN AL
HR RS 21 B A M [FR R 42 SNN 2%
A JI0F SE i 8 NSRSl D R N 117 S =31 )
A AR L, ik 2 AR SRR 2T Y R A P 1)
REAE ZRNBAR K Lo VAL SR A AR AR () AT
BT MRS [ 2347 14 logits 28T 2R Logeo =

’Call =a* ’Cce + ﬂ * ’CfeaKD + e * ’ClogKD ' (47)

Fo=T.(F)= BN(Conv(%Zf;)), (48)

Fo=T(R)="F, (49)

Lo =||Fs = Fi i (50)

Lo =72 P'log (%x (51)
sin EXp(p*(i)/ 1)

p, (I)_—Zexp(ps I’ (52)

Hiva . gy REBHIAFEMANERESEH, 7,
HF 43 937~ A SNIN B ZL AT 0T ANN A7 () e
6] ZH54E, BN Al Conv 43l s ik & IE ML E F1 46
FUZ, T, F17, 7% SNN A1 ANN FE8 [FRFE AR 4t
T RN A4, pl Al pe 43527 ANN #1 SNN
TR0, © 2 PS5 BRUZR SNN FIRHE
WS BIRE LA (A], DA GRAFAE 4k B2 ANUT T PR 1) 8 o

SRR INE BRI T SNN HHEAA &
WZRFERT K. ARTERER I S L 7 nife, (R T
ANN 1 SNN A5y [ 22 5, He 2B ARSI BR
JE 4 SHONZH ) SNN P RE A 1) ANN 4L
KREE N, R —RIEFF AR 2. 2
T 2RI SNN I 255 28 % 75 B4 51N ANN
(R4 DA R, YIRAR T 5 rr s R AR
B, HET ANN FfaSPER, gk M4 1
Ao T R HoHE S b B bR A TR B R 0
SNN. W77 7 2 ANN [4#B, 1 ANN AN B
G YERE, Tk AT 55 X — A
ANN % Bl 5002 1 S Y T i 52 R
3.7 EHIRhFEIEE

AT IR B 2 > 77 V4SO 2 R TR0 Jik o A% 3
BERER R, H G R Mg, T 77 2 0
A8 PR 2% ) S FI A 1 o AR DK B 77 v b B s
1 43 ok b T ik R O 20 P A e, T R
(R Afs 2 T 2 7 ik e ) AP V7 12% 38 s 72 ik 2>

TEFAFIRB) 2 2] T, B EEEARARZ 2 ]
A 3 — RN 22 75 1) i L K e A 328 81 TS K e s
(OB R, i A TZZ B FELASE 23 3] ) A N Bk R %o 92 )
G AL . Zhang ZEUSTIEE AR UK B 2% ST 1)
Bt b,k — 2B R Tk o SR 7Y (Spike
Response Model, SRM)#£ o & B A% 3350 2 A4
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Jik iz TR IA EAE L, AN HE S H B R 4801 = )
fE3E A, Zhu ZUSBIET SRM M4 6, HESHT
FAF IR B 5 2 T IEAE B A A TT I N 2% J2 g
P BABA R FIAAR

oL oL
Zaaen samaa

it (i) RACD)
Horh S5 1070 0 R B8 | -1 2 A ke 45 7 R B 2
A, Ferb jATt (8979) 2300 0F L HS | -1 2 Bl A Ao

ZICRIERAN K, GRS | B ATA Bk
IR REZ A % TARE— 208 T A& #ETTiih
tE, ot 7 sk 2 A L R R 2 TR
PEo FEICHEA B, Zhu SEISO3E— DR TT T 102K pR £
XS 7 R S R B 27 2] 7 VR R . % AR
BT AR 1) 451 2% oR B R R FH T I R A DK B
o) J7, FERT Seni I g% ek B H AR A
20 bBh BT 2 AN ke ok i R B 2 RS BRE EE TR
)R, $Et T SRR R . 1 TR AR A
— A A B A R T N R A B A A R
THERE.

H AT 9K 3 (1) 2 > S 720 b T 2 25 B
B, MRRER TE g, EHEMR N R AL
g RS T RS M E S THE S
ffi£3 SNN [ VIR TTRE, RIS
3.8 E&FIHEA

TELR2E 21 J7 16 SNN IR 75 22 2 AN ()20 i3
A7 25 ST 0 B BRI R A A B AN I 1) 2D N I 2R Y
NI, WA BPTT & EAF-M AR PR
Ko ARG I TNE AR HFEREE N OQ) , 1M
BPTT U2 O(T) . [Hlitt, #EZ%: >15d T Bk A2 R
BRI (A B 2 1 55

DECOLLE (Deep Continuous Local Learning)
(16012 % FL AR BE SNN FEZR 2% 21 ik —, HAEXS
B Hbk e S A2 TG, JE I R ) R ke S
FIN— N EIBESRBUR A 2%, I3 T 57 ST M AE
I (] R0 2 8] R . G IFE 265 ) BIE 2
XF BPTT [ Fe B Bh EREAT 704, X JLAEREAN IR 221 1)
oy AT OB, MBCT AU R S B
DECOLLE PEREHE 4.

