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Abstract

Abstract

Spiking neural networks (SNNs) have excellent performance and broad application
prospects in low power hardware, algorithmic interpretability and real-time applications
of brain—machine interfaces, so SNNs play an important role in neuromorphic comput-
ing. However, the SNN learning algorithms still can not achieve the similar performance
as deep convolutional neural networks (CNN) due fo the complex dynamics and non-
differentiable spike events in these networks. To solve the problem, a feasible solution
is converting CNNs into SNNs (CNN-SNN conversion algorithm). In this solution, a
SNN similar to the CNN in structure and model size is firstly constructed; then a high
performance CNN is obtained by using the mature CNN training algorithms; finally,
the CNN weight parameters are converted into the SNN architecture to get a converted

SNN with high performance.

Some promising results have been achieved in the researches of the existing CNN-
SNN conversion algorithms. However, there is still a gap of the SNN practical ap-
plications in the accuracy and the convergence time aspects. Moreover, the existing
conversion algorithms can only convert shallow SNNs. In view of these above prob-
lems, we study the inherent relationship between the conversion algorithms and the
obtained SNNs in the accuracy, the convergence time and other aspects, then propose
three conversion algorithms to provide an important theoretical basis and reference
design for the construction of high performance SNNs. The main contributions of this

dissertation are:
(1) Deep multi-strength SNN conversion algorithm

This dissertation presents a deep multi-strength conversion algorithm with dynamic
pruning, through relaxing the restriction of the spike strength to obtain deep rhulti-
strength SNN (M-SNN) and to decrease the convergence time of the converted SNNs.
Specifically, a multi-strength spiking neuron model is firstly proposed. Then, a M-SNN
structure is introduced to support large scale deep SNNs. Finally, three aggressive
dynamic pruning techniques are applied to reduce the computational operations by 85%
while maintaining the same accuracy. Experiments show that our algorithm achieves

99.57% and 94.01% accuracy on the MNIST and the CIFAR10 dataset respectively,
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outperforming the best results for the same period with 0.13% and 3.16% accuracy.
Meanwhile, the convergence time of the M-SNN is 80 time steps, with 3.7X convergence
speedup.

(2) Low latency deep SNN conversion algorithm

This dissertation presents a restricted output training method and a false spike
inhibition method, observably decreasing the convergence time. The restricted output
training method normalizes the converted weights dynamically in the CNN training
phase, solving the firing rate saturation problem. The false spike inhibition method
reduces the false spikes through transforming the inhibition problem to a linear pro-
gramming problem. Experiments show that the converted SNN can converge within 30

time steps, and the accuracy is 94% on the CIFAR10 dataset.

(3) Very low latency deep SNN conversion learning algorithm with the back-
propagation process

This dissertation proposes a very low latency deep SNN conversion learning al-
gorithm based on back-propagation. This algorithm brings in the back-propagation
algorithm to learn the valid features in the spike trains in the converted SNNs through
the connection between CNNs and SNNs, and further reduces the convergence time
of the converted SNNs. More concretely, three severe conditions in training deep
SNNs with back-propagation are analyzed; then the converted model parameters are
proved to be capable of handling the spatial information in the converted SNNs and the
weight initialization algorithm is introduced to support the deeper SNN training with
back-propagation and decrease the train epochs of back—propagation; finally, an error
minimization method and a modified loss function are presented to further improve the
training performance. In experiments, these three algorithms achieve the accuracy of
99.44% and 91.52% on the MNIST dataset and the CIFAR10 dataset respectively, and

the convergence time steps are 4 and 10.

Keywords: Spiking Neural Networks; Back-Propagation; Convolutional Neural Net-
works; SNN Learning Algorithms
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Spike Pattern Association Neuron
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Figure 1.1 The development history of artificial neural networks.
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HIFRAANNER, FFETHE—EATHEMENRT A, 19604, Widow
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HIEEEFHREER TS E, WE 125K, ELEF, spikingR Rk
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£(19814F)[41]. FitzHugh-Nagumot £ JutER(19614F)[42]. Hindmarsh-Rosef#£:
TR Y (19844F)[43] LA Relzhikevich#§ £ TR Y (2003457 )[44] - 72 Fik 17 4 2 X 48 7
- MR R E T E R R IR £ Ju i B (Integrate-and-Fire Model) P4 % fik # 1 §2
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0 Network Models Over Time
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Figure 1.2 An overview of how models for neuromorphic implementations have changed over
time, in terms of the number of papers published per year. This figure is from Figure 8

in the work[3].
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VA — o3 T 3 A 75 1 1 S Y B B A 2 N 48 2 D) VR B AT . o F, SPANE
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Figure 1.3 The technical system of neuromorphic computing.
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TALKBHEEN, BNRBKAE256MEETG. 25674 5 LK 64001 5
F4096/4 P % T LARE 10075 N1 48 70 DL k2,562 A Fefid. #EXT T S0 & K
S H T I THEEL91/10,000. 20184, HEME/R /AT H Loihidth A112-
114, SRR R EE, TR R B R B, B
S ARE IR . A NEE S 128N ER, MR LUERLN1024 MR A TT
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#J(non-von Neumann Architecture), % f1 LI, 000, 0004 7] 4R A2 A Bk b4+
LML, R H256,000,000MHE T RARATEE K. %8RB
UFEN ARG EIRMEM AR 11/10,000. FFE—HH, X TFhkFHEN
KR AR DAESIX AR KIZ AT L B AR, WA RS R A TR, B
ez bh, —BESZRAREIKMRIEIE, thmylE O $iE, SMHELEE
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B Rk A M BB I HIETT L

SR AN AT, B, BRI, EREUEE L, ot EmEr I
EHEETERSRESR S MERLMRGNEE. X—AERkAHER%
MBEANTRERRE.
2.1 BANBOPHREREZE I ELBER.
Table 2.1 Spiking Neural Networks Learning Algorithms.

Algorithm J Training Type l Learning Rule ‘ Neuron Model ‘ Model Size Datasets
ReSuMe[55] Supervised STDP-based LIF/HHE/IM” Single neuron -
SPAN(90] Supervised Sequence Convolution LIF Single neuron -
Tempotron[84] Supervised BackPropagation - Single neuron -
STDP-network[60] Supervised STDP-based IF/LIF One hidden layer MNIST
SWAT[56] Supervised STDP-based IF/LIF One hidden layer -
STDP-network[61] Supervised STDP-based IF/LIF One hidden layer MNIST
Spike RBM[120] Supervised Contrastive Divergence IF One hidden layer MNIST
Spike DBN[121] Supervised Contrastive Divergence IF One hidden layer MNIST
Event-driven CD[92] Supervised Contrastive Divergence IF One hidden layer MNIST
Spike RDBN[93, 94] Supervised Contrastive Divergence IF One hidden layer MNIST
SpikeProp[76] Supervised BackPropagation SRM One hidden layer XOR, Fisher Iris
RProp[78] Supervised BackPropagation SRM One hidden layer XOR, Fisher Iris
SpikePropAd[79] Supervised BackPropagation SRM One hidden layer XOR, Fisher Iris
EvSpikePropRT[80, 81] Supervised BackPropagation SRM One hidden layer XOR, Fisher Iris
Multi-SpikeProp[82] Supervised BackPropagation SRM One hidden layer XOR, Fisher Iris
SuperSpike[122] Supervised BackPropagation LIF One hidden layer -

Lee[85] Supervised BackPropagation LIF Two hidden layer MNIST, N-MNIST
STBP[86, 87] Supervised BackPropagation LIF 5Conv+2Linear MNIST, CIFAR10
SLAYER[88] Supervised BackPropagation SRM 2Conv+1Linear MNIST, N-MNIST
HM2-BP[89] Supervised BackPropagation LIF 1Conv+1Linear MNIST, N-MNIST
Panda SpikeCNN{123] Unsupervised Auto-Encoder LIF 3Conv+1Linear MNIST, CIFAR10
SDNN[67] Unsupervised STDP-based LIF 3Conv+2Linear MNIST
Diehl{66] Unsupervised STDP-based LIF 1Excitory+1Inhibitory MNIST
LM-SNNI68, 69] Unsupervised STDP-based LIF 1Excitory+1Inhibitory MNIST
CNN-SNNI[97] CNN-SNN Converted LIF 3Conv+2Linear MNIST, CIFAR10
CNN-SNN[118] CNN-SNN Converted LIF 3Conv+2Linear MNIST, CIFAR10
CNN-SNN[124] CNN-SNN Converted LIF 2Conv+2Linear MNIST, CIFARIO
CNN-SNN[99] CNN-SNN Converted LIF 5-16 layers MNIST, CIFAR10
CNN-SNN[125] CNN-SNN Converted LIF 3Conv+2Linear MNIST, CIFAR10

* HH indicates the Hodgkin-Huxley model[126] and IM indicates Izhikevich model[127].

