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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
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 SNN.
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 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: (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
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.

Keywords  spiking neural networks; surrogate gradient methods; brain-inspired computing;
neuromorphic computing; spiking deep learning
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FRRERS 5| R BE LR IE . HRIAGE & A1 5
AR BRI 3 A B e KA Ry 1 oK 2 i Ak JBE i e 1)
B, 5] n f# ) Spikinglelly #E 289 ) o(2)=
Sigmoid( 4z ) {#iff max o' (2)=05(0)=1.

SR IRCR SRS e =S rWi ) e AWk Y o
Beo LiSE TR B A AR B A A 5% AR 0L
JEE v R AR EE R R R S A 0 T
THREAR & B 205 1 R T 26 8 J2 Bk v 282
TGo Lian 55" MR HE RS LAV 19 20 A1 Sl A R R A A6
F v ik A A JE AN DC PC slBR B2 T 2k ). Che
SRS [ AR R B S EAE N 25 FH Softmax TR
A o T A B A B Argmax 2645, DT SE 80 ] o2
BHER.
3.2 HmEBAK

#2845 (Neural Coding){Z F 4 28t Wl K15
B AR IS 3 2 s B b 1y — > H 2B
FEIR R o 8k v R B 2 2] v, 3% 0] R 240 £ A 2]
FH R 0 e 51 R 2 s A5 B, WF 9815 R 2 el eI ok
WA A G b Bk v, DL K SNIN P B ane] 5 FH Jok e
i A5 8 . IWERIKRE , gt Jr U] 43 w2 i
4% (Rate Coding) T [A] 45 5% ( Temporal Coding) »
T 5 0 P Pk o ) 28 TEAL 238 3 7 BB RIS S T I
D368 5 ok v 8 S 204 3 A A2

B LI G AL T S A L R B 7 o
BB A6 . 5 SNN R (9 Bk B SUAREF  iF 52 &
IR T 2 Fhi A it )7 A ax —[ad . TP G
fith (Poisson Coding) /& 4 5 gt B4 () AR M Ty vk o X
THIA 2 €(0, 1), bRl r A A g i A A 17 5
JEE SRy o B TETAS 43 A1 %) ik s T 15 1 %) S 3000 )
R ) A5 v ok i A TR 3R 180 R oo ) — 3043 A L. A
Fis G 76 30T ) UR B SNIN 9 Fh 5 A 2 A 1

Fisk ] £ i D0 368 o ok v 4 2 s Bk 2R 3R AR

B 38 Bk i 4 5% ( Time-To-First-Spike Coding) ™
SRR IR o 1k K i g A AT B
R TBOBRRL RN K i A 2 € (0, 1) B 4 J T 1z 1)
T2, B

1,t=¢
Slt]= ’ (16)

L] 0,17#¢
t,/=Round((T—1)+(1—2x)) an

Hrr, Round Ry PU4 A B AL SRS T MRt B] 40

TEIR 2t A% XoF T 0T A/ 0N 1 i A AR fih 2 ik o
Bl ML 2 0 ) e e T A B ) 25 A BB R RS S 25
T DRI () 2540 22 3R w8 R BB AT 5 1T 1 25 Dk o
15y W RB R EAAN ik v, H3X (17) 1 A% Round pR 4
KT —EEE, Lhrtkreth e, HirZ 8t
TREE SNN SRR FH B A A it 2. i
AN EFAS B E F 1 SNN 75 8ia 41 T, WHZ 5 i
AR ER TR AT Eixk AT
T s S AU A A5 Ry R AR Ik i G A S PR
FH B2 i 2 0k o 28 00 2 58 G e AT AT DARRAE
Al 2 3 B 4nfid2e™” . Rathi &0 S2 b 45 20, L
EHEMA GRS ZIAT RS AT
TERA G, 327512 0 B [ 20 BSOR i B R AT: » R1 T e ¢
P 2% (1) BEAE LR T8 FIA A 4

28 R 240 ANN2SNN Jy At A #8 4 i5%  SNN
P08 38 3 Ok e 0 & O R 3 R e i ) ANN rp
ReL. U FIUKTEAEL s BLAb » #7 35 BK b it AR G i
(Phase Coding) "l i il 4 % (Radix Coding) "4
BRIy (W ) ) 2y A i 1 o T AE ST
BRI TR EE SNN H B AR IR A T o R Y
Uity 2 g Y 258 7 PRI TS 75 = s i v 9 28 P93 1) 2
7. MWSEBRRIA 16 BRI 25 A SNN
JI e B B () 25 B 0 T R e 47545 B 1 SNINL 2K
AT . (AER SR SNN S 4fis 77 =X
WAR I — MEAF R R m, AR D Li
SEUX T R AR IR 2R 1 SNN I F] 2548 ANN
BEAT T ARUPE S BT, % 0 SNN AU HRE 5 ANN BoA
e BEARARUYE |, B[R] 24 B2 O AR 4Rt R 2 %1 /ME B s Hu
S T 2 BN R] B[] 25 s 85 A B P AR =
DL AR5 3 BB (AR B SNIN PN 1 2 i 7 =X ]
(LIRSl R I = T ol s Uy S i
FH B HE S A S5 4 RG B SNN, Hg5 6 A 00 18 H s
[F1) 2 B s A\ B8 R S 1t i 422 SNIN
3.3 fREEITANSfb

TR BE Jik v ot 25 0 245 (1) 32 2 41 9 S 4 48 00 R 2%
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fih o PR 5 X0 X 28 PR BEAT A LS o PRI A R B A
GRS AT R 4 T 22 M B 28 TR 2 A
TILLHETE SNNERE .

e A 22 B AN AT 2R ) B R TR A 2 — R
PLIF #f 4 JG (Parametric Leaky Integrate-and-Fire
Neuron) #5741, HOWE LIF i 28 50 (14 B s 1] 3 4K 7,
ZRAITFBCE T 2z ] B T s
Hlt]=VI[t—=1]+ka)(—(V[t—=1]= V,.)+

X[e] (18)
Horr, JBE ) ] B B8 B <, i E S e
7, =k(a)sa BV 2EI S50 R(a)E(0, 1) 2 FRIE R
Bk o, > 1A Ik 2o th 3 A SR IS O, 7F
S5 Al H L A(a )= Sigmoid(a ). PLIF #1128 T8
HWREH—ERA %I S8 a, NZEME
T FEE IS 0] 3 RO 2 0, BE KR B2 s /b 1 2880
S5 A PRSI TR A T AR & il DR 28 e B R A —
FRVERT G s A [F A 200 2 S8 a TR 2R e AR
AT PR T2 oTiy e Bt . DITERBTSE N 108
VRS AR A ) A A I 24 r fE A [] ) B s
[ 7, A8 T 2R TT S B, O H B IR 45
RO, i 0 28 1) e SR BB 1 A i T B 5 PLIF #2850
A4 A e 13X — [R) A, - SEB T 5% fdAS R A e 2
B MEEA:>) . HPLIF Moo e e 5
LIF #f 220 Jc 5 » IR ] LA —Fh 2 B e Al
SRBTy MAE— M B R 22T

it — Y SR 22 B 25 1 2 > JE R L GLIF
£ 70 (Gated Leaky Integrate-and-Fire Neuron) "™ #{
PE A 2 TTXT b — B Z IR S R X A1)
Rt ROk T | e ) E AT 28 A iR
HEE I WTE G, Gy, G, RIRIEAH