HTHE R EIEE A S TTRN, WAKE
(Tensor) Z [A] >R, FEAS/N T v AT IS HT AR < B
FORTRE, BRSSO 5 RT3 — 3 AR —HRHE,

XA LIF #2012 )2 SNN, 5T BPTT BI2H
| JZHIRLEW [FRRE N

dc ‘Ti de  av'™t] 8S'[t] dV'[t]

dw' S dv'™t] oS'[t] eVv'[t] dw!

G ode ovtes'y

_zgdv”ﬂq STt V']

L V'l oV'i] aS'Ti-1 ) |oV'[]]
giﬁﬁgkiévm—ﬂ+agﬁ—qawU—ﬂH ow'
(54)
FELR 2 21 7 10 Ay BEAE W 28 18 AT 3 24 17 I [A) 25 t
N, i ae I LTH 5 H 3X(54) 1 50 A0 SR AN 5 A )
Ftl. HETECONEHEELS 2 I7E, K2R
(54) IR B 20 o6 B AR B EAT AT B oL, fSi A5 A
o B AR AR 70 LT AR SR AN, #5F
K, FER— BRI R e S, T8I A R R
AR Z SR A 28 T, R AR s A
I 2V BA E 2 MR 24, EFRAH BPTT. 4
i, Xiao 5614 H i) Online Training Through Time
OTTDMFEELF N ZIEEELRRBLE,
oV'[i e OV N
o [_]1] 0 HAKEE, 4%Wi[_]1] _ 1
o BT BRI E, @RI RE ELE
B, (G4 LI 5 i N g

oL %meinm%m]T
@ _$ oS [t] oV [t] iz 0S'[t] OV'[t]
dW' S| av i as't]
oS'It] oV'[t]

.[z,v%”mj.

7<t,reN

(55)
SE X% 325 (Eligibility Traces)?s & :
E'[t]= AE" [t -]+ S [t], (56)

HAIE N E'T0]=S"[0] - 7EZ & E F3U(55)H 1
D ATST R EACY BT, SR AR

r<t,7eN

t AN SRANIR 752 t I S B o 2 LARE WIS |

TR B S HE T kiR AL Differentiation on

Spike Representation 77721622 [a] ] IEAH G
Spatial Learning Through Time (SLTT)M1631%E4L:
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&”Fﬂ_ooﬁiﬁuEF,ﬁ6®@%ﬁ.
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Sl_l[t]T.

a (asm”ﬂlav“”ﬂ]jJH oS[t] avI[t]
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(57)
DRI SLTT 35 BEORAF 24 BT I (]85 FR ik S [e] R

A SEEAEL S 2 .

7 OTTT Hy3Lft =, Neuronal Dynamics-based
Online Training (NDOT)I641%: 2 P s )44 gt 32k
177 SEAMBUR AL, A E(56) Hh ] - F 48
RLRRZE A, T B B I PR AN

U't] -V, ST
U'ft-11-Vv,S't-1j

ETt]=E""t-1]- +S'[t]. (58)
Zhu 0S5 FEAE SNN 7828 > i N —10AL
file HTELS I BERIEMHARRER, MH
FAER— DT BN fRE 7 ZIER R, 2 TAE
et TS BN FIZME7 4841 Online Spiking
Renormalization (OSR)AH DALRIIE i1l 25 A1 HE R B )5
— AW S E) — B, B 5N T LR R AR A
DARS e I B] 25 2[RI A28 0 R % . OSR 1)1 45
I A TH SRR T

f['[] _ [[t]— pdt] ’ (59)
o’[t]+e¢

N Jo't+e ult]— i
It]=y [I[t] NoGrad[ — . J+ NoGrad{\/;]]+ﬂ,
(60)
ESE AN B, [t 2 R A8 e () N HELIA
[t B G2 [t] o3 Al (8] PISAME R T 2, 4 of 4
B BN 2 WL BMER T Z 51, (1[t] /= BN
A A, T[] = R A e A
NoGrad(...) Wi HAZ 5 R fe k. (EHEELRT,
OSR 47 NMIFI BN 584 —%L.
Hu S22 Sk £ P2 32 HH BRI SNN YR I
TR 5 — A 0, Fod@d szt R I # BPTT
gkt R e — 2 B P A5 BT I 25 1580

B, TR B T T IR R — R4
AR KBRS, FLSRIORR
BLAF. W T R A R, 4T
A T390 BB T 46 PR O(L) 7 B2 1R 2 T
305 BRI, SRR T R PR — I 625 [
SR B — MR HEAMZ T 76 2 o f
F 7 ConvNeXt #itJeltee], JH&aif— 6] 20 (1) 5 215
A B T WA 125 (I 242 B e DL T 2
P 55 i«

RRAE BRAE 2 R, B (4 )
ﬁ&%ﬁﬁﬁ%f%%%ﬁ~ﬁwﬁ%?M%%
20 e st L 2 5 24 R 22 5 B, T
ARSI LI TR P A B 3% LS9
TG SbRAE L. B K5 R, REAE
15 R 25 5 R O 5, SRR
SR, (8 2 S 7 0 D b
i PAESS
3.9 G MEAE

