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EAHEHET—1b (td-BND RERAEHIT 4 (BN 23], FdEPE 7 i in
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BT 1, FET 00 Vyewer Fonghribi, 8 () shiosms f() #Hk T
PETEEN 1%, FFEERANE kb s 2 o AR BN R E . B, B0k (IF)
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(a) Basic block in ResNet  (b) Basic block in Spiking ResNet (c) Spike-Element-Wise block

K] 1: ResNet. Spiking ResNet fl SEW ResNet H1[5kZEH,

& Spiking ResNet H& [ $RAERT DA ¢ (U ARG H . 25T bl 3, NEA T
43 #H7 Spiking ResNet RSk & .

Spiking ResNet ANidi H T # 48 oS AR SCIE S it . ResNet H1 A SN 2 —
RS A [L4) FE L, RN R S U S, ]S R AR 1) i
SRR T HB R X REBET ., ARTTT, 8 o T ml A HOERF 5] P 25 R ) 2 o S B
s, SECEIRMBI L E R OB EIE E GRS . T Rux AN, 5%
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SEW ResNet i LUEH4 ¢ BLESE BT . AT ki

By SRV, BT DREI ARSI R BB g, 5 kst
HER g (k[ . Aok, s AP e
ADD I IAND (ENETEREH g 1 BTRE 00 i - o a st
At = 0 KSEIUHTEBAS, Nl FbRE—

M2 (BN) A TR L5 % B % 1 EILERYIIE g.
AL, IRAFRATAT LIRS O't] = g(A![t], S'[t]) = g(SN(0), S'[t]) = ¢(0, S'[t]) = S'[¢].
BOEFF BT AT, S AND fERBEREE g i, ROTEE A1) = 1%
AT . B T DB B A BN BB B B4 R WL 205 K
BB RIKRIIL, B, SEUE A SN & IF WETTISREREN Vi 4
JEEAA Ot] = 1 A St = S't]. HER, MH AND n]fg<xi&3|Y Spiking ResNet
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Kl 3: ImageNet FYIZRAaR . Y Z0ks B FIE0RS B2 10 b o

P 255 SEW ResNet (ADD) fikf ResNet
Acc@1(%) Acc@5(%) Acc@l(%) Acc@5(%)
ResNet-18 63.18 84.53 62.32 84.05
ResNet-34 67.04 87.25 61.86 83.69
ResNet-50 67.78 87.52 57.66 80.43
ResNet-101 68.76 88.25 31.79 54.91
ResNet-152 69.26 88.57 10.03 23.57

#* 2: & ImageNet IR AERfM: o

ImageNet $#E4E EVPAh T 18/34/50/101/152 /2 ResNeto N T HHTEHE:, Fii1% & A
1 HIF P 421 SNN, B T 3EAR 228 (BRI (o)) 4raleinstAcse (B (b)) A
SEW Bt (Kl () B, Hh g Ny ADD. FRATKEAHEABA SNN %5 H Spiking
ResNet, FHA SEW Htff) SNN £/~ SEW ResNet. 54 ImageNet F 44K IF
PRA UM . 1F ImageNet FRYIZREREH, FRATAKIL Spiking ResNet-50/101/152 &
SR, BRAETRAME H Z P46 [@], IXAE YN FT GG K B i B oM 1E S i
I, ACIRIEM Spiking ResNet-18/34/50/101/152 4% A2 ZHILEALI -

Jik# ResNet vs. SEW ResNet. FA1HE Jei¥Al Spiking ResNet 1 SEW ResNet 4%
5. Tab. [ 3% ImageNet JaiF HOMBHER 1 . 454 B0, BLZR 34 2 Spiking ResNet
HIMRE B T8 #Y 18 JZ Spiking ResNet. BlE#E ZHE 0, Spiking ResNet [l
RS N N T ORI, BATHLE: T Spiking ResNet 7E I ZRid F2 4 Tl grdii g Il
RN FEATI RS B, A E fis. BATAT LRI Spiking ResNet IR AL i l— 8
PRIV 28 LU SE yR 11 I 48 B s Il gk . MHEEZ R, 8RR 34 )2 SEW ResNet Lt
B0 18 2 SEW ResNet B S B iOIARE R (i Tab. | By . HEEME, M
K] Bﬂuﬁfﬂ, BEEIREEMIBE N, AT SEW ResNet HIUIZRA kb, Ik /MRS
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W 25 WAREA HEfE (%) T
SEW ResNet-34 FET kit BP 67.04 4

# td-BN [k ResNet-34(K)T 4] T kb BP 67.05 6

it td-BN ikt ResNet-34 [64] ET Ikt BP 63.72 6
Jikih ResNet-34 [[12] ANN2SNN 69.89 4096
Jik#h ResNet-34 [49] ANN2SNN 65.47 2000
Jik#h ResNet-34 [B3)] ANN2SNN 74.61 256
Jikf' ResNet-34 [43] ANN2SNN FIEEFFki) BP  61.48 250
SEW ResNet-50 FT Bkt BP 67.78

i td-BN [kl ResNet-50 [64] FT Mkt BP 64.88

Jik ResNet-50 [17] ANN2SNN 72.75 350
SEW ResNet-101 F=T Bkt BP 68.76

SEW ResNet-152 F=T kit BP 69.26

* 3: 5287 ImageNet [/ Spiking ResNet #H47Lb#. + 5451 Spiking ResNet-34
HAAE RN 51, B8 SR EE 2 A5k Spiking ResNet-34 V0%

0.25 0.5
—— SEW ResNet-18 —— SEW ResNet-101
—— SEW ResNet-34 —— SEW ResNet-152
SEW ResNet-50 04