Ga:(lia(liz'«rp))'Hl:Zi117(17(1)7.'[[,, (19)
G,=(1—p1—gle]))X[¢] (20)
G,=—7G,—(1—y) Vi 2D

Horba, B,y 435 T2 2T 0T R B 7, Bl 2, 00
R BN I R K g [ 2 | FR B 1) 284k
MY S M E . GLIF Moot i ] 7 283k =4
13, AT 22 ] SRR B g 2 80 A, R Al
JUPAEEIMM 28 1 28000 . GLIF #2203 7 2%
SRR S T HE BRI AN 2 1 S L TOR A A
A RS 5 ik A8 e AR B TR & PRI AR
SRIYFIBRE ST WA TR & AR THE
Gepp 2o, Hl 2Rl A B KT FE.

MLF 77 (Multi-Level Firing Method) "™ 'fifi

ZA Wk b 2 T I — Dl 2o N R 2T
T FHAS [R) B9 I e At 8 ok i 3R AHAS TR 58
TEA BB ph 22T, BAT AR DLS RE T L (EH
2202 1 N R Al AR bk vl T RE S MELAAE —
Y (=R A RN EIE U IEZSY 72709 b BIUY Sl w452/

LIF # 20 AT R il e 2 S B0 M6 2
VA A i R X — ] J3, CLIF #1226 (Complementary
Leaky Integrate-and-Fire Neuron) i iz 34 il #b 72
H1 £ (Complementary Potential ) 5% B 5 22 /4~ i} [] 4
AR SE B HE A% 4 -

M[z]:M[z—1]-5(%H[Z]H—S[t] (22)

VIt]=H[t]=S[t]«(V,+o(M[z])) (23)
Horpr M [ ¢ JFRRHFEHAL o (- ) S Sigmoid #7 PR
. AR QOFRM [¢ 1B H R, H A 5w
5 PR AR P s U R B A S, I AE P 2R T Rk o, D
I FpL A7 B3k ) T B ENE 3, SE BT TR A B B AR
AREHEFHEEN G XBETBER.GIAT
M [ ¢ Jd A B R A5 8 [ 305 0 IR 3 obt f it g sl fIG
M) &R . R4S PLIF #i 20 f GLIF #f 4ot i 48
S AR FH T Sigmoid R, (H 1% pR & 2 T4
e n[ 2 ) S, o AR50 UG 258 P4t
e A AR T Z 5 CLIF f2on iR (22) Al
2 (23) 1 Sigmoid pREL Y i A AR T B Y, AN
AEAE R B £ . Sigmoid bR %K 2 2= By 45 %0154
Al B R CLIF #i e oo i B R R S 3ARAN

gt ot s AT R R 7240 AL GPU
AR BB IHFAT IS RE 7l 2 VR B SNIN I ekt
MRy — A~ HEJFE M . PSN (Parallel Spiking
Neurons) ™" J& B A~ FRAT bk b i 28 oA AR, HL R Ok
I A% G2 B3 A7 Ik b b 28 0 76 A8 R JI0IBK e 114 — B B %)
DAL JE HL 67 1 328 B ) 26 3R AR T LU R 24
KNI . Z NG & Fang % LBR 716450
Jik wp i 28 o0 (1 E B AR L OF R BN TR 2 H 4T
MH - H [ ] LLRIE DA X [ &kl &, U
UEA T PSNBIRL, b 2 825

H=WX, WER"" XER™N  (24)
S=@(H—B), BER",SE€{0,1}"V (25

Horr, XORH AT WA 2 S BUGE , H AR HLAT
BIE AT 2 2] HE , S &4 i ik op N2 e . T
SERFIRIZEH . PSN B HL A (1) A Bl 75 22 21 T A5 15t
Z A B T AE— S S PRAT 55 L R R AR AN T 76 2
AR, M i DX — ] 8, Fang 257 4% ) Masked
PSN, Hx = (24) i ffi FH A AR 3 e, 4l F 4
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555 £ 1 220 7E P QR A~ A KA 1 L [ 2], FLIATE
W
H=(W.-M)X, WER I, M,cR"*T, XER" "V

(26)

Herb M2 Ry
ML = IS g

0, HAbfELL

PSN #il Masked PSN #y A H 34 J2 1 fiof 21 19, X
DI BASK 55 Fang % 3Tl Masked PSN ()
P B BT R =2, AT 45 31 Sliding PSN. HAf

k=1
H[t]1=>WeX[t—kt+1+i] @28
i=0

Slt]=6(H[t]—V,) 29
Hri, w=[wW, W,..., W, JER" J& 7] % 2] #L
HLAEF<OX[j]=0,V, &0 2= B E .
PSN.Masked PSN. Sliding PSN 4 #& Jy PSN % ji% »
AL TAE 58 B AT M 2590 , PSN F G LB A6 %48
AT DA FH A7 8 B0 vy 008 i e R e T R S L A6, 45
TR R B B T 5 4 B A i B R AT 4
PR 22 0 FE T S IR B R AE AR 56 2R, KR 1Y
2O RE M AS B 5E . PSN S i K BRGE7E T
BN S I TT . T B AR T R A R
FEEAESS MG .

5 PSN JFA7 4k 1) JEL 6 S R0 Ay A 52 348 A 455 BB AL
FEAT kb 2870, 30 2o 220 % R bt 5
O 1 32 AR A 8k o ) 2B AN S 4 A
Heaviside B IR BRE , 1M 2 SR HIAE e R e X
FLAARI 7 LR JBOME 3 H S e A7 e A 13 D P
AR B E L.

AMOS (At Most One Spike) # 22 56 H BE B ik
AN 3L — A Ik s R 5 AN BT ] B A 7 325 3 o 22
TG« B/ Bk b R RO B R T R B T AE
AMOS th & oo & 5w ik kb i 45 & 1 T
ANN2ZSNN J5 34, LA™ ik ok iff 1) 22 i B 220
FoRAG B . Mi7E SNN 1 B 25 2, AMOS
P22 50 1 AL 38 i L AT DAGE W B R0 G 28 8 SNN A
WA 2 2] B4k SpikeProp™ . Mostafa 56 1 R
AMOS #1250 T HE SNNLFEI R FIA T
Z T Mostafa ™) 5 ¥ . |2 22 [A14% 356 4 J2 ik b & e it
2], A Bh T4 AR A H Ik b & O 220 B RS (O )R
K FOR AL 1 B E  (HLAf S 220 00 S Ok R B HE
FF Fll T, 52 2% P 8« Kheradpisheh 26 45 Hi A