AHEET ANN, SNN ZAME 0 1 B Al 4EfE, 78
AMERTELL 2377 BAAMEH BPTT JikIlZR1
TEOLR,  RZS I SRR A Py A7 #6308 R e i (]
BT I URIEL, #k T B & T ANN [IlZTF
Bo ks SNN- IR s R A8 AT H 6 50
& @, GPU A 9 KM IFAT I RE ST, &%k
SNN L%, HRTCA R SNN Ik 72
HEET GPU 1 SNN IR EHEAT ¥

i 58 Ok o e P B LLOTIPE I ) AR R I, il 2
| H[t]-V,, > B,, & TCMAE TR Z G, H
By, A2 T A S 50, I K R O R B
Esa—[[tt]]ffm’ﬁ 0, TS 75 A4 A 35 18] I [l A 4 1)
THE B RE, S35 184 PyTorch o H 45 O
THEPERHATIGE . FREERKRE B R B A T
WRERE FBE 7, #F GPU LEfgwsnlik 150 {4
W5 )AL % I3 A 85% 1 N A7V #EI /D, (HIL R
FE R B 4B SNN _F HEAT T 92 5LF 56 90F .
SpikingJelly HEZZMAE (L 1 5 Sy FH IR B SNN n
7k, Spikinglelly HEZE BT 45 SCT SNN A& #E 5
XIS, FRIR B PR RE AR 2 AL FRX P A i 5
KRt . EREEBREAT, N aEE
AT DA IS 20 3 RSl (T x N xLL) AN F3IE N
BN, HAPTRFIKE, NEftERN. XFE
RSB EEEERMZ, SpikingJelly HE4L
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BET AR, BN A E4EE RS, B
N B (TN %), AASFHIEANTIREETT
B, IHEARINSREESRRT Y, EBIRS
T xNx.)RFE . BB e 2 T it
YeRg, AEE RS TR AR AT, EE R T
FE G B G B RETH5. XTAIRAS R
2057, SpikingJelly HEZRd F H 7€ LK) CuPyli6e]
Je Uity RS TR I BT B TRD D (IR AR T B 2 )
H/N CUDA W%, HET PyTorch SEELIAH L JCAE
AR £ 4~/ CUDA W%, #4NK CUDA W
IR BEFF /N tH BB TR, fET ORI BE
BEAEIEBER . GEEHATRESZHARSE
i 77, SpikingJelly HEZE AR T Hidth SNN HE
ZRSEIR SNN,  f i ik 11 R ISR R «

Luke Z5U6SIE W 7 — ekt Jik yrfv et 2 7 R B[]
Ga2EK =Wy = W CoX W17 O E 2 P e TP 2
H, TSN 2P Z I E B LR, A
PRI HEAL T B AGER T O B R AR, oK
W7 5 B LR, o keh, X — B PSNIT]
Kk BT RIS FRZ2R T EE, 2 F80h K
HEZTHEREMNEEMWE U E T, PSNEH
REATA A B Tl , 110 12 5 4 UK s Bk b 2B 4742
iE, AUOR AR R0 2 — AN ko, — e R
FERfE T PSN i H E AT B T EUN K TBCR T 0]
e ZITEABT IR T B e, hReA bk,
{EL{)7 B3 2 KR B 4T

4 LREXTHLSEL

I HT AR A TAEEA FZEBI 7 54T 50—
LA, DRITAS B B 1 #5285 2 Bk b AR 1 T
%, fEMFERRE THTERR, S5WEBNTER
5 SpikingJelly HEZLMI BT CuPy J& b ik i) IF
PO LIF #PEE JelE N HE (Baseline) #14&Eyo Al
SR i MOEE SV K] CLIF 142 G181 PSN ST,
TE U Ak 77 i) TEBNIM8], 75 25 2% =] 4k vh )
OSRIL6S], 1| Z5 i 5y Hh e B[] 43 2L 47 35 07 =kt
i) BlockALIF #i£2c0ed | ANN iBhill ik
(1) Tandem 2% ] J7 ¥ATSSURIN B 5 HFAF 75 TRISST, X
SE TR AR PR T I IEARAD, ATDAE B . SRIRAT
K EFERZS CIFARL0 FFF41 CIFARLO (4328,
LN SHD 1B EHIRELI K, MATRER
Gen1B¥ s 2 AER S COCO HdiEn H brtail .
BRI E, Tandem % 3] J7 VA ISSUR1I B 5 4RF1E

ZETRUSSI T ANN,  [RITfTANIE A T)7 %1 CIFARL0
SRS EM AT, NEFHS
CIFAR10 W orfE4s biftiransh. FHFEFEM
FE, IR B AN X 4 68 R Sk 25 0 1
IR LT CA/E R 44 ImageNet Hdade ik
7T APITERE LR, 45 RUNAT K 6 fin. A%
RIEHL T AR I ZRE 7%, B4 SpikingJelly
HESE o il B A AZ SEERI LIF #2200, FR4T ik
22 70 PSNITARI 7] 73 25475 35 77 X% (1) BlockALIF
P22 TR G R0} LE T A AT T IR AR . KT AR
S AR T B B R A VE AR S HUU 2 I 3%
4.1 CIFARE /77 K 1EH &