A RIE, ARERB AT HEMNENNGHEE, AFKEH &
ARG T R 2.1 REEET U =3, B g g s>
% 1 (Supervised Learning). k#5245 9 I B 5 3 B L (Unsupervised Learn-
ing) LA J% Tk v 3 22 ) 45 4 B 3 2 5 V£ (CNN-SNN Conversion). AR 2.1 LLE
H, By g W S B R KA N E I B BRI AR A 2/
R SIEVE, RN RS ST SCRT AR 4y S BT R ARUE I 2 1%
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) 1 B % =] B (Hebbian-based or STDP-based Learning Algorithms). Z&TF Xt L8
B B ) WA B 52 3] B ¥ (Contrastive Divergence Learning Algorithms). Z= T Bk
5 57 B W5 B 2 5] B 5 (Spike Sequence Convolution Learning Algorithms) PARET
BN R AL ) 578 2 3] H L (BackPropagation-based Learning Algorithms). X338
B I BRI 5T R | SRR B BB R 2 R 4R BRI N (B S — AR R),
i RER/PREERR LRIE, #InXORETES MU KFisher Iris#iidf &2 . IR,
T H P — LR R B 77 (K T AE[85, 86, 88, 891, IRIGBkITHFZ M4 1 EHE
IR, ERNEEERAEZRLSINAR. AR 21FAEH, KimEMEiEl
B EBETR MERSW B, SUREITF M TAET /D . HE T A B B
HEME LI EEE, BT E N &SI R B B R IRAS B kiR 9 4 N 48 B B BT
BRK, BETII6RE. HFEHET LIEMNISTH A M K CIFAR 1054 -
EUSFERAME N Z R AR BER .

2.2 fkAHEZ TIEREIA

BRIk AHE TR T EAFENR: REYERNHETER., £YRR
F AR A . TP TR R DL R SRMAR & JuAE AL

221 AWFHMZTIZE

A H T2 A Y2 N £ ot 2R Hodgkin-Huxley# £ Jo AR 24 fTMor
ris-Lecarff & JuiE R . |
19524, Hodgkin F1 Huxley [40]#! Fi Colek B F FE B EH A1 H AR SR8 7 12 ok
RN A IESIH AR LB, HEXEHIENEM EHESH—ARA 0
D4R R T RAFIT RARM B EFHEE, R AHodgkin-HuxleytH £ Ju
A, ZEBEFERR M3MARRENE FRR, BFAETWa)RE. 64
BTEHBENEEGSCIBTHIREMEE, HEBRSNMENOTE 2.15
N AEFBREFEABRASINETREEZ, SHT-TEES. SRR
RIOMANBIGES, ARSSRRET, FNEERERZ A ERER, 0T
X QHFIR:
1) = c% + Zk: L@ 2.1)

HowRrERS, S B En B ifi(capacity currents) NI (1) = C%, H
RCRN S IR AP 4 T0# B 2 X2 (lipid bilayer) R R AL . =AMREBETF
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FE K 2N ERREIEERI

38 18 B3 (fonic currents) 1 F 2 (2.2)R5E «
Z Ii(t) = gn,m*h(u — En,) + gxn*(u — Ex) + gr(u — Er) (2.2)
%

HHEy, « Ex+ EL A=A BIER YR 7 (reversal potentials), gn,~ &x~ Rz
ANEIE B S % (conductance), m. n. k[ ]1Z2E (gating variables).

Outside T ll

% ™ K I,
i } | }
Cn= :E Ry Ry Ry
- S + +
N

Inside O

[& 2.1 Hodgkin-Huxley##£2 STIR B B F N R ERIE .
Figure 2.1 The equivalent circuit diagram of the Hodgkin-Huxley model.

B4/ 8 @ IE 1 #5252 (conductance) BUR T AL IE A 4 IR 2, FR4
B 40 A BRI B # 2  3k R 2% 2 JR 38 (Boltzmann’s principle). 2T LA
HE®, AT EENETEEITHNSSEE, TR 2.3)- Q5FR:

B = )1 = m) = iy 23)
% = om()(1 =) - Bali)n 2.4)
2 = ap(a)(1 = h) — Fu(wh 2.5)

FR©23)- 25%, BHon@) an@)s an@)s Buw)s Bu(u)s Bu(u)itE L0

T
_0.01(10 — u)
am(u) - exp(l%“ ~1 (26)
01025 u)
a'm(u) - exp(2516u) -1 (27)
an() = 0.07exp(—210) 2.8)
Bon(u) = 0.125exp(—é-‘6) .9)
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Ba(u) = 4exp(—%) (2.10)
1
Brn(u) = W 2.1D

Hodgkin-HuxleyM &L TR R EE, FAMUETENSHEFTEYMER T
AEME, MAEAMANRIRARMES . WRIERK. WRESENH. BFRZ
B EE SR AR TR ERM. ZEAMERENBEEMASLK, #HH
SR 1 75 0 P 1 20000 £33 30 (fB 045 0B B2 019 FE 10V A3 B [127).
BRItk A P 2O R B AR R /N Ao 22 T 5 |

19814F, Morris il Lecar [4118 F§ — A5 188 f— W — e 8 1 5y 72 4A
fel {tHodgkin-Huxley# & jLiE B, FRZ J9Morris-Lecartf & LB Y. ZE AR
TEHMBERNNRAEFRCa MK E FEEMNSFHEERE. ZMELER
AR Q212) KA 2.13)FT7R:

du

CZ =]- gL(u - EL) - gKn(u — EK) — gcamoo(u) X (u — Eca) ' (212)
dn
7 AW)(ne(u) — n) (2.13)

HhuRmReBs, ERoRIMNNER, CRREBRSE, g gc.~ g~ NIREIEIE.
Ca*™. K*E =B T8 B F=HE (conductance), Er. En,~ Ex A=ABEK
181 %% B fi (reversal potentials). '

[1ZEEme(u)s noo(u)~ A2 TR

) = (1 + tanh[“="47) (2.14)
2 Uy
_ l U— U
no.o(u) = 2(1 + tanh]| ” ) (2.15)
_ 2 U — Us
A(u) = Acosh| i ] (2.16)

Hefuis o us W RARSHNBEEHRESY, IISHERE. XASH
K —H % W BUE[127IAC = 20uF/cm?, gr = 2mmho/cm?®, E; = -50mV,
gc, = 4mmho/cm?, Ec, = 100mV, gg = 8mmho/cm?, Ex = -70mV, ul = OmV,
u2 = 15mV, uz = 10mV, wuy = 10mV, A =0.1s"1. ZHERIEFEC00IRET s 1ESkR
IR RIZAT 1ms[127]. |

Hodgkin-Huxley#f £ Juts £ f1Morris-Lecart¥ £ Jue BY & 2 {5 B JE 25 1 5 4
T FRARE RN E T BRI E LR, ERXFHMEENEZE
HEREHER.
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222 HHIERHHETRE

SEIFI RN AL NN ThBE H AN 524 T ER M HLEAT B T RE IR,
I — 2o 2 TR E IR TR A Y T4l B 4T e, TR D R B
ZEE. REMHZTHEEATE, FitzHugh-Nagumot# £ o ZY[42]. Hindmarsh-
Rose 2 TLAE R [43) FlIzhikevich 8 £ TTAE R [44]