SANN  (Single-Spike Supervised Spiking Neural
Network) L ] AMOS #1£85T {H )22 Z [l 4% 32 1) &
ok e A K e A2 IR 22 DO A o s Y 3 e e e 5
VE W SE SOBB BE , N - 2T s AT R A AT
Mostafa % 14 75 15 52 2% B2 R MR BE AR, 5 TS BE
HARGPEREHE4F . BRI , AMOS i 22 TT ik i
R B BT A TR R B, 5%
G2 TTHIVEREA B HOR 220

P 2 XA /N A 23 B AR 3 i 22 T HEAT T A
i WA M R 7S T 2 T ek T AR Z MR BR 2 G & .
LGS TS Ik bl 2 ST G BE TETE 2 A i 4
AR BOR AR SRR R R LA AR B IR R R R IE
R BIACRE B w2 sh B IR BT, #
ZIUHYRIBRE IR B4R v , DA T ) 26 O 4 55 M g
PE— B T (H 0 2 S EO TS A 84 m A
I 50 32 1) AR T 22 T8 A A 7 AR DU AT B S X —
) R ) DR AR . 5 BT A s AMOS f 28 528
J7 1 F AT 55 PR BE s B A% L 9 H 32 26 A MNIST
Z TR B AR PN PE RE L I M AT S AR R 1
TR T

CLIF b8 T
RS E . WA . S
it BEMNE_~ |
[
|:.; g s l'i' 3 i

WL AT A7

HhEE L

ah TTPAN

B I

K2 oo TAEZ AR

TR B SNN 7 (i R 114 28 il 55 780 3 5 5 % B
ANN HAHTR]  (HA AT — SRS #0698 il EA T T BEORG
A AR, 51 A BN I I s A5 sk 28 fh 43R . Fang
SENG R P TR 19 2 i B 2k £R 2500 7 R A
A IR ZE M o A A5 5 it AT T — 2 A91E42 , 385
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F®1 BRhHEZTHRESHESHMERR
MZTE\ DVS  CIFAR10—

CIFAR10 CIFAR100 ImageNet
BARSE Gesture DVS
PLIF  8]93.50 20197.57 20| 74.80
2194.44 2]75.48
467.52
GLIF  494.85 4]77.05 1678.10
6169.09
6195.03 6]77.35
MLF  4]94.25 40197.29 10]70.36
4196.01 41]79.69
CLIF 696.45 6]80.58
8196.69 8180.89
482.30
PSN &k 495.32 4170. 54 8185.30
101 85. 90

T A MEAEICNATSS LA RE ). Tlyass S5
I LB R AERE TR A B RS Bl bk b K i o7
B DN 2 ol ZE 3R AT A (] Foffef 752 fph 22 3R
Z: 53 M2 (I 2k, 72 BT 55 1 DLVTE i 2408
ARG e . (R Sy R AR S i &
AR MR B TE o P28 U1 25 B B8 I A T AR
H, PRI 1 A T RBETR B SNN.
3.4 MZKEMEH

) 28 38 P A A — LR TR B o ) U I 1A 5
JrTl e ANN U O A 1 2 i M 28 254 (B BT
FERTTI I R A B ST MR, B T
SNN 255 | A P BEAR Ak 7] 51, A T Bk v B = > 40 3
Y RH B9 32 4 v T A 28 S5 4 Y ik 4k
itk

o B AR 9 H B 5 SNIN A 9% 5 RE W% 11| 245
H AR RUBTAUR B Dk o B AR 2% . SR, DR A T R
A ARSI R T B S B2 1 O =R BE I o 28 K1

X

Conv

BN

RellU

Conv

BN

RelU

- EofiEe

yi[t]
(b)) Spiking ResNet

-
=]
D
[77]
-
il

(c) Spike-Element—Wise

5L, DUV BEXE LA AR SE 4R T BFSE T 10T 4R 2% SR A 2
LT HR2ETE U SNN it Bk n) @, sR2sid 3
L IEF ResNet™, W& 3(a) {7 2 BLARTER B i 22 1)
ZREEHE AN T R —ER 3o T Spiking ResNet /&
ResNet i) SNN A, e 1 T ANNFL 4 SNNH G
S TR ROR A5 & 3 iR . {HE . 4
B 2K ResNet f 5% 22 25 K9 95 FH 2 SNN it CHp
Spiking ResNet) , 7215+ JLJZ 1Y 0 25 i B 1 20 14
REARAE ™, R IR (BRI AR TR 2RI, BATY
R IR 2% . Fang 450 D TE 25 48 6 FRS i
TG FR BESEA 74307+ /2 R Spiking ResNet ¥k L SZ B H
SEAR R oy T | R FE T R B BE R K BRI TC A
UM SNN LLARBUCPE E3E #5 o A i P 3 — [ R
Spike-Element-Wise (SEW) ResNet ™4t , 5% 2=
PR an & 3Ce) iR » FHAE ik np A 22 50 1 o7 5 4
BNBR 22 A RS ] — BT R R B g R
St AR 2E R b g VT LU NG Afe s HUR i Fiafe
4. SEW ResNet 7 ImageNet 0¥ 4E 47 T4
UE » SEG 28 SRS TR RERE TR B e e $89m, B IK
SCPL T SNN HRAYEE 225 ] L IFH SNN MBS R =80
HJ)Z. Membrane-based Shortcut (MS) ResNet" /&
73— Pl RE A% S TE 45 AR 4 1) Ik i ke 22 % O 5L L
WA FR 2P S — A kb 2 T i s A R e fe —
A BN JZ 9% AT I 1 45 AN 3 (D B R » SE B
T TR JZ IR I ER 252 2] L [FIAERE IS K SNN
B KR2HE)Z.

SEW ResNet 1 MS ResNet #f i g 7 % &
SNN R Ak [v) @ A5 [R5 | A& T #r g alet . 24K
M5 » SEW ResNet 3= 22 14 fi 5 b 149 Jin 32 ok i
FE 5% 22 B ) iy A\ RV B i — A1 SN R g i ik o, 30

el X[l -
O O—

¥[t] yi[t]
(d) Membrane-based Shortcut

ResNet ResNet

K3 i UL AR 2E B i
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B 2 ey (0 S s b SRk o 2 A S Al AN R
AR K B, AT BB S T SNIN Y AR A KOG R
F14) B A2 S 3L i 3fe 1 4 19 D0 35 s MIS ResNet I 2 Al
FHER 22 i HEAE W 26 22 22 8] 4% 366 B 25 1 0 (L B
7 SNN 1 5K fy 3 7 09 #¢ 1k M DL AE 2 22 8 i
SEHL.