A SCAE FH Fang SR 0 48 4544, IR %2805 1%
5y 2584 CIFARL0 #1751 CIFARIO (AT RE,
DA ARG 565 % 28 5 v 1 i S B 4 20 R PR RE R T
W T 68 770 B CLIF #PZ2 J0HRT PSN S0 1) I 2%
4b, ANN Hf Bl -8 FL M 28 A IF #PEE T,
He M5 LIF #1245 70, BlockALIF #1850
R 2 BT, RO WREH 1 AR DS
YEA A TCIE R, WA AT IR A
FZHAE, MSZI6 &I 2R RERI ZL R . Xt
T PSN KM%, CIFARL0 43 24F-451% F] PSN,
1M 741 CIFARL0 43254 ] k = 4 [1J Sliding PSN.
8 AT L T &K1 RE -

Kl 8(a) B~ T & KT VEI o RIERR . 0T
A CIFARLO 4338, #HAZhA AT R IF Ff
ZuRIEET LIF #1220, MiJ7 51 CIFARLO 4325
AN NE I LIF M2 IR T . 725
A CIFAR10 20 354F45 F, PSN ThAERS 7 T CLIF ff
Zt, ¥ERT IF M4 06; 1MAE/ 74 CIFARLO 732K
f£% £, CLIF & oA T LIF #& ol il i,
1M Sliding PSN 4 g SRR FE 38k CLIF #4270, %
B PSN X eid i B B e 2 5 4 5 IR BL R B, A
R T KK 2% 2168 7, T CLIF oo in
A0 TS LA TR 1 8 Bl A AT R T % A A T I TR
. TEBN TE P FIMT 55 b AR AH 5 THr 30 9 25 32 T
B, RO A 200 Gort 5 AE S % 1075 5
A, MIETEER BN AR E] T N0 A
HITH THIARES . OSR HVETE CIFARLO 432RAT
% EVEREARE B HoA BPTT K053k, (HAEFS
CIFARL0 73 T4 R 2, RHFHSTE PR
SR P FEE B AT 2, T N84T 5% Hh ARSI e B I
KHEE . BlockALIF #£8 ok Reic 2, M HAET =32
[1))7 %1 CIFARL0 7324155 b 14 RE T B o ™ =, R B
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MIRREE, VERESS TH: T B AR BOIZRM IF #4TT,
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W —w T, LA mie e, HisT
Tandem %% 2] 751, R B2 B ANN [ ETRFEBECR .

Bl 8(b)JE/n T &K IIEMINSREE, LRI
T CuPy JEim I ) IF A LIF #2058 R B b,
3L T SpikingJelly HEZE & CUDA A% K
ERR#. & NEAMOE, PSN FIGMHEE ST
CuPy JE i I [ IF A1 LIF #0225, Xl Rt h T
ZSLI R E T, HEECN 128, MZEIEEN 256,
WAE LS T5 REBOK, PSN R [14% 0 ia S R afe s
38 T N AEHE (Memory-Bound) . I A4 S2 56 K
B, WEALE RN 32, MZ@EEEL 32 B, PAFEL
HE R K KBEAL, M PSN Il gk Ok #
2345samples/s, =T CuPy Jaumlnign) IF #Z 7t
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8

CLIF PSNZ Ik TEBN

J7 i RIS A& CuPy Ji s i #p e e, {H
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OSR 3 [ KM BE % Ja T Hofth 7792, RO AE L7 )
i, R BefE Bl SpikingJelly AE 22 1) &
(Step-By-Step) 1% #, 17 HoAth 5323 ) ] DA FH 3% 2
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BENESR, MOEERE. B 8(C)Exn T &KTT
VR, AR Rk — 8, AR

B 8(d) /R T % R IETE I ZRIT 1) GPU A7 31
FEo MIEMZELENGRI, T EARAERE R &Pt
(1) Hp B AR R DA T I AR 4% o AR B0 7R X 245 45
P JE kI i 1, BRI ] A 5 R A B ) A AE T
et voE MEAE A . i BPTT JIZ5MI SNN, 75 Z (%
TERTA R ZI R AR &, AR ) ik R R EAR
TEE/NIT P )R (a2 &, R OSR ik &K
LR RN A B0 1. Tandem 53k (A I Al A5 4
BT ANN, IR T I A4S, SN A FER 518
L2 ) ik . AT VEFE T BPTT YIlgk, Hp
CLIF#ZITEI N T &AM AN 78 A7 LA K2 Sigmoid ¥
TG PRAL. BIockALIF #1470 B R A BN |
TEBN & ZI #1477 56 A2 e BN 2 B THEEAS R Ji ok
T fis, =FHHEGIN T KREPEAZRRE, KR T
BORBINAEWAE. 2R TTE— T 7 E ANN 1
B, A—JimnI N TESMLR, AR ELE
BRI 7R R L 28 8 1453 2 0T B by [ 25 18
W2, MAFHEREEE PR, HET IF &
JCAT LIF #1270, PSN S I A S NS5 ol
[ASE, KM ANAERES eAE. FEEREW
2, R LIF Ao T IF A uMEsiSE R
F. WA EE L, {HE CuPy Jg b SCEAT X L8
i 47 & H CUDA W% N &AL 2], 1 A 2 i ik
PyTorch ) H 35 ALE, PIMXLeAr &7 CUDA
WAZPAT S8 5 Sk B BRI T, B LA 35 0 N A7
e