FitzHugh-Nagumo?¥ £ Jo# 7 (19614F) & Hodgkin-Huxley## £ ST B4 ) — 4E
FHREAEAIRA. BT Hodgkin-HuxleyH £ T AT HEE KX, RNE—HE
MU BRI MM FREE, ETHES T+ B, 195084 K, FitzHugh
57T 4% — o B85 R T £ £ (4% Bl Hodgkin-Huxley 48 0 R 7Y 46 12
[E B R R AL B . £ W 22 B/ Hodgkin-Huxley# £ TR A FH Na™ B + 18 18 B
FETTEEmRI S B RT KB FERENEE T En RNa B T BIEMH ]
RN, BB FERERE, Baflhz 7908, KHodgkin-
Huxley# 2 TAE R (N4 F A2 AR A HTEH . ZJ5, Nagumof “HRE
BB, BRI T 5 REARR M E T RIS ASRE, B
M RIFR 2 F9FitzHugh-Nagumot# & e R, HEEHAWM T AR Q17DUEARK
Q.17

%:a+bu+cu2+du3—v 2.17)
d
E‘ti = e(eu —v) (2.18)

Heh, yRRHZTHEEANPITE, KETEVR—MERE, a. b. c. d.
e eAEHITRAFBITANERE. ZEUURIMETNE. BHUL
WRaSERNRBE TN SEREL ImsHETTET, FERERERKFERE
BERAE[127].

Hindmarsh-Rose 2 LA (19844F) & 7 —Fh & WA ik & ot fy, FE
FA SRR B 2437 BUAE 2 T0 R 55 P B FE RS 3 (the spiking-bursting behavior),
FIRTTRRAIM T A (2.19)- Q21DFTR:

E=v—F(u)+I—w (2.19)
dv
2 = G - (2.20)
dw Hu)—-w

A (2.21)
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Hf, uRrMETHRES, vRRIRERE, wRNBRENER, IFRRt
HRMANBER, cANMAER, F. G. HRE -SSR, BEEAWT:

F(u) = —au® + bu? (2.22)

G(u) = ¢ — du? g (2.23)

WBH, A%€a=1.b=3.c=1.d=5. REHATEENCERS, ATUHET
HRME T — BTN, ZRABEImsHAEITTEIT, FHEFL20KE S8
fE[127].

Izhikevich##£2 Ju A5 B (20034 ) & X Hodgkin-Huxley 8 £ Jo AR B (1) — Fh & 4
il 75 RTTAE % KR FrHodgkin-Huxley 2 TEAS T 76 30 ) 2 77 T R T i SR 40
EYEEEREMET, ZERKERD TEIE T TN E s E R
M msH A TELT, WHFEIREZESBERE127]). ZHETTER WEE#HD
IMTFAR (2.24)- (2.26)Fi7R:

d

d—’: = 0.04% +5u+140—v + 1 (2.24)
d
E; = a(bu —v) (2.25)

Hep, uRrMHEmBERS, IRr/MmARR vEREASHNKERE. &
fREFuBLRER, HETEIRE—NIHES, RNEIN TN

Uu=c
if u>4+30mV, theny (2.26)

ve—v+d
HA, a. by o dBHAEESE. AR (2.26) XML TERIERKITZ G BI—BA
NE. HRAB—HSE NG, b, c,d) = (0.02,0.25, -65,8). Izhikevicht#£2 JLiHEI4E
4 T Integrate-and-Fire# £ Jo 1% & flHodgkin-Huxleyt# £ TTAE R B8 &, BEELE:
BIR B AWM E IR, BB S IR BRI RS T A B
UMM ARARE, XNEFHTAREKTHENERTE.
2.2.3 IFHZTEDR

Integrate-and-Firet# £ o8 BI(LL T fET#R 7‘9]1:1“*‘ Z LR ENR — R FIE 4Lk
HETTERE S, X HAMER KL o B ETT T IRKHI L.

IXRAER B B B2 B2 % 4 K Leaky Integrate-and-Fired# £ Jo#8 RU(LA
T ALIFMHE TR ). R [E T Hodgkin-Huxley# £ ST B A 1/ A2 DA
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FERAHENEEREIEENA

J23/ B8 BEL B CRT RE3AN BS T3 1) SRAB A s AR AU 2 T BN SRR, LIFMZ TR
R A P AL & — A e PELES 0 — S B 2R 0 14 22 L B SRR 2 & Ak, 0
B 220w, Bk, HEWETOEMRARERNEE: IHETABRRERS:
2R BT BE, SN RIERK.

Outside ¥ | )

A g

1

| |

! t
= RS ut————s

1 + t

1 -

\:, -Izjrest ﬂ

(L UFESK-
Inside

& 2.2 LIFHL TR F MR EE .

Figure 2.2 The equivalent circuit diagrain of the Leaky Integrate-and-Fire neuron model.

LIFf 2 Ui AL AT AR 3 7 ST /id . 56, EWNBRRIOBEAR 2.27)
T 7~ P B 5 LR A
I(0)=Ig + Ic (2.27)

He, $—Tp ol BEBRK R, B R E R A

UR U— Upesr
I = —_— = ——— .
R=% R (2.28)

Heft, ue AR S BoTURFRERCLRRMBN, REEIGHL

T

_dq _ du
T dr Cdt
Hh, gRTBEASHENBENE. FHik, RELRARK 2.27)- (2.29)7] LIHE L

Ic (2.29)

U~ Urest du
+C— 2.30
R dt ( )

I(t) =

BARFILFR e LR, BER (A, = RCOBFERZ A TES, leaky in-
tegrator), MTHE HLIFA#H 2 TR B ) E AR IR

d
de—’: = —[t — tyos] + RID) 2.31)
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HTFRE-NRE, LIFHZTEIFHTHEEILLEE S, S458%Es
o EREANES, RLERBACRIBE. BRABBMESRNETA. %
AR Ims A& TTIB1T, UHFESIRE [RIBEERE127].

LIFHZ TR R R G KX R B A & L, B To R bk v B AR
DL AE =GR, — &R 5 HIntegrate-and-FirefH £ T EE IR TR XN &, H
B N T L) ik v e 42 T Y 32 B0 Fi Integrate-and-Fire with Adaptationt# 4 7T
HEAI[127] Integrate-and-Fire-or-Burstf#£ JL#E E[128]. Resonate-and-Firef#£: T
FRZ[129] PA X Quadratic Integrate-and-Firef £ JTAE H4[130] . ’

Integrate-and-Fire with Adaptationtf £ 7o 15 2@ it 38 i — A 2R 43 T F2 ok
MR EUELRE, BAARWT:

__‘Z =I+a—bu+g(d-u) (2.32)
B dg ed(t)—g
- A -3 2.3
dt T (2.33)

A3 (2.33) MR ER B&E M H R TT KSR ERE, ()RR RS, IFRR
BN, TREEIE, v by dv cRBHSE, WEREMIms A TTEST,
THHEL0RIZ AU B 1E127]. '

X HR[128]$2 H T Integrate-and-Fire-or-Burstif £ fﬁﬁiﬂ R T ERifE T
A, BARATI T FR:

d
d——I; =I+a-bu+gHu — up)h(ur — u) (2.34)
if U=tpresn, then u<«c 2.35)
h .
dh = if u>u,
— = 2.36
o o (2.36)

= if u<u
Hoh, IRFBNER, whnresn TRBRE, av by cv g« uys ups . 7 2HM
REHSH, HCORTFBAMEREE . ZEIE st E 0BT, HFE-131K
F RIBHEERE[127]. _

Resonate-and-Firetf £ JuAE Y & —A> 4 ) Integrate-and-Firef# £ o8R!, &
(7N W

az_q, (b +iw)z (2.37)
dt
if Imz=amresn, then 2z — zo(2) (2.38)
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B E BT A& PR R ¥ BRI

Heb, (RETE, HSREBSRRTERE, IRFAANBR, dnenEBHEH
B, by wHEHISE, ()R ESHRWETEEN EARENRE. ZE
R I ms R TTIEAT, WFE10F Rz H&RIE[127].