7E ResNet H1 4 Jin 4 4 (1% 1 2 71 (Attention)
LB B 08 $2 T B 28 4% 1Y) 42 )R L AR T . AT
A R THAT 55 M AR X — M7k 7F Spiking
ResNet FRIFEA R Yao S 1IN BE R )
(Temporal-wise Attention) MLl » H4 %y AFE YL - = Al
WML F AT PR R AR 2 )2 2 )2 B L
(Multilayer Perceptron, MLP) 2 1 %) /)N X 5 4b B,
It4a R B 0380 AR5 5 A (] 2 A A AT A
T . XAEHME A 2 )2 MLP W 2% 53 & 3 & 1A
Yo, BB A R A B R9PE . g Bt e
R T AR R R AL I T e
] 25 ] 3E 1 55 2 4R, SNN 7R 4 FT 55
YERETS B P T, (A1 —FR R 5 ANN A
L, 32 a8 T A IR SRR 78 SNN b3 fin i o
(Y 1 B R 2 (AR R A R 2% (1 BEAE I — 2P
FEAK . Yao &5 1 — R 51 T/ D) Spiking
ResNet A , X1 ixX — Rk 34T T IR AWFFE RN H]
Spiking ResNet i, & 1 1F ¥ F1 45 B Fih BEAS 484
XA AT S 507E B TR) RN 23 ) L i R R 303 (H A
fifi 15 SNN HA “Bf 2 AR 3R 22 12 R
#oRLgE T, S5 ItIE AT, Spiking ResNet Y H 25 A~
ARPEIE 235 | AN K I MR 7S TUARFRAE . T R
PR s A R il SNN Hr g A ik [a] G AR E
FRAIE o DRI RE 6% 70 217 O 1k B4 T 14 ] B i 2 R A1 e
FE. R SNN W IIRETE L St LS i s3]
THRUE Y R K T R ) SNNER B B R
4% (SynSense) (1) 5 5 #ft 22 8 25 B — 08
Speck ™ J& » SEIMELHE s . 7E DVS128 Gesture £
B b TERIHLHIBEAT R 900 M TERESETL | IR IR 24
IIFEHT9. 5 mW FEK % 3. 8 mW.,

Transformer " J& 4k ResNet 22 J& FIHZ M J1 5 K
() X 28 2548 o 1 4t DARAE 7E 221> U0 BT 1 1 R
Fabm, B BTN T e Sk f B A9 I 45 4 2
—, HAZ O ML 45 22k A 1 ) (Multi-Head Self
Attention) IV & 4% (Positional Encoding) % . &
GBI 2 M 28 25k b BR S 200 H iz 5
A B PR is 3 R A AR S A TR B 0] o P 4%
SERNK LIS . 2 SRR AN — 7 R ke, mT LSS

IR 8 TC R AR T . 1 AE Transformer
v BR 2 Ml AN (B R a8 B4, F AL rh e
W afe 1 foft FH ) J2 R 2R DTG R BV E I 43 3 )2 1
SR HLH PR (il Softmax R & 5 X R
BV E R SRS  Jo 2 M Fe AR Elua 5, I ey
PEXELL S EIE TR e sy . eah, A7 & g it
W H T BT AR S SNN ) (ER ST . W
o] fi e b A ) B, A5 204 A Transformer 4244
() 15 P HE RN SNN AR D FE , 51 1 bk o o8 i 2
2] N F E AT Tz 2R . B Y Spiking
Transformer """ Transformer H i35 43 N T4 42
JCECR Bk i 2850, T OR BR v a0 A I PLER] U —
b 5 O S 45 A R R UE AF 55 RS . 3X 46 Spiking
Transformer Z2# 55 52 |- J& ANN 5 SNN El & A9 5+
FETE XE DL EOE & 45 ) SNNARIIFE R L. Rikod
R BE 2% ) S B 0F 58 AT 2 R B R 5 Spiking
Transformer ¥ 77 1) OB 2 Wy B2+ bk o A 3 )
B IF G — Il kAT T R ek . B 4R OR
7 H 7 Spiking Transformer o1 3 i 09 H I & JJ
Gl

Zhou JEVEE Y A TR )8 9 SR R e
DL K Softmax G ¥ K 46 Buia FMEITE M B8
A BB, Rk, Zhou UV T Spikformer . fiff
ik A 1 7 77 (Spiking Self Attention. SSA) /L
il o a0 B4 ) s o R T ik bR 28 o0 Y i
QL:ILK[t], VIe]e{o, 1V, Hot N #oR
b KN 00 TN T T TT KB 0 R 3 B (Patch)
B d Fon it A (Embedding) (945 B , ) SSA #%
WA R I IR 3 1 0 B scorre

score [t ]=SN(Q[¢]K[¢t]"V[t]s) (30
Hor, s 4 7, SN KRR Ik i 2290 )2 . SSA
PP RS 1 2 5 O # 2 DA B — A Bk oh B
1 4463 T3 D51 = W00 T LA A W AT ik bt 28 50 )23 1) B4 5
AR T AR 07 B T 7E SSA R Softmax B 8 25
T AT LAMRE n Al d R ERE I E QL 1K [ 2]
WKLV PLBEARE A 2 min(O(n*d),
O(nd*)).

Yao 5 HE— 5 4 H T ik 3K 8 Transformer
RN, FLAZ O 2 Bk v 3R 20 A 3 & 77 (Spike-Driven
Self Attention, SDSADHLH . 41 F 4(b) ffr7r  HAEL:
T SSA A Softmax 3% B i, HAE FHZE TR
T vk A B 1, I 2Bk 1 AV I HLE Y
IH—AERAE
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X[t] X[t] X[t]
‘ Lin:eal‘ ‘ ‘ Lnloar ‘ | Llriear ‘
ENRERRER
I I I
oo 0 o
ie.;ri't‘E !\T% vt
(a) Spikformer (b) Spike-Driven Transformer (c) SpikingResformer
b
! X(t] NXn, XX difkepHERE
‘ lin:!ar' ‘ ‘ Llnear ‘ l ‘a\ | | I1near | | Linear | ® s
[ | [ HB\ Lo | [ | D
! (®) - swbUmImiE i % ik
‘ SN ‘ | ‘:\ H Lmea] | | | ‘ SN ‘ @
Q] 3 K[t] Q] K1) WAt R A
® é H—1 |
(d) QKFormer l @ A HEIER A
K14 PR SNN iy A TR B

score [ t ]= SN( 2 QIt1K[z])-V[t] 3D

Horpr 7 (e0) F 7R W 4 43 B (Patch) 1 2 B SR A

o TR R BT koo IR W 2 SN(--) e {0,
TP d A V[ 2 Je{ 0, 1PN e i
Mz TC R AR T # (BroadcasO L] . SDSA
BT EREREINE O(nd ), [FIB 22 THBR T
Fe ik . T fifi 7548 ik i3k 2 Transformer H AT #
BN .