0.20

20.15 203

o2

:
EU 10
X %
0.05 0.1

0.00 —
0 7 15 00

block index block index [

Kl 4: TmageNet = SEW #tH AL R %,
FEBETN, IR SR BAFRATT AT LAE Ik 187 5 35 o o) 288 TR B SRR 1S B = PR e . BT A X e 2 LR
W] SEW ResNet {REFHFE G 1 IRAL 1AL

g et Ik L. #E Tab. E H, FATK SEW ResNet 52 FIfE ImageNet - HL
B AELE BN Spiking ResNet #E4T T H# . #EIRATFTH, SEW ResNet-101 Al SEW
ResNet-152 ZI24 N1EME—HEIT 100 JZ#0 SNN, F %A HoAt EL A FH R 25 44 ) 9 48 ]
BEbbAL . MG AR FIR, BERT D T 30, AT SEW ResNet R T B
WL Spiking ResNet I seiEkE . SEW ResNet-34 (R B IEAL T4 td-BN
Spiking ResNet-34 (K) (67.04% 5 67.05%), Ja& @M 1.5 FHELIEE T (6 5
4) 1 4 S EEE (85.5M 5 67.05%). 21.8M), 53A1f# SEW ResNet H L. &
Sk ANN2SNN J732: B3, 117] ELFRAT1f) SEW ResNet FAT B LFHIRERE, H BT 5
fEFHFRATI 64 F1 87.5 f (A5 K .

SEW Befo kB4 . B SR 7 ImageNet b SEW ResNet-18/34/50,/101/152
Al R ST#. SEW ResNet-18 F 7 M, SEW ResNet-34 #l SEW ResNet-50 f 15
AN, SEW ResNet-101 5 33 N, SEW ResNet-152 5 50 M. FHEE SEW B
“HE TS v AR, MIATER: ADD ENIZTRRE g B, BARKIfR TG
SEW BB 50 TSR ESE MU CRREESERSN . R, T RSP T XA 1H
sept, W Poo) por. B HER SEW Sk i g o 2 70 s R, BE
PSR kb 2 e R R R LA E . HTRIEREK T 8 4 I e RA KR
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T 0.25, SEW ResNet-18/34/50 H [ Pr A7 #1 48 JoAE RN RALL I A8 rp P S i AN 1
Bkt HAh, SEW ResNet-101/152 F AR KT 0.5, RYIPrAMH4LT
S AN PN k. SR, SEW B A il R AT ERURKE, WA T
KZH SEW H7g M H S .

ResNet-152 itlath et ar, ke ) Moy (L) F e Semest o0 2 A B fobh i .
N T 8AE SEW ResNet AJ DAve fish 278 2% /B8 X ie) @, FRAITRE & 7 Spiking ResNet-152
Al SEW ResNet-152 BIB6EE, EAT2BIRIIARAE ResNet 4544 . FA 175 EAH R W46 1k
S UAKA [ BA FZWE

TR T LT OF IWIAE R 3. T RFEIINER 51 HEE B Zbrid. PIaRAHS0
L2 [ AR A S B X 3, IF HL A A F R B A o 48 F9 60T,
Spiking ResNet. SEW AND ResNet. SEW IAND ResNet #l SEW ADD ResNet B
MIFRR S F (@), B zero init BhZk. fEWA TWIEALMENLT, #5358k
AFE SEW AND W% (ZLtafhgl) &, Hilid SEW IAND M4 CREizk) 44312
ft. ERb) SR T AL RIS, BARKSS | JohiJE—A SN M. ATLLRM, &
SR SEW ADD ResNet o1 O (1) 5 A0 M0 SR Wb X Sk 2R e, (B AN (55—
A~ SN SRR FFFRE RS % . TR, 2 g N ADD B, SEW By A & kil
), IF H RS R Szhr ER Pt . SEW IAND ResNet ) SN {55 208 1 & 512, FFBE
RS TR CEREphZ), 1 SEW AND ResNet IR)ZH) SN RFEFIIER (BB OZ) .
JUER A AT DU R . f ] AND B, O't] = SN(FHO'1[t])) A OF1t] < Ot
TR R P ¢ A RFF SN(FH(O ) = 1, KILYE AND N g §J SEW
ResNet F A RES 2% HBLERER M A, f#FH TAND 108 AND 0] PLGEfRIX /N @, KA
FEREAIED ¢ RB 5 REF SN(FH(O't])) = 0.

7 0.30
—
025 L ¢ s 6 025 4 —
0.20 5 0.20
2
© 4
2 015 A = 015 qg’\"’\,\,\_ﬁ,\,\
= \/ s ~
0.10 —— Spiking ResNet | 1 SEW ADD 0.10 —— Spiking ResNet
—— SEWAND 2 SEW ADD
—— SEW IAND —— SEWAND
0.05 — zero init N 4 0.05 —— SEW IAND
0.00 \/\ o 0.00
0 10 20 30 40 49 0 10 20 30 40 49 0 10 20 30 40 49
block index / block index / block index /
A 1 S p Uyl 2%
(a) #ith O' IR (b) A" BURTHH

Kl 5: 152 JZMZ E55 1 St OF A AL IRTAR K 5

FAVE P A S2 36 P A BOARERBE BE BB o (2) = L arctan(Sax) + 1, BILE o (z) =
saTEanye 4 V=10 =2 I, SHRABEEIEE | 2% || 4l Hoim. s o =2
o'(z) <o'(0) =0'(1—Vy) =1H o/(0— Vi) = 0.092 < 1. ATLURIL, 1EEAZFY]
IR L T . Spiking ResNet-152 HI4 FEE ABCER J2 B0 J2 18 A5 i DX ek, 31X
e o' (z) <1 5K, EATENS, ZRKAEEZYMEK Spiking ResNet-152
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[ 10 20 30 40 49 0 10 20 30 40 49 o 10 20 30 40 49 0 10 20 30 40 49
block index block index / block index / block index |
6: Vi =1, =2 WER [ ﬁwﬁff% LUELIES
K6 V=1« g 3 2L
0.006 0.0030
0005l — Sbiking ResNet-152 6 0.05 _\
— Spiking ResNet-152(zero init) _\ 2 0.004
= SEW IAND ResNet-152
ol —+— SEW IAND ResNet-152(zero i
‘E'A' H 0.003 0.0015
00008 N
0.0010 0.002 062 10
= SEW ADD ResNet-152 #— SEW AND ResNet-152
—— SEW ADD ResNet-152(zero init) ~— SEW AND ResNet-152(zero init) /\/\