THER[13118 T R R ARk P SR i #0448 15 VX 3R i Quadratic Integrate-and-
Fire#f 2 oA . ZHE R I EE R 20 T TR .

d
;£=1+am—uwwm—ume (2.39)

i, uRRMETEES, IRFANAR, weaEHRH, whrenEHAH
rﬁ_ﬂﬁ’ ﬁ%fi’tﬁa > Ou&uthresh > Ureste ﬁ#ﬁﬂ*ﬁ?&lmsﬁéﬁﬁf@ﬁ‘, Yﬁ'%ﬂ?ﬁ(
i RIBHEIR(127].

2.2.4 SRM#HLZTIED

BT = 2 Bk 2 TR R B TR AT R, TISRMAF & TuAR B
(Spike Response Model, f&I#RSRM)[45115 i fR AT R KRR M 2 T K ZN AT
N FES T U EERIFS A TERKE AR . ZHE TR AR
HHulEABRIREEE, ERANRAMZE . AR ARERME TR
B DL AN MR TS AT NI B, BN ETTER 2B
B u() BT FTEA (2.40)H#id

wi(t) =t —E)+ » wy Y &t~ it = 17)
A (2.40)
+ /0 k(t = £, )I® (¢ — s)ds

Hev, AFRRIZMHE T b — IR R IE BRI B8 E], ty)ﬂé%ﬁﬁ}??qﬂ%ﬁjﬁgﬂﬁ{*iﬁ
NBFE], I RRINBBNET, w, R EE iS5 AT AR RMAE .
REFIF# 2 TR b 2 M E{EY,,, SRM#ZE TR KR EHEH
EER T — 7,00 F R
Vi —  Va(t-£) (2.41)

S 5 TEALTE R B 2 R BLA Y, TR 39 AV, B B PR — MK
ME: HETEl > £+ AR, BEZSMIEY, BN EREM A T T RA K
B
T AR €Dk BT LLAF SRMAEE TE BRI FRLIFHH 22 T
T, f0 R AR
§
7(s) = trexp(-—) (242)
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e(s, 1) = % / ) exp(—Tt—)a'(t _)dt (2.43)
. 0 m
k(s 1) = %exp(—Ti)(a(s ~H0®) (2.44)

H, () NHeaviside EH, o(t—1)RANEIFAE TR HE TN, u A
VIR RS, 1, RLIFME TR R R HEE, CEBERNE.

225 MHATHERRL

A AR T 428 AR 2 AT . B TTREI R ERE, B
AT RO e S A AT TR . ESTRI127]F, e
ZTHRTENERRFEL L N20%, B Tonic Spiking, Phasic Spiking%54%.
SCRRT127] AR 4 5 Pl 20 TE A 2 75 S b SR 5 20 ALY B 37 2
t. AR, AT EANCUENFE AN HERE, HETEANEEE
REESGNATOTAEE. RES OB TEBNRETRE, TSt
HE MR TR R RN B ER. Fik, P HE RIS TR Y
AR SR e A NREE, WTE 235.

More » T Hodgkin-
' Huxley

g

=

[<}]

=3

£

o

O

Less_

~
r

Less Biological Inspiration More

E 23 EEWER R EERENSEESERAENEMLERREE. XEREXL
RR[12719 [E24 4%
Figure 2.3 A qualitative comparison of neuron models in terms of biological inspiration and

complexity of the neuron model. This figure is from Figure 2 in the work[127].

HERMEMEESMALERES LRBEHEENE, THHAKNHE
TR AT USRS EEAE RN TR 8T Bk uii iy
Ma, GRAEEME PR TER R A ETESs TLIE 2 TR . ki

27



TR S Rk 2 W 4R B ST IR AL

B, 2 TR KRS TTEh SRR BRI A SR A KIAANTH
ZWME A EENRR. bk e M SR AE R BRI 97, 991F,
] DL e 5 P IR 26 TOAR B HE 2 0 ke 2 P 48 T LA SEBLRAUB AR 2 P 45 11
PERY. HIbL, ASTUCAME TR o Y R e 5 R AR DA ke AE A A2 L
R E A KBS T I EI B, RT ke M KF s R+ T
RFHZ IR U R R, S MET B ERMN T EHA Bir.
PRIk, 48R E0 4 B 22 P 48 2 3 B i R R B LIF AR 2 U AR 2 LA SRMAH 2 LA
FUVE R GBKHE N & ML TTRR, W3R 21987,

2.3 BKHEREAR

KNG — =MW oBREIREMETRT L AN ES, 2d4BERRE
AR R A TESHEA RN, BRHE, XNMEIBENNESRTZ
PO e, RN BT 7E B AR RO B IR) N SE AR R A B R 7 BB AT, KR
B A MRBROEAE. SZHAIBENRER: FRRIAHRNRMAETTE
B2 BATRETRIZE E AT E E S ER AR D AR BT 2 X B S ETT
18] B BRI R AD 7 A %

ELE1926%F, AdrianftiE ] T ¥AFEN LK EERPIMEET), TN
RS A T ) K R BT S KRS . R I KT IR G i (rate
code)iRft T —EeiF4E . R GR L7 AL BRI HE & M 48 T LBl KR =
o, HLEMS AR AN THEMBMA AT, XMHERRHLTT
WEWETHEERMA. LI, P ENEENEREE KR EEET
SR GAD TR, (R %M gAY T B — B AR S B AE B Bk AR, (R oA
StFEAHIEITR, RGBT RNFAERME. T EMmD T A 2L+
TEW S 1SRRG AE 38 BT T RO B IR FEE KT K AR 24T AR LT 7
s 2 SRR TR R Bk 2 S E & e FEE. tin, Christopher
deCharms [132]6F 75 % B2 R OB KR I &4 T, IR 3 B IR o B9 42
T6 AT U2 T B0 s 2 [R] A AE X B [B] SR AT B 7 4 4 (temporal code).

ST TSR, B FHEEE RIMFEFEE RIS & LN FHE
HFRAWM TR, WE 2.4F7~. Time-to-first-spike4a iR NG & Toi% Rz
2 TTAE R ) O ORI AR R (R SR B E R, I 24(@)FTR, £E
TAEAIEA PSR FUEYE[133, 1341 BA R 4 P 2% 1 SEHR[135, 136]. Rank-order
coding% F5 {3 PR ik b 75 30 22 N 45 71 1 5 J5 U X HEEAT s, W0 2.4(0) BT,
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FETEEFEATLE FUFHE[137-139] DL KA M 4% 41 ST [140, 141]. Latency
codef# F #4148 70 2 18] ik vk BO B (/] (RIBR b 4T R85, W F B 240 FTw, FETE
AFEEIRY FIIEHRS1, 142]. ZRASA S BT FL[143-145]1 LA B 4 P 2% SEIL (55,
146]. Resonant burst model[1471R R~ A — RIVB R AT R EEFHETTER
FEANRERK, W 2.4(d)FTR. Coding by synchronyR s 244 & W 4 B B F
—YMERE B, BHRRN—FMETAI kR, Wl 24@fn, TET
Ve 3E— e 382 | IFHE[148-150]. Phase coding/# fl —/M 1 S HIFLIR R
IR =S N R BRI 24D, EET R —tehm
% EBIESRI151, 152] BA R A4 R 425K E[136, 153].

stimulus ®
| L ) e -
nl I n2
n2 | | n3 o g
[e—
n3 I n4
n4 je—®@
time nS .
At time
(a) Time-to-first-spike (b) Rank-order coding

Burstl Burst2

nl stimulus

n2 ’

n3 nl'u(t) — ‘ AL ~
n4 ;

n5 n2,u(t) R l

time
At1 Atz Atz Ata time

(c) Latency code c}) Resonant burst model

nl

nl
n2
n3
n4
n5
n6
n7

n2
n3
n4

— e, NS N
(e) Coding by synchrony (f) Phase coding
& 2.4 6TE NV ET IR RS eI B IRAZ S R o