SpikingResformer " /fifi ] T XUk #ft 4 7 & J1 4L
il (Dual Spike Self Attention, DSSA) ., 4 [& 4(c) fif

X R AL T OBURK A2 46 (Dual

Spike Transformation. DST) & F 3k # #
Transformer H i 77 s FE PR 1S -

DST(X, Y; f(4))=Xf(Y)=XYW  (32)

DST (X, Y; f()=Xf(Y)"=XW"'Y" (33)

Hrf()s2 Y ERYS Zeth A2 4, a] LUE o i

IR R4 ShiZE SHEM] T X e T2
Jok IR Sl 4 L I EL AT LR X AP 5 46 Transformer
W T R BT o R DST 57, DSSA 42 i
IR E S

AttnMap(X [ 7 ])=SN(DST.(X[z], X[z };

S))ecy) (34)
score[t]:SN(DST(AttnMap(X[Z]),

X[thr@) (35)

F(X[])=BN(Conv,(X[¢]) (36

;H\:EP sCr, AR BN 2 IH— 102 s(JOI’lVPIEJl:
B KN KR p WER . SpikingResformer
= KB Z A TE T B R AL IS b a5 k%
ST, SNN S5RGBT T I T8 L
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]+ SN( ZQ (38)

Hp QLK IARMFREXRMQI¢],K[ ], 4
o TEAN e EEEAE, mE 4D TR
QKFormer H ¥ S B4k SR 5 Z 0 R e ik, Afifi
FHHR RS , e = T AL 4 52 2% B RN Dk b 3K 3l 1)

(37

score [t ]=
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FHE LB R 5 DI 256 % 22 BT T T PERE

B Hr 45K 20 1 27 2] SR i 5T R b T A By
B PERERLAR ARG  (H AR L 1) B 1) A% R AR 21
W LRSS T A IK S s 2B BT L
3 SNN B 5 EINZRpy rTRE . A ) k.
3.8 ‘EZLFIHEE

TEZR 27 2] J7 15 o SNIN X Fp il 22 2 /i [R] 25 2
A7 27 21 T PR AR 2 B AR B i 1] 25 N I 5 ) 5%
Bk e T BPTT 75 24766 K & MPIRES
TR TR Ik NAFHFERLE H o O(1). 1M
BPTT W& O(T). HL, fEZ¥% 2 iE 1 T %2
BR B [P EUR 2 1 55

DECOLLE (Deep Continuous Local Learning) -*
JE i TR EE SNN 7R 2 2] i 2z — A X WUE
BEK e [0 A0 28 G 38 2ok 7E B2 R R KPR BT A
— R EZ AR BSR4 e SEBLT 2 2 B DA E 1 [A]
Az 8] By R Al . HORS A7 Ly ) Bk D2 xof
BPTT (156 B BE AT 53 B o Xk AR 44> B 20 19 2
it AT 0 AR L A B T AR T R AR B
DECOLLEPERET 41

HT TR0 E A A0 AN R IB IR Y W LK
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(Tensor) Z [A] (3K T, FEAS /NSt FRATT el HTRL A4
BRI, M RE S O S FTSC—8. AR —Hi)
dc  Tlode

aviile ] as'[ 4] d\/’[z]:T*1

P, % T8 LIF #2900 £ 2 SNNL 2 T BPTT
B [JE B R WRIRRE N
dc AV ] 9S'[ ¢ ]

dW'  “dviii[s] as'[z] avi[¢]

AW A aviii/] esTe] aviel

(54)

. av'[i]
S
j=0|ielj+1,1],ieN

av'li—1]

PELR 57 2] 5 150 i BRAE W 453847 2 2 i 8] 25 7
B R AT LR 2K (5 Hy S e MR AT P A 56
13, J TN e B AE L 2] Tk RZ X (54)
HR R P8 A B 7 A TR AR B 0L AT R
PR FREAS IR0 i T L RO s 456 kL FE 5
— 2 BT 1] A 40 56 U » 3 i 2 1) 4% 47 BRIV RT 35 1
RN 5 T I 208 JEE 2 A Ik 220 f)

av'[i] as{i——lJ) av'[ j]

oS'[i—1]aV'][i—1] owW!
JEZ HOR BB S8, T - BPTT. 40, Xiao
U 2 M Online Training Through Time
(OTTT) M F LNy - 20 5 T rB6 L Al

VL] V(]

REE. RETF LR E WS BRI R A ESE
HEREE , OGO P UL R an g

=1

ac asf[z]/wlavﬂl[t]aS{f])T ''''''
de S\ oS [e]avele], =5, aS[¢] avi[¢] ( gl )T
dc . pL rS/ l[‘[] (55)
dWl ; aV/+l[[] asl[tJ rs/;ew

as'[¢] av'[t]
FE LGRS (Eligibility Traces) A8
E ' ]=2E""[t—1]+S""[t] (56)
JEwa i M ETI0]=S""[0]. TEixEE T K
GFHY > A ST o I e EC ]

SR 25 05 AR AT R 2 . %
T BRI L E T HOB I 5 T B o e O i)
oL

Differentiation on Spike Representation J5 1'% 2 []
(Y IEAH OGP o

Spatial Learning Through Time (SLTT) " %E
S 7 OTTT 20 R0 A TR s, JF
56 4 2 W IR AR I 2 22 TR B R, B4

avili] o s
m—oo B E T, R GOE N

a5[01 7 av o] as o))

e i\ as-
dw! 2 V' [1]9S'[¢]
as'[¢] av'[¢]

P SLTT R B0 A7 i i 18] 22 i ik vh S' [ 7 ]
BRI RS~

£ OTTT Ay %Al I, Neuronal Dynamics-based
Online Training (NDOT) "X} )2 P 14 1 [B] 44 4 14
HEAT 1T A0S0 A, AR (56) H a7 Sl
HL 57 P S0 A o T2 B S R A
E-'t]=E"'[t—1]

ulel—v,S't]

Ult—1]—V,STt—1]
Zhu SN2 FEFE SNN FEZR 2% 2] o A E — 4k L
il FHTAELR S ) i AR T I AR AR . 1T B
FEAE 5 — 2 AT BNAFAE D 5 2 IR ), 1% TAE
P2 T AL BN A 1 22 4 19 Online Spiking
Renormalization (OSR)EH DL IE I 2k A HEHE 1
— ARSI  — 2 BT T TR RS A

+S7' 7] (58)

[z]aV~[z],=7%, as[¢] av'[¢]

ST ] (57)

DU 5 IS W] 25 22 8] 8 0 28 90 R 0% . OSR A Bl
SR T E RN E .

f[[ :M (59)
Joilt]+e
f[t]y-(f[l]-NoGrad % +
o't e
NoGrad| L= 2 ||+ (60)
Joite

TESE e AN ]2 v T [ ]2 R 28705 Hh A B A FRL R
p L RGP [ VAR T [ TR A 2 o 43 31
S BN JZ N0 A7 25551 ¢ ]2 BN
AR IO T [ ¢ 8 IR AR M 2 S A s € S —
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ANHEHE /NI IE AR 1E 5358 05 NoGrad (-++) N 1
BEAS S G, TEHERE, OSR A9AT R W Al
BN 5¢ 4 —%,

Hu 287 D\ TR 52 e A B 42 1 AR SNINIT 2R
FETFES 0 55— A S, FL3M A0 5256 % BH ML BPTT
Wb HA 5 — )2 B AR BT I 2 iR 52
W) K s e TE AT ARG th W I 1 BR e Js — 2 A By B
PR R R . X —BAERIA S 1T, HSERBUR R
Uf o XL TR WAL R RS — )2 R AR
il AT B B S8 T O (1) fEfi 28 [RlE 5% T4

FRIRCR O TR R S — B 1 Bk
FORET— AR I HAL . AMZ T AR AE W 28 v fi 1]
T ConvNeXt B, JFA4 1 — B 0] 25 1 151 215 B
il B T S FTE ] AR5 B LA T 25
% 1ERE .