00000 0000 00000 000
0 10 20 30 40 49 0 10 20 30 40 49 0 10 20 30 40 49 0 10 20 30 4 49
block index / block index block index block index

B 7 Vi = 0.5, =2 &5 1 BB EEIRAE || 2%

o

Bro EERMHER/NY A R HHRLE SHt = 0 MRS R I M . 23X Lok 58 42 2 Ik
B OJE, ||| BR—AEE, FEOHRBE RS St =1/ o'(1-V,) =1 1
[, XA AT DARRRE A 4160 B2 8 it 2 8 2 X3 7K1 i—'ﬁ%%%?%m%cﬁ@ SEW
ResNet-152 f, A DURILTCIRTRATEREAT 4 g, FA B0 EEF B th 2 78 2 AR L) o
NAEIESE ML X I, St TR RE1 LR E T, ﬁﬂféﬁ&&ﬁkﬁrﬂmﬁﬁ, ljy
BRI SN, I BEA TWIMEIL, SEW AND ResNet-152 fh4x HILER BT 26, X2
PR BR e 5 . BT Eﬁﬁﬂﬁ%@%@ﬁ%ﬁ%& SEW ADD. IAND K& [
MR E A R BB = i 238 .

Vi, = 05,0 =2, 0/ (0— Vi) = 0'(1 = Vi) = 0.288 < 1 I, FHIH SN fE4afk
255 31 RN K, i [FTR. BV T, Spiking ResNet-152 H 35
TN, KONk E FOREE A DT . TR IRATBEF(T 4 g, SEW ResNet-152
HAZBEM . M Vy, =1L, a =3 o/(1 - Vi) = 1.5> 1B, KU SN L4k A
Sal IR . B R T IR R OB . S B SR, AR R R
’EAibﬂﬁﬁﬁ?&ﬁ%%ﬂﬁé‘kﬁﬁﬂ%ﬁﬁ%}# EASHIHEYILGEN SEW ResNet-152.
Spiking ResNet-152 B FEAEZHELE, 11 SEW ADD. IAND ResNet-152 H1ix /> [a) fi3f:
AN,

4.2 DVS F#HH%

J5i4h ResNet /&4t & 241 ImageNet FHAREIAT KM B, 4T DVS FHHIE
ERWARKT o« HIk, BATEH T — D% N TB-Net FIFEIL, HEERIA c32k3s1-BN-
PLIF-{SEW Block-MPk2s2}*7-FC11. iXH ¢32k3s1 F/miliE 32, WK 3. BK
1 FIBRUZ . MPk2s2 RN AN 20 BK 2 MilcRititk. 755 {} * 7 RN EES
Wi, PLIF F7 BA T2 ) T 1) 3 01 2 SRR R K ke e, 3626 [§) T il
e (B) #ik. % AER $URHULE M EMEE, 520 SecA

10



JFUG RS SO

—— |SEW IAND ResNet-152

aft ! ~— Spiking ResNet-152 '\ —— SEW ADD ResNet-152 '\ —— SEW AND ResNet-152 0004 0o
: 0.0 009

- 0000 005
—— Spiking ResNet-152(zero init) | 1250000 —— SEW ADD ResNet-152(zero init) 009 —— SEW AND ResNet-152(zero init) Buw —— | SEW IAND ResNet-152(zero init)

I, | \_\ _\

2 0,004 s 0.004
\ 100000 0a
i 20
\ Ho.001

0 0 0000 0 0000 0 0000
[ 10 20 30 0 49 0 10 20 30 40 49 0 10 20 30 40 49 0 10 20 30 40 49
block index block index block index block index /

B 8: Vi = Lo = 3 45 1 BRROHEIR(E || 24

o

100
90
80
” g g
E g 70 ?
°
= § El
£ g 0 % 50
S 4 = —— Spiking ResNet
- 40 —— Plain Net
0 SEW ADD
30 —— SEWAND
20 —— SEW IAND
20
0 50 100 150 50 100 150 0 50 100 150
epoch epoch epoch
(a) Training loss (b) Training accuracy (c¢) Test accuracy

K 9: DVS Gesture #dide ERIUIZREAS . ULk EEAIN GRS BE (1 B

Jik# ResNet vs. SEW ResNet. FATHE St SEW ResNet 5 ADD 12t & K4 (SEW
ADD ResNet) FHEATFE# SEW B Spiking ResNet HIPERE. 1A E*D Tab. Hﬁﬁ
7N, IR Spiking ResNet (¥ ph2k) AIIZr4 KK T SEW ADD ResNet (P& h2k),
{EIARHGE BT SEW ADD ResNet (90.97% vs 97.92%) , iX#EMk#% Spiking ResNet
t SEW ADD ResNet 8% 54

A T BRSO @ BT M. BT SNN 78 DVS TR Lg%
WA EAE T TmageNet, B AIE DVS T HRIEE LT T H 2 10 @5
W, RAVAEEGE CEREETRED BH SEW HIEM R MR, RA1EE
Tab. [| P THMBELERE o B H 857 DVS FHMILEH %K
I 5/ 00 a0RS B 5 S01 B 300 10 B 0 B R il Bk I ST R Al e (B s A
) o RATA LR BN K SEW TAND<Spiking ResNet<SEW ADD<Plain
Net<SEW AND. BT id il & i B, B 1 45 26 36 R fig 17 10F 55 7 10 00 ik o
% U8R 7 B W% i DR R

SEW ADD ResNet b HoA % 2% 55k e BULRER g WIE (%)
/%%%Eg ‘{Eﬁﬁg 3 SEW ResNet ADD 97.92
SEW ResNet TAND 95.49
SEEHITEE. Tab. § % el - 9167
BATIM LS 5 SOTA J7E#HT Tt ik ResNet - 90.97
SEW ResNet AND 70.49

8o a LR B, JATH) SEW ResNet
EREFE. SECERRERIN a5 £ 4 WK DVS FHMUERTE. ML 107 4% #E

K7 AT SOTA LAk, HEHES -

11



JEUR S SO

R 2% WE (%) Z% T
¢32k3s1-BN-PLIF-{SEW #t (¢32)-MPk2s2}*7-FC11 (7B-Net) 97.92  0.13M 16