Figure 2.4 The 6 common spike coding methods based on the temporal code.
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RN ETE XA, WEMIZAKRMAEE, RZMIE. 19974, Ruf
Schmitt [50]%&?%& T —FRE T BRI R R (6] A9 M B Hebbian¥ S Bk, BEEAD
FAREF, ZINITREBE=ZAKRE, FRABUE S50 T RFR:

Aw,, =n(t, —1,) (2.45)

HEF, us vRRIFAMETT, 7 > ORREIE. WHEZEL - , RFHFRE
TCutE o Z I K A S P AR 2 Jov7E s, IS ZI RO B P BT A] 28, TTDAEERZE
AEREFHIRE. |

A= WP 22 X 25 o Jike 1SR BB TR IR P R A& (S R E BEKIE . —, Markram
% [S114 G EY% L% IR T STDPE N(Spike Timing-Dependent Plasticity, fk
BT EAKRA AT 22 4%) . %5 U 2 Hebbiandk U A998, ARIE 2 J0 Rk 1 25 5 IR
R, BRI AEENIETE. B 2.5ASTDPENWEAREE, EFAENT
B R SR fik J5 kv S T SR AR BT Bk v EIIE,  B1iE K AT FE %] (long-term depression,
LTD); 7 fUF ER Sl Al ik 46 T 95 f 5 Bk 2, Bl iR KB F2 1 98 (long-
term potentiation, LTP); 5 m R /R[155]FHEL LKL HIE. NIHEFTLE
H, MR- AEZTBRBIEE S — ML TARBIEZ EMRRE 4, iz
AF5mshf, AZBHERNEMLIEINLATO%, TiHRAZBHEENER S
H20% .

Input after output Output after input
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(%) @8ueyd ondeuis
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& 2.5 STDPENRERE. RIEB1S61FEIEL.
Figure 2.5 The diagram of the STDP rule. This figure is from Figure 1 in the work#E[156].

20104, Ponulak F1 Kasifiski [S5]3@ 1T STDPiZ M| Flanti-STDP: M| 7 2% =]
EMEE, RE T —Maxt kIl E L SEAHITEINTRBE%S
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% % (Remote Supervised Method, ReSuMe%i%). ReSuMeH %R £ T RAMPUE R
MRS B S S B R — R R vk, SR ABUE R A BRI 10 T TR

©veu(1) = [840) - S, (0)laa + /0 ) a5, = s (2.46)

Hor,  S(2)RNS,(2) 4 BT Z= A0 AT B B0 ke 7 B R0 2R i S B B R K R A
S,(OFTRIE R B R FEI, a RN T INERERESHEESH, ROo%E
Hag;(s)E X T Bk it [H R FAH AT R E SR AP 281, X TXERRM, &
$ra, NIEE, AR as(s)ZRSTDPIEN; xHF s B Ret, SHa, B0
B, ag(s)FRanti-STDPYEN] . H AR ZERETH L T K-

aai(s) = +Age 7o (2.47)

Hi, AZzREESH, uFRFILREFHEFEER. ZEENEATREN T
Bl 2.6F7R, BEHTEEMME TR WE Lol IR=MIER, Si(1)s S,(t)LAKS(1)5r
BIFRBN . B AR R TE, W, ()3 FARAUE BT AR .

Si(t)
0 Jag(s)St-s)ds ; . ™~ :
@ W F i
L I

time

] 2.6 ReSuMeE A RERE .. MRILICBRISSIFEIEFLEH
Figure 2.6 Illustration of the ReSuMe learning rule. This figure is from Figure 1 in the
work([55].

24.1.2 ETHAFFIEFRNEERIEE

e T bk v PR 71 2 Bk v R RO [RI R A R B BN B R 5, T DASE R AR R I

B k()M BB E G ATER, WG R SR 4, A
iy

$@) = S@t) * «(t) = Z x(t — 1) (2.48)

tfeF

HA, S@FS@)s BARREIRE HBKF I R R, R Bk A TR %
FRRIR K R TR TR M A B B B A IR ZU B0 &
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g Ly i —_— 2 BTa) Ay =—0.68
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(& 2.7 SPANE A REE . REOOIFELEITEL. ,
Figure 2.7 Illustration of the SPAN learning algorithm. This figure is from Figure 1 in the
work[90].

20124, Mohemmed %5 [90]% T & B8 H T SPANK #:(Spike Pattern As-
sociation Neuron). i%E =% I Widrow-Hoff%= 3] ¥E A BB Rl ALE, 0 F AT
e

Aw; =g /0 ) 8,(0)[Sa(t) — S.(t)dt (2.49)

Hr, §m\§@\$mﬁ%%ﬁﬁﬂﬁﬁkﬂﬁﬁﬂ\%@Eﬁﬂ%#?ﬂ\
BB RS . B ESEE TR,

$ty=Y xt-)= ;(t—tf)e_%H(t—tf) (2.50)

tf eF tfeF

Hrt, H(-)yHeavisideBk#§. 1 Leaky Integrate-and-Firef# & oiER!, RN LEH
ARG R R APUE AT AW T -

A w; = A/w Aw;(t)dt
I b (2.51)

= A= )ZZZ([If—t‘g|+T)e o= —ZZ(Itf—-t|+T)e ]

kF
Hp, o b SARRKRBN. . B B SR Bk R TR %
ERHATIRNE 27 R, BR—Matee s ="TmAMELTHEE T
B(A) T =AM RN P 5 s g SRR R BN T BIO) T REL R HCH T iR
BB, SRR REE ), FERB)F S, MNS, 7 B AR SERHA L
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FEIEH KT, R RERZL. i, 2TERE/EFUETa.
FHROFTHFIES FEO)FTHFIEMTREIR S, BRRAHNRMRER
th, WFEE)FR. ZEENHAR 2.51).

2013%F, Yu % [9113%2 FISPANFEEME K, $&H T PSDHE i (Precise-Spike-
Driven& ). A ETSPANE®:, APSDE R KGN FI#ATHER, A
PUB R R AR (1), WFRFR:

| Tosc@® = > k(e ~)H( 1) (2.52)

tf eF
Hep, FRRBKFEBEZ], FRRKARKBE AR EBEENES. H()
HNHeaviside K E, «(ORRNERIZEE . HFHRASUERBARXAT:

Am=n£?&m—&@mmmm
o PN EDIPIWCETS)
g f B f

A, S0 S,(t) Sty BT RARBTHANRSFFF. 55 ikt 51
HIB R BT ER, f. L SADARERIN . i BB RSB BRR R
FCE 1]

2.41.3 ETHHEEANSEER IEEL

(2.53)

o Eb Bf B 2 9% (Contrastive Divergence) & % fR 3% /K 2% 2 Ml.(Restricted Boltzmann
Machine, fEJFRRBM)IH H2EIHEE. RRPURZE B2 Smolensky [1571FEH T
— RN AN K E AR, A5 A AR E (visible variable) 5 &8 2E & (hidden
variable), W1 2.8F 7R EHv R AMNISTHRE SR 5087 B17841 Bk Bt 1
B0, v RN NRFNMFFEMETT, W FIW KRR B 8] B RATBUEFE R .

20144, Neftci %5 [921iRIE I HIXT LLEUBE 5, A T BRI 2 M4 1)
HEIREN R, JSSTDPIEN SXT L BUEEIEMLE S, /T T — M4 Ka) 1
Xt LB SR . FERT TR B(0, 2T, RARBUE RT3 an F zUFT 7R -
(%Wiﬂ(o,zr) =k~ Vi) 2.54)
Hh, ﬁi+ﬁj+%7ﬁ%ﬁE‘Jﬁﬂ@ﬁﬁ(oons&ucﬁon phase), v h; FRANKAEREAIE
WA, nRFEIE, (Yan = 55 [ di-

ZEBUB T ST EE BUE VR I B S R R IR B HE[93-96]. BT 2RI
IRBENR G R EMEAER, EHRERERT REREMKELF,
X7 TH BT TSR
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Figure 2.8 The RBM network consists of a visible and a hidden layer. This figure is from
Figure 5 in the work[92].