FAAT EATTFE Y TR O A 7R %)

. R Y 1 I N
Dy AR 97 aS/[[]aJX LAY TN

TR 2] B e Tk ol 2 5 Y R ) R A
TR AR BT Z R AN S 7= A2 o X — T RIS
FEAFF A LFRIE DL . ) U ML (R 43 24T 55 v B
B )25 & i Bk vl 2 2 5 & BUBCR 1T TR, IF 5
M) 22 S o X —FRPE A AR AE 2R 2 2T Oy v A Ak
PRI AT 55
3.9 IZmiER*E

AHHEF ANN, SNN ARG I T i ] 485, 75 A8
TR AR 20 ik B R BPTT ik I 2k 1
LT 045 A 1 SR AR s AR PN AT G 8 5 FILRL S [R] 25
THAIE He 4ok T8 3% = T ANN U215
an ] SNN I 25 in 8 pl R i 52 #0411 H 5 580 8935
. GPU A s KI5 R 1, 2 U1l 25 SNN
A E R 5, HETE A 1) SNN I ZR ik )7 5 5E T
GPU FISNN (Rt 111t

T 0 Ik e BT AR I ) A% R I R T AR
\H [z ]— V,|= B, # 2 o AVEA TG BRI i 225 .
Hordr B, &40 5 SRR S48, I8 Lk o Rl B Y
Bos ;’f][[i ]] LA O W\TT 780 o B 40 5 1 £ 4
T AR A5 4 5 . AR 5 1 Py Torch WP A 47 1%
BT R ST I o it Dk s BE T R T AR T
T RS T [ O 7 GPU I fe i ] 38 150 £ 1)
YIRS 1) A% 16 in sk A 85 %0 i INAFTH AEI D . (H
TE fi] B9 4 % % SNN [ JF 47 T 52 B0 R0 56 3iE &
SpikingJelly HE 42 $& 43 T 57 Sy 38 FH (19 T B SNN i

BTk . SpikingJelly HEHE P JE 22 T SNN (L HF
LA, I B AL 3G FLE 2GR X W A A
Kinytg ey, R R RERT , Mg h iy aE)=
AT LA R B R SF R (T X N X e ) YRS FE B A
S o TIR P A, Ntk Ko X8
RSB EIEEFRMZ , SpikingTelly HEL At
T AL W A B R TRDRIE B A A RIRR A
RAFARRE (TN X -2 ), 3R 5 Rk A TSRS Z A
TR 2] 245 SR FH B R U7 81 2 B R SE R
(TXNX )P, BT I 2 R Y T4t
YeJE R TRIE RS TS R IR AT, S e L
G IR LB E AT R . FTAARAS A 2
T4 )2 , SpikinglJelly A 42 fd1 FH F & LAY CuPy ™ 5
Uity » K5 P 28 T 1 T B T 25 1 26 AR 10 e 3 A
A CUDA W%, 1% F Py Torch 52 38 i 1 22 0 1E T
SR 24/ CUDA W% . B K CUDA NI
A EE TR R BN TR R R AE TR g 2T
RIS . 28 A 0 JERES 2 AE RS 2 1 i
751, SpikingJelly HE 4L ARAL T Ho Al SNNAE 4L S B Y
SNN, fiz i 7] 35 TSR I seR o

Luke 5B T — o s ik ik 28 50 09 B[]
RN W X BN QUIE U EZSTH I B EA I EI P
A, BELHL I R) 25 P 2206 A 28T i T AR AT A
R EL AN P T E B AR T 5 O SR A L TR
A7 55 B LA B s koo, 3X — RELEK 5 PSNYO 2B
AR FE 2 T HE S E R ke i E 2 TA
T B IE A 205 B X PSN A R BT faf ik
B it 1727 3 D s Bk e AT B OE L AP B
BT )20 NS — Ak op, — 2 R 122 f% T PSN
FPHE ] e R B R BCR T R 2 AR
T U5 L FE PR REAT T RAAI o A0 0 20300 B R R
2Tt

4 LZRAENEEE

VLR AR A TARREAS R0 0 ki 75—
P, R M AS B e B 1 45 2627 ) B p ARk
B AEM R B BN HEF T SE G, 2 5 s T A S
SpikingJelly HEZE" Hr 3L T CuPy J dii M A TF #fi 28
JUAILIF # 28 J0E A JEUE (Baseline) 1 28 7T Fl1 2 fif
2R B R CLIF #2800 i PSN % | 1E W
7 B TEBNY™ (FE 2R 24 ) F i) OSRM™
Y250 8 550 v vf (% B 18] 4 21 45 3 O S0
BlockALIF # 28 501" | ANN % Bh Il 2k B 16 v iy
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Tandem 2 2] 77 5 Fl00 B 5 RRAE Z8 485, ik gk
D7 AR T R URARAD AT DA BB . ST S5
£ 45 & 25 CIFARI10 A1 7 41 CIFARIO [ 43 2% | #f
ZIE A W) SHD o 5 5l 4 i 2B e & e S 1
Genl"™ ¥ 4 F#H 25 COCO Bl # 1 H An Al .
TS A A, Tandem 2% 2] J5 35 00 13 5 45 4F
ZEARUURH T ANN, R AN 1E T 7 41 CIFAR10
Gy 200 SRR A R 5 UTE RS
CIFARILO B K 43 24T 45 EaEATSE 5 . T 2L
S AR YRS I O 4 SR el 2 ik
KTy R A B A% ) TmageNet £ 4 LA
TR A, 25 AN FT SCE 6 TR o AR
TEIC T ARFAME R I 2 o 77 . A4 SpikingJelly AE
H ekl A% SEERAY LIF #h 28 oe™ IR A7 ik rhp 22
JC PSNV RIS ] 43 28 475 31 77 2 9 BlockALIF
P2 TE XS H T AT I AR . T AT
ST AR T B R AN PR AT S B0 S WL 5% .
4.1 CIFARBEFR & EESMHRE

ARSCAE FH Fang 2587 45 2540 L R 4520
3 EHRA CIFARILO F1F 51 CIFARILO 94T 55 PR fE »
LM 56 4424 T R e S 5 4 43 2SR R R DA
Wik I RE J1 . B CLIF #2250 Al PSN % 1 ] 2%
A ANN it Bl I 25 2330725 1% Do 286 v f T TF #f22 o
oAt 190 2 Y50 FH LIF #2250 . BlockALIF #4801
il A2 2 AN B2 PO I SR A4 1A Bl S
308 4 22 T TC S S U A ] o SR s G R A 4
Z W A)25 0 S5 e L MR I ZL R B o X T
PSN Z % 1Y [ 4% . CIF AR10 4328 4F- 5 fdi ] PSN., i
41 CIFARL0 324 Fi| A= 4 4 Sliding PSN., &8
SN L T A 2RO E R AR