{c128k3s1-BN-PLIF-MPk2s2}*5-DP-

FC512-PLIF-DP-FC110-PLIF-APk10s10 [§]
H td-BN [Jikii ResNet-17 [64] 96.87  11.18M 40
MPk4-c64k3-LIF-c128k3-LIF-APk2-c128k3-LIF-APk2-FC256-LIF-FC11[16] ~ 93.40  23.23M 60

* 5 5 DVS FHYIEE EHIER (SOTA) JkiskAT HHE

97.57 1.70M 20

4.3 CIFAR10-DVS 433

BAEW S T CIFAR10-DVS $¥i¥54E 1) SEW ResNet, ZE#E4E 2@ DVS $EHL
£ LCD W48 Fids% CIFAR-10 &£ iz s &M kA1 . T CIFAR10-DVS [t
DVS Gesture 55 2%, HAMEHLZ N Wide-7B-Net K458, '© 5 7B-Net 254eL, {H
WIEHE L . Wide-7TB-Net [I45#°4 c64k3s1-BN-PLIF-{SEW Block(c64)-MPk2s2}*4-
¢128k3s1-BN-PLIF-{SEW Block(c128)-MPk2s2}*3-FC10.

G FEEE (%) ZH T
¢64k3s1-BN-PLIF-{SEW # (c64)-MPk2s2}*4-c128k3s1-
BN-PLIF-{SEW t (c128)-MPk2s2}*3-FC10 (Wide-7B-Net)
{¢128k3s1-BN-PLIF-MPk2s2}*4-DP-FC512-PLIF-DP-
FC100-PLIF-APk10s10[§]

H td-BN [fikah ResNet-19 [64] 67.8 11.18M 10

% 6: 5 CIFAR10-DVS $#fi 45 b et () (SOTA) Jikidb A7 .

64.8. 70.2. 744 1.19M 4. 8. 16

74.8 17.4M 20

1F Tab 1, #4714 SEW ResNet 52 #) Spiking ResNet 47 1 ek, 7 UKL, 15
Spiking ResNet [64] AL, JATTHITTISL30 1 EAFHIPERE (70.2% 5 67.8%) HIEE /D[y
25 (8 E 10). BATEEBATN LS CIFARI0-DVS _Fie ek (SOTA) W22
TNERAT T H AT Wide-7B-Net HIRG RS T 4T SOTA J7i% [§] (74.4% 5
74.8%), Ja# M 1.25 MBI RS K T (20 5 16) Al 14.6 512 5%0E (17.4M
5 74.8%). 1.19MD. B0k, 28 T JRAREiMEY T = 4 i, FRATH Wide-7B-Net 75748
A LAIRTS 64.8% FIKEE .

5 45

fEARSCH, A1 HT 7 2 BT H) Spiking ResNet, HAZ B T ResNet HIbnifEbR, &I
EARME SR SR, JF HAFFERS BETH 2% /R ME R n) @ O T AR POX S8 B, JRATHRH T
SEW %% % B HAIE B & 7] LASE AR 252 2] o 7F ImageNet DVS Gesture 1 CIFAR10-DVS
HHasE LRSIt st R, AW SEW FRZEH e TRk &, J+H SEW ResNet
A LI ok 7 o R ) 265 R P SR SR IR R RS FE . FRATTI TAE T e “AEHIR” 1
SNN %2,

12



JEUR S SO

6 s

XM TAEAR T EEXBRB%ESZNTED, &FH5 N 62027804, 61825101 Al
62088102,

References

1]

3]

[4]

Arnon Amir, Brian Taba, David Berg, Timothy Melano, Jeffrey McKinstry,
Carmelo Di Nolfo, Tapan Nayak, Alexander Andreopoulos, Guillaume Garreau,
Marcela Mendoza, Jeff Kusnitz, Michael Debole, Steve Esser, Tobi Delbruck, My-
ron Flickner, and Dharmendra Modha. A low power, fully event-based gesture
recognition system. In Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), pages 72437252, 2017.

Dzmitry Bahdanau, Kyunghyun Cho, and Yoshua Bengio. Neural machine trans-
lation by jointly learning to align and translate. In International Conference on
Learning Representations (ICLR), 2015.

Yoshua Bengio, Yann LeCun, et al. Scaling learning algorithms towards ai. Large-
scale Kernel Machines, 34(5):1-41, 2007.

Yonggiang Cao, Yang Chen, and Deepak Khosla. Spiking deep convolutional neural
networks for energy-efficient object recognition. International Journal of Computer
Vision, 113(1):54-66, 2015.

Tulia M Comsa, Krzysztof Potempa, Luca Versari, Thomas Fischbacher, Andrea
Gesmundo, and Jyrki Alakuijala. Temporal coding in spiking neural networks
with alpha synaptic function. In International Conference on Acoustics, Speech
and Signal Processing (ICASSP), pages 8529-8533. IEEE, 2020.

Shikuang Deng and Shi Gu. Optimal conversion of conventional artificial neural
networks to spiking neural networks. In International Conference on Learning
Representations (ICLR), 2021.

Wei Fang, Yanqi Chen, Jianhao Ding, Ding Chen, Zhaofei Yu, Huihui Zhou,
Yonghong Tian, and other contributors. Spikingjelly.  https://github.com/
fangweil23456 /spikingjelly.

Wei Fang, Zhaofei Yu, Yanqgi Chen, Timothee Masquelier, Tiejun Huang, and
Yonghong Tian. Incorporating learnable membrane time constant to enhance
learning of spiking neural networks. In Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision (ICCV), pages 2661-2671, 2021.

Ross Girshick, Jeff Donahue, Trevor Darrell, and Jitendra Malik. Rich feature hi-

erarchies for accurate object detection and semantic segmentation. In Proceedings

13


https://github.com/fangwei123456/spikingjelly
https://github.com/fangwei123456/spikingjelly

JEUR S SO

[10

[11]

[12]

[13]

[14]

[15]

17

18

19

]

of the TEEE Conference on Computer Vision and Pattern Recognition (CVPR),
pages 580-587, 2014.