241.4 ETHETHEANMBEREIEE

X—REEEENTHEME T RETHE T RN R A BEEBPEE,
BackPropagation), KRR 75 IR IB Rk it 2 P 48 ) RAIPSUE AL E .

20024, Bohte &% [7T6]%F NE KR TEM Z RRIBKAHEMZKRER
e HE L, TR SpikePropH k. ZEIEMHEH TSRMMAELER, FHANT
RREZTAHRERER T REN SBAESME, REMNSFFHRER
KA TR EERIE DMK B XCREZE ()2 TR

x;(f) = Z wye(t — 1) | (2.55)

. t; €Ty
HA, )R RMEES, w R R MR i SHET 2 AMRMRE, %
TR ST AR 2 IS

BB AT RS R R e BHE R85 /N — BRI, 1 5 TR
B ()T AR M B BUERL, T 29078, A3 R6(xy) = —6x,(9)/a;
MoSTREZE,ONRBI: o = 22009, HIBRHEZ ML K
HHB IR RO STHE, T LAt SpikeProp &k U4 RIE NI T

Awy; = —nyy(E)6; (2.56)

K, wi BAMATThEIME TN kFRMVE, nRnFEIR, yen)Fnk
MRMEE, sHR TR

o1e Bx;(2)
0i = 6x,(t“)z T @.57)
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& 2.9 FERZI MHERNXEA, ox; 56,2 BHXRRER. REBI761TEBLEITES.

Figure 2.9 Relationship between 6x; and 6¢; for an ¢ space around ¢;.

He, MRMETiNEFHETES.

SpikePropZ ik B3 TR FE T BAM 1 B 2 I BB ik £ 1 —REE,
BREMARTZEERTT R, ERENERSCERTTH, @BIEXRARZER.
M2 TRk R S B B R RE U K ESSSE NIRRT T SMEIRE,
£1,¥ERProp[78]. SpikePropAd[79]. EvSpikeRT[80, 811. 7E PR ikt & HMAHT7
T, Ghosh-Dastidar 1 Adeli [82]%2 H [ B3N 75 22 IR il i t 2 AR T Bk v 0 /9 4
$h—. LiRSpikePropHE ik K Ky B 2 IR T X UFA & bk = £ 5 BRI &1,
H BB PRI E 2 A BN . R 219 A, X — RIIFIEIRBRIK
HHZMBNAE—NEEE, HOX—RIIEEMRE DB RERE AL
R, |

DL B O — b ke 28 PR 4% ) (R (R (5 B VA TE P 4R JUAR 5 T B A T — 2
BIER, BiltnsE 2,170 BIEIKk(85, 86, 88, 89]. 20164F, Lee %5 [8514 fiki £ Tt i
PR AL EA AR, RS RIEKRE Z KA ESEE ER KR E M 4%
RO . IXRERRTT LUK R ZE R A B LGB BBk 2 & B I gR e . ZEX
2R B SR B 1@ S B % (Winner-Take-All Circuit), HEJ2#, &FKIEMK
TR 2 TT A M RN H] R R H AR B 2 gk SR A A Rk K AT A . 20184F,
Wu £ [861K Bk vh A8 4 P 45 F 1B 2 F MBI+ & I 28 1 45 4 (Recurrent Neural Net-
works, fAIFRRNN)[158], R EEEIAFEE L F KL T0 FIETE K L Sigmoid iR
HOB R Bk R LS KR R IENLHE H A — 2 U Heaviside B E A BT ER BRI
¥, HEEEHETREE, LEN, TR0 FERA - RUKR
B BY A B B B I Bk R R A ALAI I R B 4L AT SR A SR T1E3F e N 4%
o [ AT [A] 19 % [ 4% 36 4 7= (BackPropagation Through Time, {&#RBPTT)[159]3KH#
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kR R 4 1 R R AR TR BT

20184F, Jin %5 [8OlIE I Bkt A IASRE £ R AMERRBUREMIDIRE, &
Rk R IR O R AL AR SRR ER A PR PSR E, FIRP R RES SRR T
Fkyr A 4 P 2% [ [ AR SR BLIR P E TR S M R R S 5 TH B MR A I R {E
BHBEEZ FIRALERE. NER R A EEEEN T XHR.

17 dé '
ill
Awyy = 6kef (1 + - Z W) (2.58)
= i
. O?Y{n for output layer,
6i »= K+l ekt (259)

1 ©r k+1 i .
S D1 O wy FoF for hidden layers.

Hef, Aw R AT SMETZ A RMRENEL, o RnBRHHE
TLi SHE T B Bk Z R R 2, oFRRFELE M Ei A TR Bk,
yrRAEE EmB BN E TR ILE Y, vRAHETTKEES.

20184F, Shrestha i Orchard [88]138 H Bk 8 W 45 ) = [ 46 3B vk oh U
FERKPPFR A TS KIEBK TR, RIABEA AT, BHRER, REHEIRE
B B 28 AR VI R R o2 ) SARALE B AR Ak . BT IR B Bk R TTAEAIIA
M B R % Bk ISR, Shrestha 1 Orchard [88]32 H FISLAYER & i A Hh 42 4%
TZAE. NTTAEE R EEEREE T RFR:

AL(t) .
T lf l=n
D) = 4 %" ’ (2.60)
(WO §ED(),  otherwise
§P(@) = pO(t) - (ea @ €P)(2) (2.61)
T
Vwao E = / sT D)@V (1)) dt (2.62)
0
T
v E =— / a¥ . eBDt)dr (2.63)
0

H, IRERKAAHEMNBHNEE p( )R ET0 R IE B AW 3E5 #
SHEBIEE, a()VRRERZa(OFMHETRAKTFEIINER R, oF
NERERE.

BESRYE, BAREMKHER S ERIGHE, HREIERT URE
P& EE Rk E M. B2, BHilXEREEETEREMEREE
T 10/ R Bk R N 25
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242 BHHREREIEREFIEE

Rk 22 4% (O e IR B S BB R B 2.5 ISTDPRIE I 22 ST & T
Z s E k. T STDPEN R REFRE N 4% = 8] () R ERAFAE, TEi2R1El
BT TS R [ R B — R4 R IR 4 B IR (A AE . [RIBk,  Bkoe
ZMERIERBEIERERNERFHBR, R MEHHERARRK.
kb2 R AR B % I BRI R Z , KRR LB B9 [66-69].

2015%E, Diehl #1 Cook [66]fEH = EM KM, MEMNEMER BRI
BEEBBREKARANFT, MNEHEIE UK HE T E RS R R
fE. SMEFHETTE T RIS TAESN RS RKET, XFRAL B 0 22 T S
RIE B F B I M A1 A 02 F AR A TT . SR 40T STDPEE IR ik e
2 T R ABUE BT IR

Aw = 77(xpre - xtar)(wmax - W)ll (264)

He, AwRRFEBENZE, fREBEIER, x, AEHETTRA R AAIAK
R (trace),  Xpo AR A T H AR BT I, oo RERMAUE IR K
&, pHZaTRRAAUERN E S ERE. MNEMEITA LUR I STDPIE N %3]
MNERARRIFIE. LAEMIETESENEERRFER, ZRETSRRGE
SRS RKR, EIRT @I 2 TR B AR AR A % i 4 T R H Al Y
MR T S AR, AWM R E e DLERIAEMRE. &5, @
NEHAETEARE TSR ERBIENSELSE. ZEEFTELIEDTHE
2.10F77R, HFhputRrMEHMANE, RE\EMNISTHIEENGRERHRBRY
A P AR R A B I BTN EF1;  Excitatory NeuronsFz s M FKIMNEHE TTLE
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SRR, O FO A B MR TT, B 2 T R R ) M A 2
TCE BRI A TSN KL KR, EEETAE[68, 691(20184F), f&i{k T Zbkif £
PRI &R, RN ZRESREE. &EF, ZLETURE-IMTRENE
HABLG 2 E KR E N

20184F, Kheradpisheh %5 [67]3 i —F & T STDPYEN £ ZEFR K &
%%, HMBREMIE 211~ B 58 F ON-FOFF-center ) DoGJE K 2% (Difference
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ing#m 575 XK B BiF 2 M Ak 731 . &/EERBE MR T #HLSTDPIE

38



0% BT ARG RN 5% B

[ 2.10 Rk Mg T i # I B 66] PR SR EE .
Figure 2.10 Network architecture of the learning algorithm in the work[66].