F 8 /R T4 I B IE MR . X T
A CIFARLIO 4328, M s A T ANH R0 TF 28
JLRIGE T LIF #1250, 11751 CIFAR10 43 28 ) &
M2 Eh ST NI R LIF M2 e e i . 7EfRas
CIFAR1043264T- % I, PSNPERERE &5 T CLIF #i 2
I B3 T IF #1280 5 176 )7 91 CIFAR1L0 73284 E 55
| CLIF #f & e A4 F LIF #h 2 e 42 7F B &, i
Sliding PSN P fiE M i Ji 8 Bk CLIF #1280, R W
PSN FJif it B A 7 BB 4 R B e, Ak
B TR 2 B8 7 0T CLIF #ZTel nwh 72
FL A7 1) 1 22 8 5t A5 ) 0% A Ao 32 T ) ) 7 s 0
TEBN 7E W AT 45 b AR AR T35 38 0 28 £ 1 I 3%
& B F 4RI 220 190 G0 1 R 36 20 1 7 B A 4
AHAE T3 19 BN AT U B 8 7 50 A 8 o A 42 7

THIARES . OSRJTiELE CIFARIO 40 24T 55 b
REAEH 2 HAth BPTT 28 7% . (HA4E )3 51 CIFARILO
ST S LR RRR 2 RWIHRSAL 55 h AR A
g ] 22006 o 17 s SR ATE S5 v R ok ) D) 2R G EE B
BlockALIF #h & otk g 2% , i HAE T =32 ()75
CIFARI0 0 ZAT 45 B ERE T B o ™ 8, R WA (A I
(4 3 AL B ] T Jk i e RO B 1 R A A AR R 1R
T 52 M . Tandem “# 2] J5 ¥ o 08 HIAS RS o 1) B
JE L HERESS T TR R B IF phot. K08
D5 AR T IR (] TF BP 2009 2%, PERE A
— T PR BE R A Y E T
Tandem 2% > 773 . R B H ANN [HHRAE B K.

K 8(b) IR T 45 25k I s B v] LA R 30
T CuPy J5 3 bk Y TF A1 LTF #2800 B febie , 14
BT Spikinglelly HEZE 5 CUDA A% R 1Y B
KA. A NFESMYE . PSN FERHE 1 T CuPy
Je St IS A T AN LIF #2850, 3% v] B2 i TXSE 5
BB T MRy 128, 45@ 1 50k 256, NFFIEES
TR B K PSN F (A% O i B0 M e 1838 T
A (Memory-Bound) o il B4 LH0 K B, B
HERE AN 32 I ZSEAE L 32 1 L AT T R KK
I, B PSN I 25 B2 3K 3] 2345 samples/s. 5 T
CuPy J& ¥ifi JIl 2 () IF #2878 1649 samples/s [l 25
IR T RR A . TEBN J5 ik v i 1 894754k
J& CuPy Ji i JI 5 A4 4 28 5 {5 R T3 s 0405 5 728
e i &AM BT IS T . OSR B K V%
Ja T H Ay vk R AL ) Oy vk s HRe i
SpikingJelly HE 42 v 11 3% 2L (Step-By-Step) & #% , 1fii
At 77 36 ) ] L H % )2 (Layer-By-Layer) 1% #%&
I3l G m A s a] B A R ok o R B2 .
Block ALIF #ft 22 50 A9 i R R 4 22, E B R N7 T
P22 shAS W R B 4, LT fR) 1 ) 3 B S B4
5, 1M Fang %77 31 Sliding PSN (4 28 56 3¢ B
GRORTE R, B TS THEERL. XT
Block ALIF 1 28 50 i I BROCR 1 76 J5 30T DL
18 . Tandem Jy ¥k i B 18, JR A 7F T H 2
ANN #4318, H A 28 0 i 46 Py Torch 52t
R TEANN CuPy 323 . 28487 7 T3 8R i F CuPy
Je i JI S 1) TF A 225, {5 H 1 ANN 843 19 3153
ZRIBA M BT o R, AP R 25 1R T BT 2 Y
ST, PRI 32 L 37 25 1B T 18 . CLIF M2 oe AR
H R Py Torch S8, HAh 2 sh 888 R 2%, 1
PR . B8 /R T 45 2K i W e H ek i, 8%
PRI S B — 35, AN A
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70 63.63
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IF LIF CLIF PSNH % TEBN 0SR BlockALIF  Tandem g} [ 7% 1 FEHEZE TR
mCIFARIO /¥ #CIFARLO
(a) FIETE/%
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4151
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3000 3032
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g(r 121 |089 1284
1000 “
'!6|335ﬂﬂ I
0
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5000 9209 5009
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2
56315863 i I959 me
1 ] §
ZUUO I 201
1 000
R
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8000
7000
6000
5000
o 4089
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30
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15 13. 774
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2948 I819 zm 081 zoz mf
\,\\“

IIF CLlFP‘»\é{b—leB'\ 63‘ _\\}}‘" b ‘3‘\?\
E*' "\"’S W
N &

(e FefiidFa/M

K8 CIFARKE A ZstkRexs Lt

B 8(d) JE/R T &K eI 2RIt 1Y) GPU A7
THFE. LM ARV RN, F5 B AFA R A4S At
SRRl AR B DU T S A4 . AU AR A N 4
SERGA S S R T T DR e (R] A2 e A £ R A
THFER Y EEMER . (] BPTT Il 2519 SNN, 75 2L
PRAF T A B 20 T ) AR 2 T AR S ik Ul 2
PRAF A (8] 20 ) v (] A2 £ L R OSR 7 i 2 42
D7 FENAE AP 1Y . Tandem Jy ik 1Y S 1) 44 1%
FEF ANN, WL B 1 B B 48 B2 S N FEIH FE i S TE
o) kR . HA IR T BPTT 14k, Hor
CLIF #h£eoo 5| A T &4 b 58 B A2 LA & Sigmoid
PTG PR Block ALIF #h 2t HA & A= ph 22 sh 7
TEBN £ 5 ZI ) 477 5 A2 44l BN )2 35548 ﬁJEEE
0 THE, =F I T R A8 i, B R T8