Priya Goyal, Piotr Dollar, Ross Girshick, Pieter Noordhuis, Lukasz Wesolowski,
Aapo Kyrola, Andrew Tulloch, Yangqing Jia, and Kaiming He. Accurate, large
minibatch sgd: Training imagenet in 1 hour. arXiv preprint arXiv:1706.02677,
2017.

Bing Han and Kaushik Roy. Deep spiking neural network: Energy efficiency
through time based coding. In European Conference on Computer Vision (ECCV),
pages 388-404, 2020.

Bing Han, Gopalakrishnan Srinivasan, and Kaushik Roy. Rmp-snn: Residual
membrane potential neuron for enabling deeper high-accuracy and low-latency
spiking neural network. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), pages 13558-13567, 2020.

Kaiming He and Jian Sun. Convolutional neural networks at constrained time cost.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), pages 5353-5360, 2015.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning
for image recognition. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), pages 770778, 2016.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Identity mappings in
deep residual networks. In European Conference on Computer Vision (ECCV),
pages 630-645. Springer, 2016.

Weihua He, YuJie Wu, Lei Deng, Guoqi Li, Haoyu Wang, Yang Tian, Wei Ding,
Wenhui Wang, and Yuan Xie. Comparing snns and rnns on neuromorphic vision
datasets: Similarities and differences. Neural Networks, 132:108-120, 2020.

Yangfan Hu, Huajin Tang, Yueming Wang, and Gang Pan. Spiking deep residual
network. arXiv preprint arXiv:1805.01352, 2018.

Gao Huang, Zhuang Liu, Laurens Van Der Maaten, and Kilian Q Weinberger.
Densely connected convolutional networks. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition (CVPR), pages 4700-4708,
2017.

Dongsung Huh and Terrence J Sejnowski. Gradient descent for spiking neural
networks. In Advances in Neural Information Processing Systems (NeurIPS), pages
1440-1450, 2018.

14



JEUR S SO

[20]

23]

[24]

[27]

28]

Eric Hunsberger and Chris Eliasmith. Spiking deep networks with lif neurons.
arXiv preprint arXiv:1510.08829, 2015.

Sungmin Hwang, Jeesoo Chang, Min-Hye Oh, Kyung Kyu Min, Taejin Jang,
Kyungchul Park, Junsu Yu, Jong-Ho Lee, and Byung-Gook Park. Low-latency
spiking neural networks using pre-charged membrane potential and delayed evalu-

ation. Frontiers in Neuroscience, 15:135, 2021.

Forrest N Iandola, Song Han, Matthew W Moskewicz, Khalid Ashraf, William J
Dally, and Kurt Keutzer. Squeezenet: Alexnet-level accuracy with 50x fewer pa-

rameters and< 0.5 mb model size. arXiv preprint arXiv:1602.07360, 2016.

Sergey loffe and Christian Szegedy. Batch normalization: Accelerating deep net-
work training by reducing internal covariate shift. In International Conference on
Machine Learning (ICML), pages 448-456, 2015.

Saeed Reza Kheradpisheh and Timothée Masquelier. Temporal backpropagation
for spiking neural networks with one spike per neuron. International Journal of
Neural Systems, 30(06):2050027, 2020.

Jaehyun Kim, Heesu Kim, Subin Huh, Jinho Lee, and Kiyoung Choi. Deep neural
networks with weighted spikes. Neurocomputing, 311:373-386, 2018.

Jinseok Kim, Kyungsu Kim, and Jae-Joon Kim. Unifying activation- and timing-
based learning rules for spiking neural networks. In Advances in Neural Information
Processing Systems (NeurIPS), pages 19534-19544, 2020.

Alex Krizhevsky. One weird trick for parallelizing convolutional neural networks.
arXiv preprint arXiv:1404.5997, 2014.

Alex Krizhevsky, Ilya Sutskever, and Geoffrey E Hinton. Imagenet classification
with deep convolutional neural networks. In Advances in Neural Information Pro-
cessing Systems (NeurIPS), pages 1097-1105, 2012.

Yann LeCun, Yoshua Bengio, and Geoffrey Hinton. Deep learning. Nature,
521(7553):436-444, 2015.

Chankyu Lee, Syed Shakib Sarwar, Priyadarshini Panda, Gopalakrishnan Srini-
vasan, and Kaushik Roy. Enabling spike-based backpropagation for training deep

neural network architectures. Frontiers in Neuroscience, 14, 2020.

Jun Haeng Lee, Tobi Delbruck, and Michael Pfeiffer. Training deep spiking neural

networks using backpropagation. Frontiers in Neuroscience, 10:508, 2016.

Hongmin Li, Hanchao Liu, Xiangyang Ji, Guoqi Li, and Luping Shi. Cifar10-dvs:
An event-stream dataset for object classification. Frontiers in Neuroscience, 11:309,
2017.

15



JEUR S SO

[33]

[34]

[35]

[39]

[41]

[42]

Yuhang Li, Shikuang Deng, Xin Dong, Ruihao Gong, and Shi Gu. A free lunch
from ann: Towards efficient, accurate spiking neural networks calibration. In
International Conference on Machine Learning (ICML), volume 139, pages 6316—
6325, 2021.

Wei Liu, Dragomir Anguelov, Dumitru Erhan, Christian Szegedy, Scott Reed,
Cheng-Yang Fu, and Alexander C Berg. Ssd: Single shot multibox detector. In
European Conference on Computer Vision (ECCV), pages 21-37. Springer, 2016.

Ilya Loshchilov and Frank Hutter. SGDR: stochastic gradient descent with warm

restarts. In International Conference on Learning Representations (ICLR), 2017.

Paulius Micikevicius, Sharan Narang, Jonah Alben, Gregory Diamos, Erich
Elsen, David Garcia, Boris Ginsburg, Michael Houston, Oleksii Kuchaiev, Ganesh
Venkatesh, et al. Mixed precision training. In International Conference on Learning
Representations (ICLR), 2018.