Aw, = awyl =wy) i 4=k <0 (2.65)
a‘w,-j(l — Wij)a lf tj -t > 0.
He, i*“jﬁ%']ﬁ%%ﬁiﬁﬁﬁ%ﬁ'—?%ﬁﬁ)ﬁ@%’éft, £ K082 X B A Rk v R 15
KA, a*Fla RBEINHZEIR, EEEXTECUEZINEIRE M IS
1L, '

Cr= > wral—wr)/mw (2.66)
F i

A, wpREEAFRERE AN REBUE, n,RRBINERER S H R
H. #C/MF0.018, ERZERENFEITE. BRENG—NEEIFREN
SRR K.

Cony-window 2“3;3 Conavindow
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Figure 2.11 A sample architecture of the proposed SDNN with three convolutional and three

layers.
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ik yeb e 222 R 4% FRORE 7R 2 3 BV R YR 196, 9TIR I LAE. #E2013%F, Pérez-
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1B 5 -2 {4 3% (Address Event Representation) f fkiHF 51, REHEIRHE R 2%
R A TR R R —F A R BRI AT, WMREEN AKX
ML, BT SR BT LE LR ERANR, ERESLRME
L KENE, FLZHAREE KL HEETR.

FE20154F, Cao %% [971F FHM A M EIEEF AR PR ERERR
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FRFRABES L. BE, BZETHEMETRESFEAIKT &M%
BIARSCER 2y, BN B a2 W& F I m RERNRE AT RLRMERE, &
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TR HE, ERKAEREANHETEETEREAERHEME R K
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KEPRPEE, ERXFMEIET R TR, Hhn T HEhikeeha
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1 B B — SRk 42 P 248 ) AL 166] o 2SR E 0@ T 43 17 Rk 42 TT i Bk
RIEHF], [LECERMHEM L LT it ERr e, ERABTRE MR
EZERR T BT R I EER SRR E NS . BT a2 Mm%
R TR BRI R IERR AN T 1, X 5ETRML R 25 1 0 RR H 1+ 2 o
R EAET, ERTEANKNELRE. ZRRELMERHHEEMNEN
ARG AN T B JE R AR, B b B0 7E 5 S IR ke 0 8 T 4% B e 45 D 4%
KRS E = TR -

AR Bk A T RIERIAE IR E ML & o B ER T 1819 &,
RET —MEZBERKFHEMZEN. BE, 27 BRPHENERTER
FERMARER, B3 THRAMETTERZATINENDENERER. &%E,
ET ERRERFAERRE, St 7T —MEBRERKNMET, FEERT SR
B LM ERHELERMEMENER. BT ZREKTHENENE
1, R T RAREEWNERIKIHERMS, RERE T =Mk,
WMAHIR D> T IRBERRHHEMEZFREE TR, B, BRI, EHT
RER K2 RE KL ML AR RIE PR M 4 FIRARE R, TR
EEE, HRTRAPPEEEREE. RN, =S IRERERRFEEE
Bt 2 MR AIREERKET, BRT FEIE S R E R E M 4% F85%H
BHE B,

3.1 BORHZ MR BB AR

T e 420 D 4 AR B o ) 350 [0 B2 R BV 422 7 O Bk b R M R
VLHC AR AR 22 P 4 s LA B B4 2 TT K0S Ja BB . Cao 55 [971 8 iR
H— R B R A P 4% H M 2 JT 18 LR e Bk 22 X 48 (1 Bk v AR iR iE LY
Hix. BREANKEHETENN D FEHEERAV(E), BAES A E
TR, BKAMETHREBBVEOHROT AR G.D-AK 3.3):

V)=V -1)+L+X@) 3.1

WHR Ve)=6, KEBKMHUREBERHZVE) =0 (3.2)
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R V@) < Viin BEEREBBV(E) =V, (3.3)

Heh, LREKRAASE, XORRESA NS FHE T ZHME T
R AR R, SRRV (T RIEN, W TS RIE— A, AR
BYVOVEMNE; MIERBVE)NF Vb, BB E AV

BB G (5 AT x THRUE, IAZEG, ) B R A A M 5 1
X (1) LA T AR |

3
Xi;(2) = Z Ap+ig+j(t)Kpg (3.4)

p.g=-3
Hh, Ay g ORTE—ENGERREHTFY], KygRRT x TERZEIEZR
ESH.
5 UK R 3% S r (1) 9 ik 4 2 TOAE A BT [B] 25 P 454 I (8] 25 B9 1 359 Bk e
REHE, WTFARFR:
r(t) = % 3.5)

HA, NFERKHMEE AR RN RERKTREHE. BAR GDHUES
X GHAHE, B REMEHENARTFr. FHitk, Bk L o bk K% 5
Zr()FARTF1. SHFEN, HELRNEFMENEPTHETRRLETRLE
1. BERIEV, BT MK EZERESFMEMNE PR R T180E, X5t
ERT —ENERIRE. YEERAMEMNSE N ZEINRN, XRRESADE
B, TRIXZRET YRS Bk 2 W 45 R G B DA R SUE B R TTHY
FERBEZ —. FEETIE08, 99, 18T — S HFIEMN IMEEMEZ I,
{BREAE N LR RZIRE.

3.2 SRERPRETMERIEREE

% Bk A T RIER B R FIMEMEE, A FRHET 2 5RELIFH
ZTER, EEETZHETEURES T ERMENE 5 LB E M
RIS M IR, BJF AT T 2 5B Bk 22 P 45 AR BT IR A B e e ik v
LML

3.2.1 ZRELIFFAHATRE
ik yein e 22 O 0% A T B e B 3k R B P BB A Leaky Integrate-and-Firet 48
TEHR (UL T RIRRALIEM A TR, AT BRLIFH & L LERT K T IRER
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AL, AR —H SR MR AT . SR R 4 A I R
3107

 ESARASH, BIENEALBELIFNE TEANERE ). %
B BN 2 (1) OB 1 T

2) := ALNe) = /I(Z wh it + bL) (3.6)

Forb, SEUR S TR AR AR 2 R P!, EO BB M LI
MERATERSVG — 1) 2B X3 BT FRER

Iry _ 1
o, = fzoor(max(v,"(t 1)Jrz"(t)’o)) (3.7)

T

ZRELIFMA T AR RN OB R EBR IV (OB BAREY,,. AF
FEEENIRERET = Vi, BERFZVOBIEE, SRELIFMETRIRE D
LRERKIMES, FREERENO, . BB ()RBIETNEE R TRE

Vi) = Vi = 1) + 2t — 76, (3.8)

Heh, gl R— RS

i a4
'3
L2
1 2 ¥ b 7 ’
N\ p 4. U3 . ugd. 40 = X
"~. 0 0 20 30 40 -7 output spike
. .- membrane

potential

B 3.1 L3R ELIFFKRMEZTEE. A FRABALIFRE RN =EIER, 8T/
AZEELIFHZTARB BN = £ 18R
Figure 3.1 Comparison of the multi-strength LIF neuron model and the normal LIF neuron

model. Sparer inputs are sent into the multi-strength LIF neuron model.
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3.2.2 HMEEBEABESFNEES

BHEBE RGN AR BRRNBE R ek
EUEERERANIERE. 5 FAReLURBUE N BUE R, AHBR
AR R RR T

Mll

a = max(0, Z w; Ly bl (3.9

H g RREIENENERWE T, BEREMHETERIZNRE

B B 3 5 1) 22 SR kv 2 48 SR S e 2 RT B IR R4 —FF I
PR . FR4 %005 Bk i 4 P 45 (UL T IR AM-SNN) B3NSRy LAk A
Bom . 2IRELIFME T AR B ot 75 B AN KNS S
ML B 2 B E T E M %S, WE 32R. EREY, BT TERRZR
R 2R % R BRREN, AN —EREZRENTFIHEL, 25
FELIFHZ TEZHNE DT SRR ERE L RERHFsl. THTEAN
52 5 BRI 22 P 48 ) ZE AR PR 48 4504

Cule gl )

- nput Spike Train,.. Output Spike Train
c 59 I *
Q
= 7N S
5 S { //y—---mw ;/;/%
5 S '
<—>, |
3 Spiking Neuron g
v} .
Input Output /
(/M,, : it Ty
i o “"*\N
| - = SRR .
!
Input Layer Convolutional Layers  Qutput Layer

& 3.2 %38 E P Z M M-SNN)EHREE .
Figure 3.2 The architecture of M-SNN.