Kl 8(e) B T % 27 v 1) 22 fik 4 4F % (Synaptic
Operations), 7F W% S5 RIRfE Ji, 1% 45 A5 3 2 H A
ZICHI R IR RE . PSN SR I S e A B 2. 2%
m TR NEEAER IF 40 LIF #E e, RFH £
PRE B ST RBCEREETE. OSR A
TEBN FIR il E b i m, HEEREMZIHR
EHIRALL 2 J71E, FIEFE CIFARLO HEUS T 4%
i BPTT RNEMIERIZ, 1Mijs & NS T H#HS
CIFARLO0 W E#I 2, Al Re2 EA R SR #2
A ERT RO KIRTT T R A . AR SS
VEJ9FEUER IF RZE TOH LIF #0270 2 Bk i 4
(R BCE AR T 50%, 1 Guo ZEL7ONUPRE AR K& R
T 50%NIE BRHOR, M4 1 REkLT, OSR Al
TEBN RIS HEE— 8. HAh 755 R il A
OB R, (ARAAE—E Z R, fl, LIF #f
LI T IF #E T, RN A A7 1l B AT A PR T

FARPIR IR . Tandem 5 1A% FH Bk A R AL 38615
B TARAEZE TR 2 H AU A ANN 1) ReLU [
PRI B A AR gL R E S, BRI R
FN GO = e BT, BT AR
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SEA HIA R EAR P AL T 2, R
FHAECTAAE F SR BT 558 SR I B i, w]
AR X — 47 1 5 B S A 1 B AR T 1 D 2
HEI) IF #2870 . BlockALIF #1425 E 7 51 CIFARL0
Iy R TRl AE RS, FIEBH EME A
34.62%, = WA S N [A] 44 5 4 2HL R 1) T30 5 21
BRPERE K
4.2 MAERSIEEHIESHD 7> F M &E

ASCAF ALK SHD 1535 8 S 6813k 4T
SEAG, FEAER yass S5EL00NE YA R £ 2544
T BRI, 1% SRR [ 5 B (] (] B R 435k Ak
PR N FAEB, [T %y 88~126.

UG AE R EORAER 4 h. FEIEFER T, %5
P LB MOTERNRDE CIFAR 4R ER R 2
St o AERNFEAER IF #PZEJCHT LIF #h22T0, AT 1AE
mTEHE, MER LRMEESEIEE TS+
U LIF PR BB 47, X AT RERE N 115 &
AR AL S B E RN ZE 7. TEBN ST REEE 4F
) IF METTIEAEA, (HIERRART1E R
IF #2250, W] e A UG BEAR K 7 371 4 A BT
. BlockALIF #Z uPERE et . I Aok 1) S5
R, 2425 Kk BlockALIF #1228 70 1) H & M. 1 MBS ,
HAERE S FRFRIR IF A0 RET, B E3E M BE
IR A 4 T B AEE T RS S HAh Ty
AR IV, R TAENEEUMER) IF #h &0, L2
OSR 771k, WIRERAZAES W [HPHOR, R fEZR
22 )T VEMEE T BPTT A LARM A B R 2k
MAE A ERAE RO, BT P4 A SR B2
Bk, WEEITENENAK.
4.3 Gen1FICOCO B¥ri&iMiE g

A AN IS Gen1 a3 S A A5 1)
COCO ##fdtAT H AR AT ISR, Genl #i¥E
L AN R ) B 37 5 LR, COCO Hida sk
T2 i RS AR AR 5, P &R
 SNN H AR AR SCHE 788 H - % T~ Genl $idfz 4,
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R4 LR LR KM SHD 53 3EF0 Gent . COCO B FREIE S 14 &E

PR\ 5 s IF LIF CLIF Sliding PSN TEBN OSR BlockALIF
SHD 432K IE# % (%) 78.33 66. 98 66. 1 69. 23 74. 54 40.93 82. 36
SHD 4} 28R BRA TS () 0. 0251 0. 0262 0. 0263 0. 0264 0. 0262 0. 0228 0. 0239
NCAR T S50 KIERE (%) 81. 00 91. 69 85. 34 91. 41 90. 96 56. 23 68. 14
Genl Hiniadll mAP@O. 5 0.0013 0. 4399 0. 2388 0. 4781 0.5213 0. 0007 0. 1347
Genl H#7##Jl mAP@O. 5:0. 95 0. 0002 0. 2106 0. 090204 0. 2391 0. 2656 0. 0003 0. 0457
Genl EFRR:IUZRAREES M) 385. 86 296. 33 353.03 293. 53 214.72 305.93 232.69
C0CO B #r# mAP@O. 5 0. 409 0. 397 0. 410 0. 389 0. 408 0. 247 -
COCO H##:ll mAP@O. 5:0. 95 0. 225 0.216 0. 228 0.213 0. 223 0. 120 -
COCO H ARkl 5 g AE %K (G) 363. 79 444. 67 537.37 1004. 68 360. 62 561.75 -