Volodymyr Mnih, Koray Kavukcuoglu, David Silver, Andrei A Rusu, Joel Veness,
Marc G Bellemare, Alex Graves, Martin Riedmiller, Andreas K Fidjeland, Georg
Ostrovski, et al. Human-level control through deep reinforcement learning. Nature,
518(7540):529-533, 2015.

Guido F Montufar, Razvan Pascanu, Kyunghyun Cho, and Yoshua Bengio. On
the number of linear regions of deep neural networks. In Advances in Neural
Information Processing Systems (NeurIPS), pages 2924-2932, 2014.

Hesham Mostafa. Supervised learning based on temporal coding in spiking neu-
ral networks. IEEE Transactions on Neural Networks and Learning Systems,
29(7):3227-3235, 2017.

Emre O Neftci, Hesham Mostafa, and Friedemann Zenke. Surrogate gradient learn-
ing in spiking neural networks: Bringing the power of gradient-based optimization
to spiking neural networks. IEEE Signal Processing Magazine, 36(6):51-63, 2019.

Adam Paszke, Sam Gross, Francisco Massa, Adam Lerer, James Bradbury, Gre-
gory Chanan, Trevor Killeen, Zeming Lin, Natalia Gimelshein, Luca Antiga, Al-
ban Desmaison, Andreas Kopf, Edward Yang, Zachary DeVito, Martin Raison,
Alykhan Tejani, Sasank Chilamkurthy, Benoit Steiner, Lu Fang, Junjie Bai, and
Soumith Chintala. Pytorch: An imperative style, high-performance deep learning
library. In Advances in Neural Information Processing Systems (NeurIPS), pages
80268037, 2019.

Nitin Rathi and Kaushik Roy. Diet-snn: Direct input encoding with leakage
and threshold optimization in deep spiking neural networks. arXiv preprint
arXiv:2008.03658, 2020.

16



JEUR S SO

[43]

[45]

[49]

[50]

[51]

[52]

[53]

Nitin Rathi, Gopalakrishnan Srinivasan, Priyadarshini Panda, and Kaushik Roy.
Enabling deep spiking neural networks with hybrid conversion and spike timing
dependent backpropagation. In International Conference on Learning Representa-
tions (ICLR), 2020.

Joseph Redmon, Santosh Divvala, Ross Girshick, and Ali Farhadi. You only look
once: Unified, real-time object detection. In Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition (CVPR), pages 779-788, 2016.

Kaushik Roy, Akhilesh Jaiswal, and Priyadarshini Panda. Towards spike-based
machine intelligence with neuromorphic computing. Nature, 575(7784):607-617,
2019.

Bodo Rueckauer, Iulia-Alexandra Lungu, Yuhuang Hu, Michael Pfeiffer, and Shih-
Chii Liu. Conversion of continuous-valued deep networks to efficient event-driven

networks for image classification. Frontiers in Neuroscience, 11:682, 2017.

Olga Russakovsky, Jia Deng, Hao Su, Jonathan Krause, Sanjeev Satheesh, Sean
Ma, Zhiheng Huang, Andrej Karpathy, Aditya Khosla, Michael Bernstein, et al.
Imagenet large scale visual recognition challenge. International Journal of Com-
puter Vision, 115(3):211-252, 2015.

Ali Samadzadeh, Fatemeh Sadat Tabatabaei Far, Ali Javadi, Ahmad Nickabadi,
and Morteza Haghir Chehreghani. Convolutional spiking neural networks for

spatio-temporal feature extraction. arXiv preprint arXiv:2003.12346, 2020.

Abhronil Sengupta, Yuting Ye, Robert Wang, Chiao Liu, and Kaushik Roy. Going
deeper in spiking neural networks: Vgg and residual architectures. Frontiers in
Neuroscience, 13:95, 2019.

Sumit Bam Shrestha and Garrick Orchard. Slayer: Spike layer error reassignment
in time. In Advances in Neural Information Processing Systems (NeurIPS), pages
1419-1428, 2018.

David Silver, Aja Huang, Chris J Maddison, Arthur Guez, Laurent Sifre, George
Van Den Driessche, Julian Schrittwieser, Ioannis Antonoglou, Veda Panneershel-

vam, Marc Lanctot, et al. Mastering the game of go with deep neural networks
and tree search. Nature, 529(7587):484-489, 2016.

Karen Simonyan and Andrew Zisserman. Very deep convolutional networks for
large-scale image recognition. In International Conference on Learning Represen-
tations (ICLR), 2015.

Rupesh Kumar Srivastava, Klaus Greff, and Jiirgen Schmidhuber. Highway net-
works. arXiv preprint arXiv:1505.00387, 2015.

17



JEUR S SO

[54]

[57]

[58]

[61]

[63]

[64]

Christoph Stockl and Wolfgang Maass. Optimized spiking neurons can classify im-
ages with high accuracy through temporal coding with two spikes. Nature Machine
Intelligence, 3(3):230-238, 2021.

Christian Szegedy, Wei Liu, Yangqing Jia, Pierre Sermanet, Scott Reed, Dragomir
Anguelov, Dumitru Erhan, Vincent Vanhoucke, and Andrew Rabinovich. Going
deeper with convolutions. In Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition (CVPR), pages 1-9, 2015.

Amirhossein Tavanaei, Masoud Ghodrati, Saeed Reza Kheradpisheh, Timothée
Masquelier, and Anthony Maida. Deep learning in spiking neural networks. Neural
Networks, 111:47-63, 2019.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones,
Aidan N Gomez, I, ukasz Kaiser, and Illia Polosukhin. Attention is all you need. In
Advances in Neural Information Processing Systems (NeurIPS), pages 5998-6008,
2017.

Yujie Wu, Lei Deng, Guoqi Li, Jun Zhu, and Luping Shi. Spatio-temporal back-
propagation for training high-performance spiking neural networks. Frontiers in
Neuroscience, 12:331, 2018.

Saining Xie, Ross Girshick, Piotr Dollar, Zhuowen Tu, and Kaiming He. Aggre-
gated residual transformations for deep neural networks. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR),
pages 5987-5995, 2017.