KW NAFIHFE . 2RI BT IE — 7 i 2 ANN i
B0 — TG TSN N IH AR R T B
YRR 712 B K 5 R R 2 18 1 40 20 T L i 17 2% 18 B
Z  MUNAAHFER 03T . AT TF $h& oA
LIF #2850 PSN G AR 5 I ARSI 5 8] 42
i, RMNAAHFE R S el R . FEEEre, L
H LIF MU T IF fh ot s 8L 4 b
i) A% £ B 22, (HAE CuPy J g S 2R A 3 26 1] 45 5
H CUDA A N &R AL, 1A J& 38 i Py Torch i H
BT HIL] S PRI 3 26748 11 7F CUDA A% AT T 56 B
Jea st F SRR T Bt LA 1 IN AT AR SE 2 — 3K
Eﬂ8(6)E§ﬁ:j7€§3§??%§E@?%ﬁﬂ%%?F%ﬁ(Synapﬁc
Operations) , TE MK ZEFIE J5 - 1248 bR T2 A4
B R TR Y - PSNZ?‘H‘%E"H%@M%WE%&E%ETVE
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SRELER) TF M2 oC A LIF e oe , B H L bR B i
SERET AR AR . OSR A TEBN Y5 i
PR R T R AT R SRR L e ) Ty
2 HIFERES CIFARLO_FHUS THEE BPTT 200
TEAf T 5 A S T ## CIFARIO Y 5 51 1E ff
BB BRI Zhd At p il B T R R R IR A
TPEREYS £R . AEIZAT 55 AR ERERY TF M oT Rl
LIF #h 220432 bk bt 20 i & R AR T 50 %6 . 1
Guo AR KRBT 50 V0 WIME BER S , )
ZRPEREBLT , OSR AT TEBN 2630 5 H At —3. 1
M S A RO A B (A A —E 25 5
N, LIF #28 ol T IF #2e o0, R A ERT T
AR T AR KRR . Tandem J7 g fdi F kiR
TR B PRI N EEAU A ANN A ReLU 1)
RN g FURIE T AN Y ST 2 & S
FIGE fb F A 5B e 5 1717 0 1 28 1 v o 2R ORI D B
ANN #i th i) “ g 1R (Dark Knowledge)” . F8U & H
PRASE AR A PR A =X, 400 R TSR AR A
FLSAREE TR SUIR AT A st 7 g —FEPE R
SYCHF il B B3R I AR R S R ME R TF e .
Block ALIF #1128 5016 741 CIF AR10 402 (1) 28 fish # 4
BORAR % R IE AR G 34, 6200, R SIERT

[T 24E 1 4 3 2H B & B S B I R KT
4.2 MERREIEEHYESHD 5> K168

AR S AR 2T 25 1 SHD 3835 508 557 vE A7
SEIG, A Tlyass S5 T R ARSI 26 25 44
o B R R 1 S g FH 1 S e ] i) B AR 2 ok Ak
P AFAE, T A WUECh 88~126.

SRR RAE R 4R FEIERR T 2R RS
A FOTEMEM S CIFAR P RIE R ES . 1E
SHELHER TF 20 LIF M2, i s ERem T
I8 DL PR 2T SRR 3 245 Hh a2 LIF
PRZTTIERE AT, 3X AT RS /R 1 5 A5 AL s
TEER R 225 . TEBN SPEREE 419 IF M2 ocil &
i AHE B RAR TR N FEERY TF #h2oT, v e HE
PIALFRAR K P A AT, BlockALTF #Z8ockfe
A ML I, X FBR BlockALTF #i48
JCHY A& 1Y B » HeE RS T FEEIAIIF gy
-, ZR T 3 0 (AR M A 4 T S s
BaAE B . oM AR R A 22 TR I EERY TP
P2 TT , JLHIE OSR 5k, W RERARAT55 (Wi [R) 204
K ML 2 AR T BPTT XELAAMET )46
JERIB o MRS ARV ERSO T S bl T R 28 A L RS
TR/INHIZEGR - s 27 R I 22N

R4 FEEHERRMEFESHD 4320 Genl,COCO BAFHENE S AL

PR AR\ Ty 1 IF LIF CLIF Sliding PSN TEBN OSR BlockALIF

SHD 4325 IE#f#(%0) 78.33 66.98 66.1 69.23 74. 54 40.93 82.36
SHD 3 28 58 fi A E % (M) 0.0251 0.0262 0.0263 0. 0264 0.0262 0.0228 0.0239
NCAR Bl ZR5r 2 IEH#(%) 81.00 91. 69 85.34 91.41 90. 96 56. 23 68. 14
Genl HARMEN mAP@O. 5 0.0013 0.4399 0.2388 0.4781 0.5213 0. 0007 0.1347
Genl AR mAP@O. 5:0. 95 0. 0002 0.2106 0. 090 204 0.2391 0. 2656 0. 0003 0. 0457
Genl HARKLI 2 il BV EXL (M) 385. 86 296. 33 353.03 293. 53 214.72 305. 93 232.69
COCO HFRKM mAP@O. 5 0. 409 0. 397 0.410 0. 389 0.408 0.247

COCO HAF#KI mAP@O. 5:0. 95 0.225 0.216 0.228 0.213 0.223 0.120

COCO H bR 2 fiet 1 250(G) 363.79 444. 67 537.37 1004. 68 360. 62 561.75

4.3 Genl#1COCO Hirt& 14 gE

AR SR R 2T 2519 Gen1 8 s 4 R 25 Y
COCO Fudli 47 HARK AT 55 Ul 5 . Genl %448
A AR PLR AR 0925 Bk 37 5L 2H B, COCO a4
M2 5 i S B As R B 48 i © &bk
1 SNN HARKIAHOCHH 5 T XFT Genl 44
A SCAH ] Fan S8 1) 1 AR A5 R0 9 45 45 44, £ ]
Spiking DenseNet121-16"f& A i &+ M 4% , B
ST 2T A5 19 NCARM H IR 48 b W 2500 24T
%5 SRIGTE Genl B4 b 4T B ARG AT 55 I 25 0F:

e R A mAP. X F COCO $ 5 4 , A& S fifi
FH Su SEUHE Y 4 Bk b 45 #4119 Energy-efficient
Membrane-Shortcut (EMS) ResNet-10 3 F 21145 .

SIEE R R ER A . T Genl BHlE £
H F5 A IAT: 55, NCAR Tl 2545 5 W7, LIF ff28
JCfL T IF #4200 , 9 T CLIF 1 £ 5T . Sliding
PSN.TEBN. OSR # BlockALIF #1 2 yo P RE#R 4%
2. TR EPE AR RS Fan SO BT B0 2k
W T 15 (Ealy Stopping) » % 22 5 % Il 45 19 B /)
B E AR 40 0 AR R I 2 TIN5
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Sz H AR R AT 55 S BE AL 00 i S 85, TR T 7R B 1Y
SPRIEMR TR L L E . N HARK RS
Pt fiE HE ¥ & TEBN>Sliding PSN>>LIF >CLIF >
BlockALIF>TF>OSR, H.IF #1£: 5t fl OSR JLF- &
T B | o N G i =1 1 o 8 i
Ti ¥k 52 il 45 AF 2 HE P 2 TEBN<CBlockALIF<C
Sliding PSN<ZLIF. #{Ak>k% , TEBN 7£1Z £ il {T:
55 I RIS R A e o b R B A L T RE S
AT A 2 1oF 220 19 (7 558 70 96 1 5 T I 28 XoF I A
B 4815 fE 77 5 Sliding PSN A1 LIF #f 28 50 % BLER A2 5
IF 1 28 JC AN W85, AT R 2 LA R 43 N A 3 0l 1)
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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
SNN.

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.

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 No. 62425101,
No. 62332002, No. 62027804, No. 62088102 and No. 62406322.