1155, SRJE1E Genl 4L LT H bR IAT 55
FIFIL RN mAP, XTF COCO %idfiases, A
i Su SR H 1) 4= ik i 45 44 (1) Energy-efficient
Membrane-Shortcut (EMS) ResNet-10 Jf E 411 2.
LGSR EORIER 4 . XT Genl 4N
H bRl 455, NCAR FlZrgi R EoR, LIF #i4
JTCRT IF #i&n, WiRT CLIF #£7t. Sliding
PSN. TEBN. OSR #1 BlockALIF #%: o1t e #R 4
%, TERHNZE, B Fan ZLMOIBE, T
ik E T 5% (Ealy Stopping), E4E 5 #1515/
BOAE SR B R AN D MR H I 5 TN R fa 25
H bR AT S5 SRR W6 S 80, R AS S 1143
KIEMER LT L L RE. MEENVERES, ThHhE
HiF A4 TEBN > Sliding PSN > LIF > CLIF >
BlockALIF > IF > OSR, H. IF #f£: 56F1 OSR JL-F-
W, RFNZGEAANE. XT /a8 EH sk
Tk, R E T8 TEBN < BlockALIF <
Sliding PSN < LIF. #{AK%E, TEBN 7E 1%L
HHERDIRET, S e RAMRIERURIE, TTREZ
FLAE A S B 1 1 07 S AR H 30 5 T X 4% 55 B A
PG RE 77: Sliding PSN AT LIF #4142 51 % FiAa &
IF FRZ2 TOANE, PT REAE FAURR  AMERE  RE1
X LA LI 3h A5 FT 8, CLIF #4142 56 A BlockALIF
P TOVEREERIR 22, EATEAE A T S ) R B
FHLE], AT RER BhZALE R L X ERE A 255 OSR
FEAWSL, FTRERIZAT S NP5 B %, R4
5 ) DT RAE SR S8 B BE (RIS DL N MELLN 2R 24
%tF COCO #i#i4:, L mAP@0.5:0.95 1 3 Eifg
¥, PEREHEF & CLIF > IF > TEBN > LIF > Sliding
PSN > OSR; BlockALIF #£ Juill Zhist K12, #E
i 29 N HAh 515 8 i, AN B4 se Il SR el AT
DR T 76 R AR MR R R S sl . Bk E, B

BlockALIF #£ Tl 2k K18 OSR J7ikitkRekiz,
KA MRS RO . SR F S0HE 2
TEBN < IF < LIF < CLIF < OSR < Sliding PSN.  {fi
FRHERZATET, CLIF #P& el 3 T itk fe, iz
SET7E Genl BURAEMEIL, (B /ERE S
T LIF #1£850; TEBN J7 v U A% T4 438 BN
VERFEREN IF PP IeERERS L N R, 1 JLA7E Genl
B AR N R I AT, A Z AT AR SE B R
b BV HHT B fK s Sliding PSN ) 28 fish 4/ B 20 N H:
M7V 2 f5, R 2 bR E B A R R R R
P ATHRCR BN 8, FREFR 12, 78 Genl %
PRI B AR AT S5, ASCEF ) Fan SR
WY 26 25 R NI R0 72, 4 SNN AE A i -+
(Backbone) %, Tkl Sk U A& H ANN 2R, GX
AR ZH A U )75 3 TxET- COCO £
P8 1) B AR M55, A SCHT FH ) Su S50 77 3%,
T S A P A Pk R R AN PR % ARG Y Sk 1)
i SNN sCBl; H¥ABE R PFREm, N
640x640; [T FAERF, 7E COCO ##isE b
file B = T Genl 2l 4R, TRIMTESR 4 HhH
AL 2 G A M,
4.4 iRt g
CA 1 SNN I LR AE M & T2 IR,

ARSI B Py Torch SE3ILI LIF #1242 76 SpikingJelly
HELE il 2 A% SEIRAY LIF 22 o0 3147 ke
22 70 PSNIAI N 8] 73 41475 3577 XN i# (1) Block ALIF
FHZE ORI T 5286, X ELnid M RE . SLIRIAEE N
Intel Core i9-10900X CPU, 64G 7%, Nvidia RTX
2080 Ti GPU; £ usiiE N 40965 73 il AN [F]
T2 TUAE IS E) 2B B T = 2,4,8,16,32, 64 I 34T I 25

CAT A4 R AR FEAIRE B R P8 RORERT; HA
72 EUE 6 [ (0,1) I3 S i A KA B A L7k & . A
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&5 IELIES AN RE

HETF LIF #& e RInE L

T BlockALIF 434K/ LIF #&Rf(ms)
SpikingJelly PSN
2 4 8 16
2 1.03 2.20 0.20 1.44
4 1.48 4.07 0.17 0.38 3.02
8 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

PyTorch SEHLR LIF #£8 ofE A ik, Hpthph
2705 LIF AT 2 LR R(E TR 5. S
e RN, AR EZERIER, Spikingdelly £
PR, fm AT 15 g R, KA
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KR B2 PR TR A A% PR VR B2 48 s PSIN gt s8R L
SpikingJelly 5 k—2%&, S nliki 44 f5I0E, &
BT FHAT I AT AT IR E R E R
BlockALIF #h£2 ol g g g 2, 240l Nk
FE g T LIF #4870, — J7 [ J5 R A e 45 5250
R TR B OONT =64, antbz KIV (a2 507E
REE SNN FRARAMEAT, (HIE 2 A 2 PUKR GRS TR
MR TC A BB A FH A AR AN 5 I R P TT8S o n SRL []
WHE R Luke ZEIONR 2T, U BlockALIF
ZILAATRERT LIF #1420, 55— HJRFEET
BlockALIF #12 u/E A ERBEA [F] 2 R G A &
JUI 2GR T, SIS A T A2 R A5t
BRI A TCHAT IR, JCH IR AE 7 IO i,
BlockALIF #2270 w] LK 4 2 N #8245 HP )
TRIEIATIHE MM IS =i B REE, AMTEE] Luke
S [169 45 | (L G B . SURTTT S, SpikingJelly
X ER AT SO IR RO A, (BI85 T 3471 PSN,
Ja#H R T ARSI M E e nig 7 ) .
4.5 MEEEXTEE MR /a5