Fu Xing, Ye Yuan, Hong Huo, and Tao Fang. Homeostasis-based cnn-to-snn con-
version of inception and residual architectures. In International Conference on

Neural Information Processing, pages 173—184. Springer, 2019.

Bojian Yin, Federico Corradi, and Sander M Bohté. Effective and efficient compu-
tation with multiple-timescale spiking recurrent neural networks. In International

Conference on Neuromorphic Systems, pages 1-8, 2020.

Friedemann Zenke and Tim P Vogels. The remarkable robustness of surrogate
gradient learning for instilling complex function in spiking neural networks. Neural
Computation, 33(4):899-925, 2021.

Wenrui Zhang and Peng Li. Temporal spike sequence learning via backpropagation
for deep spiking neural networks. In Advances in Neural Information Processing
Systems (NeurIPS), pages 12022-12033, 2020.

Hanle Zheng, Yujie Wu, Lei Deng, Yifan Hu, and Guoqi Li. Going deeper with
directly-trained larger spiking neural networks. In Proceedings of the AAAI Con-
ference on Artificial Intelligence, volume 35, pages 11062-11070, 2021.

18



JEUR S SO

[65] Shibo Zhou, Xiaohua Li, Ying Chen, Sanjeev T. Chandrasekaran, and Arindam
Sanyal. Temporal-coded deep spiking neural network with easy training and robust
performance. In Proceedings of the AAAI Conference on Artificial Intelligence,
volume 35, pages 11143—-11151, 2021.

[66] Romain Zimmer, Thomas Pellegrini, Srisht Fateh Singh, and Timothée Masquelier.
Technical report: supervised training of convolutional spiking neural networks with
pytorch. arXiv preprint arXiv:1911.10124, 2019.

A P
Al S

T A HAESE, REBERECH o(x) = Larctan(Fax) + 5, B o/ (z) = PIEEmE
Het o RAESH. RIOTFIEMZITRE o = 2. Viewor = 0 M1 Vpy, = 1, HRALSEE
SGD, &N 0.9. I (62 MEW, TATES M-SR Mz tEE Bq. @) 5
B S[H) LMREEAE. TRAVEFIR AR I [BA), BRI g 1 e,
] A 2 S EL AP AR P VI R MG RS 1 . SISO R0 SNIN [ 2t & [l
Tab. § 58 7 DVS T30 RAG RFE T EIALN SNN (025 5T 5. A SR 0 50R
OB

ImageNet  [14] 45 A Kt 18 56 5 92t N T BT se it b o AR ECH KT B A%
HBEHLRAE 224%224 BT, FERTINZRFEAR AT HAE A —AL. XHSFEA R 224 %224
AR/ N AL K )1 — AR P By

DVS128 F# HAMEM S [§] MEM AER HE HUACFE 7k, 3570 BENLI 1] R ok
LA, 0 AR,

CIFAR10-DVS A H 5 DVS128 Gesture FHFI AER FHE A 75 FRATA
5 AL AN, BN CIFAR10-DVS il i # BUZ SRR

IS )RR i e #MERAN T Ngpu
ImageNet B K B5)s Thae =320 320 0.1 32 4 8
DVS F-#% D, Tep =647 =0.1 192 01 16 16 1
CIFAR10-DVS  RZIBK, Tap = 64 64 001 16 4,8,16 1

T =AEHEER SNN HHEZSH

A2 AL AR

N T A, FATE XS Kot 4 th 1 — b il S i Bl g 55 05 9%, BRON BEHLIN
[EIMIER . KPR R RN Ty BATBEHUBER R4 P 5P ) T — Topain VIR IFAEYIZR

19



JFUG RS SO

—— Spiking ResNet RTD = SEW ADD RTD

—— Plain Net RTD

= Plain Net —— Spiking ResNet - SEW ADD
0.8 ] — 08+
3 8 8
o 06 o S 06
2 2 2
£ £ g
s g B
=04 = <04
021 0.2
0.0 . . h . 0.0 . . )
0 50 100 150 0 50 100 150 0 50 100 150
epoch epoch epoch
100 100 T e = 100
Jay
%0 - % %0 -
—~ 80 ~ 80r —~ 80
X B X
= = =
3 7 3 7T0f 3 1Ff
o o o
© © ©
= Plain Net RTD (test) Spiking ResNet RTD (test) = SEW ADD RTD (test)
60 = Plain Net (test) Bl 60 Spiking ResNet (test) Bl 60 ——— SEW ADD (test)
-=-== Plain Net RTD (train) -~ Spiking ResNet RTD (train) -- SEW ADD RTD (train)
-=-= Plain Net (train) -~ Spiking ResNet (train) -~ SEW ADD (train)
50 50 50

0 50 100 150 0 50 100 150 0 50 100 150
epoch epoch epoch

K 10: A /A BEHUN ENER (RTD) I ZR45 A5 /I v A 1k 1 EL

W% ELEES g FE

SEW ResNet ADD 0.001
SEW ResNet AND 0.03
SEW ResNet IAND 0.063
ki ResNet - 0.1
-3 0 - 0.005

#* 8: DVS F#H1Y SNN 222) %,

WEEH Typain VI fEHERRE AR, BRAVEHEBEANFI, B Ty = To FRATTE DVS
Gesture FIFTE LK HEEE T Tyrgin = 12,T = 16,

K] @ L 7 BB A ML MR (RTD) ) Plain Net. Spiking ResNet fil SEW
ResNet FIYIZRA R IR /MRS B . 1X BT &R 4L g 22 ADD. RTLURIL, 5 RTD
IR 2% L %A RTD (MR B, IIGRRS AR, o4 RTD 2340l 25 1 sk
B, 5 RTD M2 RS B & T A4 RTD M 4%, #£B RTD <l s, =4
W2 b g B — B, W] RTD & — i FH i 5 e At 48 3 05 1

A.3 DVS FHMERHH

i [Ul(a) B8 TR A 7B-Net ) DVS FHME M AL kR, R, W g
& AND, W% GTREET 1 0, SEW S BHE Mg, fid T3l g, 4R a %

20



JFUG RS SO

0.40 ‘
—— Spiking ResNet
035 —— Plain Net
SEW ADD
030 —— SEWAND

—— SEWIAND

0.25 |

firing rate

0.20

block index /

(a) DVS Gesture F&Hi A" fETSCR

0.16
—— Spiking ResNet 141 — Spiking ResNet
= Plain Net 12 = Plain Net
0.12 = SEW AND ’ SEW ADD
® = SEW IAND 1.0
©
2 0.8
€ 008
0.6
0.04 04
0.2
0.00 00 = —— |
0 1 2 3 4 5 6 0 1 2 3 4 5 6
block index / block index [

(b) DVS Gesture FRANERH O IR

K 11: DVS & 7B-Net &/ —~ SN fIRG M H OF F3.