ARZENANF 74T 7O R, s 2 A
TRVR AT W . SR E 2N BRI R RE, MWk
TR TTIEREEAE TG A 55 Th AR e i Ve fe, (HIX
WAFE HLAS 5 2] S 44 I e 2 7F 48 € B (No
Free Lunch Theorem)X74, fiff 51 ¥ 75 EARYE B & 755K
HEAT B SR e {8 MRS 7% . AR HR AR 5 1) SR ]
DIMS 2| — 2y B 5510 . X TES B R MR RS, 1
T2 TT A FE A5 A0 ] B AR &) T SEBLE) IF A48T

FTPSN; ansfxt tRe AR mnE =R, 0T L% R
—EYIGEE, {FH CLIF #£75. TEBN B(7%1%
Kok WREBAAZME, WMAH OSR Jik. XT
PP A AR B, FELR 5 ) ikt e R, A& AT
o XTSI EIREM LS, (FH LIF &
JG-~ Sliding PSN % TEBN 3@ % fit 1A BB AF50R, 1
TEENTHEREA G IO AR 2R IF &M
BlockALIF #1428 7t . 40 St 50 3 75 £ g Il Rt 72,
M7 SpikingJelly #3&F CuPy SZIIHIAFZE
g6, H5 PyTorch SEELITHESEMY, HNE SR E
NHRE o I Rl A U B A v A AR AT 45 AR
th, WEg—45, 1 Sliding PSN 7E CIFAR 4
AR i E B AT LIF #igot, {HEE
Genl HARKIIIAESS N5 2 ¥k ; TEBN 78 H braill
1255 b oAb B E B T oA 25, (R ARAT 55
S H Al VA E BE AR R

5 MRS RKMRTE

BB ARSI AR IS T R, G
SR, ABSAT 00 PRI D0 B AN BIF T 48R 1) AL A
o —EREE L, HATRE SNN TEREMIFET %
KBRS S T3k Tk, 31X —J7 TR R R g
KR, 53— Jr AR e AR T ANN K
AL, XS SNN JAT (gps 7 30 FPealds.
AFFAEREAS . XX —PUIR, A4S 1B
W FCRR AN L BRI T 1, B AT A T
KE:

(1) BV RN EEMEmEEIL T L
2 RGP PO BN G 7 R R A 72
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fif 30 AP PN SRR P — A B Ak o PR A H R
R, H R K ga g (Burst Coding) 751761, AH
37 G hy 8914 .22 F T ANN2SNN J53%%, T 7E A% &
R FIER N D . 5 EATTAT DL R T
AW E R e E s 5%, AT SNN A
HIME BRAE, — 5T RE0S 70 43 F) FH I 3845 2. DA F%
IR D BORIBERE, 53— 7 A 82 S kb4 LA
ERUIIREE SR RE AR S N MR (YT

(2) M&TushAE TR IA R4 oo 7
etz 7Loa951 Birfi B (1 22 ot BRI N fei ik, I
AERZITEMAER T P 1zhikevichBI#H 22 70
BRUA M 2 ah . FEERNE, SNN 5
ANN 5 K X BIE T #2270 Wolfgang 1iF B
SNN BEf%52HLE ANN FHIFEIL GRS, HATHTE
b [P 2 2], HOCBREAE T kit 4 JeAEER T ANN
HHOE BREUT A A& AP 23l AS s He SEM7E i 4]
RS SR TshALS A, LM S5E R
W 2% 25 AR R R VE R, ELNAATHFETE D 1847
B, DL EBRRISCIG SRR, 7E SNN H A
HRMETCAHHEZ M. HZRTH S NiE
A BRISEORR, IF #4E0. LIF & ocs
e T A PR i e 22 TO A B AT SR R BE SNIN R BT
o AR FT AT DA R I FEAT o s S Pk
HAM, DB TR &S,
P FLA 5 2 28 2 25 R0 ik b B =K b 8 e s 1Y
IR TR EE SNN.

(3) MBEHREIRKI RSB 20 : DA
SNN iy 5 ANN 1L, A5 HERUE R ZE it AL
JZ BRZEETEE . X — ST A A ()RR T R
BRFAE, 5 25 T8 A A 2 H ke 42 7T 67 5
— AN B T2, BIE &R SpikFormer[Si Al
Spike-Driven Transformerl52 iX ¥ % 55 i3 9 ik o
Transformer 2244, R i HAHZ R RT 5
ANFEE A, TANES R )20 X — 3 B T
T HATREE SNN [2imi i 4 g4, 208 T 4%
SERE R A, BRI E IR IEm. K
oG HP A7 A 1) T A DX B P X R s e e, LRI
BT —AE RGN E ML AL G A
&R — RYIFTH SRR, DA AT A S A
LN 48R o AR R BR ORI 22 IE 4R R I IX — i FE
FEAE ISR, S R H RIS ()4 B A7 AEAH
A FIT8L, Yin 60001 Rao 25179175 SNN 411 T
SOGERE,  ORME BE O3 1 2% ) A 7 2] g
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IR T AR AR AT IR . 42
FE R B B 25 AR TEVR . SNN HH 73 2 FE40,
X — [ EE AR AL A