B 0 B, SEW SRAGIESEMGS. M SEW HUERAR A EZE LI, 7B-Net 4748
N ¢32k3s1-BN-PLIF-{MPk2s2}*7-FC11, iX& it FRRrHML, e SFERUE.
UL, 7B-Net hiff] SEW JoRw asmess, b)) Sox T8 ML O ik
S, W T HORIE I BRI, BT AR S AN Bl 2R 51 (3 g A PR, X
S ERMRIEE R m RS R, ALK SEW AND /4% i bR B A Al i & 5 2.
SEW TAND Mgl SEW AND W28 B3 5 s ifik %, HH SEW IAND 4%
tb SEW AND P48 HAT H & A5 (95.49% vs 70.49%), RWHEH IAND # AND
AT LAZE AR AT i R TR B

A4 WA RS R ResNet HRIAR

SNN [ FE S B R AT M, AAIRATLE Sec [ th 40 MBS BE 2 BT 10 K 5 22 fr it
Ko ZIE—NEA k PSRkt ResNet RAlfi S'[t], JF B 25 2600, 6
a, BKRE TR B 0 < Vi <1 W IF fios, MAEATE St = St = ... =

21



JEUR S SO

SIHE-1[] = OFFE-1[t]. A4S H
d0j[t]  OSN(S;[t])

A/ ql _
asit] — oSk — ©/(SL[t] — Vin) )
6L - 8L . l
g5t ~ a0 © Sl Vi) )
A 20 P/ HIA 1 2 o B
O = s © (8 Vi), (14)

aOlJri aOl+z+1
MG THIRFTA N, 4 S MR ER RN & = = 2o S0y

oL oL M
Hast = Haowc—l : E@ (S —vin)|l (15)
TEWR
k—1
[Te(S" = Vin)|| = VNTR(O'(1 = Vi) + NT(1 — @) (0'(0 — Vi))2*
=0
VNT, O'(1 -V O'0—-Vy) =1
NT®, O'(1— Vi 00— V) <1
— ¢ /NT(1—-d), ©

o
@

"1 - Vin <1 @(0 ‘/th)<1

!

( ) =
( ) =
(1 =Vin) <1,0/(0 = Vi) =1
( )
( )

+
3
@

1—Vy)>1or©0—Vy) > 1.
A5 0/1 HiAR s

Eﬁu@qﬂ K143 HT AT, BT B nskik, Spiking ResNet FPAR %% 5 HH B B 2% /H e 1]
o —AHREMIERTRRRE ©/(0 — Vi) = /(1 — Vi) = 1. AHAORE, #A1EH
TERARMBIE — SN HBE Vi = 05 H1 o'(2) = 505, ;)2 K% TmageNet L1

Spiking ResNet, LAfifR ©/(0 — Vi) = ©'(1 — Vi) = 1. 2810, MRSk, xn]
REAZ H T SNN WA bR BB I 2

[64) SE AT R AL o (2) = Lsign(|z] < &) WRFANKE o =1, W4 o'(z) €
(0,1} M4EFE (H), %Mk H0rT LUBE % Spiking ResNet 1B BEARKE /11 %
. ATE CIFAR-10 Ef) SNN FHEE T AR K%, QR (o/(x) =
sign(|z| < 3))» ArcTan (o'(z) = w) A Constant 1 (o/(z) = 1). WHEFER, AW
HAr 2Pl 0/1 B6RE, AL SOTA K. Rltk, FRAMEH R EL ML, HEEHN
¢32k3s1-BN-TF-{{SEW Block (c32)}*2-MPk2s2}*5-FC10, AR %k SEW il
Fil ADD {E% g % H &R T BAMCER S $0 3 5] %

Tab 22 AR FR B 5L IR SNN M B M 2K IS0 . B OARE TR A 8 1 7T LA
G (B b B ERAE /U R R, (AT IR SO S, S RS
Tab ] B W], SEW ResNet tH{QHLBAFE 5 INEHE, [HA S BAL LG B AR IR A3 66 20
Spiking ResNet A 5 &G E

22



JEUR S SO

RELpEEL  SEW ResNet (ADD)  Spiking ResNet

ArcTan 0.8263 0.7733
JSENIZ 0.8256 0.6601
HH1 0.1256 0.1

£ 9: EHARREKEAE CIFAR-10 Ll SEW ADD ResNet 1 Spiking ResNet [f]
HERTE
A6 FHILME

B SEG ¥ A SpikingJelly [[1] SEBL, 1X4&—NEF PyTorch [41] FIFFIR SNN VR %
SIHEZE . JRARES RTAE https://github.com/fangweil23456 /Spike- Element- Wise- ResNet
SR 7 R PR FE A = R, FRATIAE B A AR s FH AR [R) R R

23


https://github.com/fangwei123456/Spike-Element-Wise-ResNet

	简介
	相关工作
	脉冲神经网络的学习方法
	脉冲残差结构

	方法
	脉冲神经元模型
	Spiking ResNet 的缺点
	脉冲元素级 ResNet

	实验
	ImageNet分类
	DVS手势分类
	CIFAR10-DVS分类

	结论
	致谢
	附录
	超参数
	随机时间删除
	DVS 手势的发射率
	带有发射率的脉冲 ResNet 中的梯度
	0/1 渐变实验
	再现性