(4) SRfmTEBM % ] B ARS8 1%
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mifE, [N TFEMNSSHNENE, & MR
207 R AR E R E A B AR ETI A
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T ERAR G 2 2] () B, RN 2% 2 1 A B2 1)
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FEREPE b S BUT HFR B0 S 4 o RaT I 28 il )
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[18217F Intel Loihi it FrB8LESLH 73T STDP 1) 1=
SN A ) R T ARRUN, I BLRR OSSR T 14 35
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SEEMERA, RIX PR G % IR INREA 52 2]
RREL2: ) RIS RS 22 21 DT T AL T A s FE B A%, T
I % B 2 3 Tianjic A5 BT, 5235 T- 5 fuli ] ¥
PRI RERIE, SN RAZ O 2 18] 3845 TF 84 KR
FEREAR. Sl B ) HIERE DA RIS %
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(65) WA EMBEAIERE: SNN 1 HFR
BT WA RMATESTEGH, BIEEIFILE
TR TR B, T R A T PPk bk o
AN o B S SRR A O BRI SR R
(a) 174 &1k (Model Quantization): GPU i % it %
GB 5| BAF, 1] float32 A5/ 158, (HApL
TEATHES R ESEA R, #1140 LoihiBeI 2 £ 374 9
FLRs R IR . & W 7t & AE 25
B SNN _FEAT T 2 Ab Ik B by s 2R es-187], o
Wei 250870 K B AL 3 1 LAF . e A 8L 3] 2 b
¥, 7E CIFAR100. Tiny ImageNet[18814& £ /s rfr 2451
BB 4R HIA R TR RE, R IR B SNN
B E R .
(b) M 4% BT A (Network Pruning): & LA T
FHINGEEERR, LEAENKZL RAAE T,
Bl Loihi 2% A7 25 (B AN 16MB (1) 28 i
BN 12800 ML TC. MHLAE) VGGLL M 4% M
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EH 132.86M HIfRE, W1IRELL float32 HEE Sk
PN 75 22 531.44MB f7i# 73 [A), W25 KU Loihi
(FIZRANRETT o X FAbAI R 22 T0IEAT BYAS AT LA
BEARAER R/ . HAT SNN BT HIR T LA N
PR, —IJ il F By A poR (81041, T D[R] A T
ANN H1SNN: 55— SNN SA 11, itk T
SR fit AT Y I () B AR 10951981 BT 42 T R IR
(1) BY A 7 2 [199.2001 %5

(C)fE {4 AE HH A 1 (Hardware Non-idealities): #&T-4&
0L B R ARV A P B B 17 PEL 28 S e 2 TR A0
Jr, Bl Neurogrid20t%E, 2R F-Hil1E TZAEH &
ek, HIZAT SNN BHEfE— @A, Mg Ry
f£ CPUIGPU LRI RAFAE —E X R. HiTHbE
BIF 538 0 X — v 34T T #8% . Bhattacharjee %5207
RILSNN Z 51217 I8 F & Rz 2z,
R BN BIgeih &Rl S, b A
FLAAE A E B () 22 5. Moro 2120310 23 5o )1 2 it
TEN S RSO AE A8 4T B, S0 o HE B 4K
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TH PR R 2 B, BT RR A HsE
TR R A AR R A S AR P DB AR
(d)FEP AN IREE SNN HiE oo
FHUEC R 0 80 1 sk &Rk, 24N 201 ik
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Loihi. Speck34%55L -5 20 v B SEIL M2 TR A5 S
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T CPUIGPU LRI ZRAnth A0 i EHERER
FEEA 3o A SO (8] 25 B0nT LB 35 (1) 22
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WED, Yao SEBVE I 7E HL5 B 2 AN kiR B
R ZEIEAE Speck (O BHET T RE. WiH RS R
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DA R BB REE, @ AT S M R A B
WINREAE ARG FEAR, 100X B0 1 30 8 i w47 MR A
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BRI, R SR BB 08 AT AT DATE 22 1 2% FE AR A 200,
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P TORN R 26 B0 SR AR AR AR R M 5, A Y
B WEBIR SRR TIN, AR 7842 FE A 1 E
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CHE 7 R S SR
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B AT E AL
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BRI EE S R A B B B ) FRHUZ B Sliding PSNIEY
TER Ko 2k AN D L AN #E: A
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ERD . RSk Transformer 2844 H R4
BT, 1 ANN i 4s 8 24 % W Transformer 22
P A LN PERETE LT, MORSKRIF AT Z RET
LN (12847 SNN SR H . 5461 LN Bk 545
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Bk ki e YE , g I NeuNorml4412
A4 SNN % FHIE W46 772
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Background

Artificial Neural Networks (ANNs) monopolize the
current Artificial Intelligence (Al) 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.
Complex temporal dynamics and non-differentiable firing
mechanisms make it challenging to design learning 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.

The ANN to SNN conversion and surrogate learning
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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 N0.62425101,
N0.62332002, N0.62027804, N0.62088102 and No0.62406322.