L7 kA S M-SNNT] LUE B IR SR aME EIL . & X M-SNNH K
WRIEIE (TN T
NNT) X0 b,
T T

ri(T) = (3.10)
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HEAFN(TRFIEHISEAETTETH ZI A R BBk SR E .
ATIERFETRZ], fI(TF LB T ERMEME KRt . H&2AK3E.6).
ARG AREB.8) ULEAN(3.10), AT U HBLIFHE JTET + 18 2B
AT ,
VT +1) = ) 2() + 2(T + 1) - TNK(T) (3.11)

t=1
BAR GIORAEAR 3.11), ARRAAR 3.6), BAABAURHCHT 6
AES A = TBLRD], = b):

Ml—l

()= ) whri (T) + b} + AE(T) (3.12)
j=1
BIEAR 3.6). AR (3.10)- (3.12), T AHEHEBILIREIT:
2T +1)-W(T+1)
T o
- BTERABGGREUASTEHEMNE N RMEREREK, BEoFa
REBOLULEARB.8)A I, FE—NMEERIMFERZ T + DFVIT + 1)/NFMit.
BBRE— A HIM B T+ DAV (T + )T M, BABAR(B.7)
A ML —NEENLERO} N TLr. FAGTRERK, MANAK G.6)H
AT+ DRFMRE. F, LEEHETRERNER, LIFFETERNE
fik s ¢tv§(T+1)1£7%7€BEE<J° ZFERTIR, BT — oo, Z/T+1)VIT+DEFE
fRE, FIKAET) — 0. Hit, £ 2B KMEWSETRTHERT, /(1)
DATEREITal, BIM-SNNA] DU HL BT AR P I 45 .

323 BEEHRHERENKS

AE(T) = QB)'

S 3R Bt B AR T B A B B i 2 N 4 S B = AR B
BB, EREMERN, FHRMERSEE.
ERHERMSTIRANE, AR DR B TETRA BN WS EE
Ep;. HAR GDURAR @1, E—ERBAKAREL(DFERT T
.
1 6
rp(T) = ~ — p; (3.19
AT DU\ S IR I, DR T DU B b BB e s BT,

WRG R Ep: = 0.24, FEI0MEFEID N, RIRHIRSR KR 2 P 4% 7 B k2
fkES. 52X, 752 MmEE MK AR 2 M 4% T ] DUE A — AN SR B N2 8 kv
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R EE Rk 8 PSR B e S IR AL

SRARE BRI BERKTHENE TR . ZHEHER, ZIRERKTHEMN
BB RIS T ASEANAR R .

RIBAR G DT &, BMAZHE e BEERN, KR ED EH—
EMZTHMABRRBEHIOFEKR. FE5AR G, HTFLNEPRR
RIS OFEKR, £—BREEKe, BEAH AT LR EP EREK. HEl2
W, E—ZENZEEAFS6L, EMRG. BEEIRE KRl 8T R
RIS 2 N kT R I ENF B, BARLT LRES, B+ URBkeF
FFlo BB . A AGERI A, 2 9 B ko 42 0 4 R B 2 (R Ak ok 5
PR T SR 08 FR S S Fik v o 22 P 4% B Bk ot PR B BE IR B . 8 T ke 51 B R 14
FERBANED b, BiEbkme RFAE. ETULER, EBEFRITN, 2
R GDHURAR B.10)FHFPSH AT IR .

BT Rk & R S BT A TSR EEREEM S AT 1RE
B, —LieSEINTE L EYE[98, 99, 1181 IR R i% M, REFEEE ki
MAMERIRGEE . BRXESHITEEIES D B b 2% o # bkt K%
SR, TN AR e ik e 22 0 4% RO U ST TR . AR T RER S OB (R,
£ 08 5 BT & B R B B AT AUE S SR R, P H AR R T
fkr S T EER I ATINEN . R, FRZEEKMEEER, 2R
P b & e A DAUE Buth FR B s 5, ER G Ak, BRI KT £ 7T
BT R W 4% b 0 R 2 TE T B E IR . 74, AMERSEOELE
v, EEHR K2 N & RO SR A AN X S E VR BRI . [RIBG,  £ 0E B Bk
Z M EHRSR EER.

3.3 REFAHEMEHIZSHREZX

ERELHTRMENES, THENTRRERAIIFERENEIEERZ —
HECHRENEEHEEERRE —H: Han % [167]FParashar % [168]5>
SRR T £EZEEREREPAE NN AT ZNEZE; Yo 5F [169]R H—
Fhah 25 164 £ B4R (SMID-aware) FIBUE BY B H A R 2 il & B 2 M &%
BEfF: Qiu%F [170HRR T — MBS HRUEEMSIE; Shin 55 [171]# HDNPURE
PHEM R EUMAERIEERBE;:; —{EMEML[172](Binary Neural Networks,
TEFRBNN). = {8 $ 2 W £&[173]({& #r Ternary weight networks) A f 53 B £ [
4R[174](fEI FR Xnor-net) 7> HIRE 7 — AN A AR AR EL R B E R B TRM L M 45
Han 2% [175]3 i DeepCompression® 1%, fEIRAEEEITTLMHEL T, VGG16
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B35 2 RERERAHENSENEREE

P& [1T614 R 48 1 4915 .

BEELTRREKTHEMEHNERER D, KAZRELIFMETEE AL
BEEENRFHENE. B EERAHEBIERHENE EHE AT,
FE A ZIRE T30 EREE Bk ALK 7 E: nNM-SNN, nPM-SNNEA
JnWM-SNN.

0.9

N : : r : T T iayert
1 |—layer2

- = ~layer3
m—|gyerd | -
- |ayer5
e | YOI G
- - -layer7
s | @IS

e [y er10
1 |#====layer11
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e |gyer13
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Percentage of Negative Silence Neurons

0.4 [
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Time-Step

& 3.3 ;EHRAYTER 1842 T (Negative silence neuron) B 53 f R =& .

Figure 3.3 Negative silence neuron distribution.

nNM-SNNR £ 8 i B 3 ik i i £ W 4% oh B AUE B NLIFRE s
BIE. NAR GNFMAR GOHFFUEH, HFIENENLIFHELTHES
Hol(OFEES AN Z LT, MaZMETaatiaiEe, — 880, R,
HTwiel 280, B+ URKIHRIAZ ()80, RN, JHREMIETHAEMR
R R B MER, ZHETTNELEENHETH KM= EATREAREM. E
b, AREA AKX KA TR — RIREHITEIR. € UXEMET A
R BT BR 44 22 JT(Negative silence neuron), nNM-SNN & 5t 2 M-SNN ] 48 BY 1
IR TR B T 2% . ATHREEES i ASHELIFHE
TEAERVTERAR 2T, E RSk 2 M % h AN 5 EHE RS
WA TN RGE, WTE 330n. hEF R RERKHREN
BHEZEMAETTHE AEBBZMETHE S, layaNRRENEHETT.
B 330 i THHRINETHEME HVGGIOMLE, W LE & EhERkEOTTE s
ZTMBE B KBR, ESOMNRESEABTRE. BT HI2. 15BAI9E
HETRLLIAN, AT BLEFE—ANBU/NIE BB R A TR T A R E
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TCe

nPM-SNN 48 % [ 55 2 ik v 4 22 X 4% 7 BL G /) TE B FR 35 O LIFRH 22 JT Y
EEEE. WE3ARTTUEH, BABKAE L8274 58k (strong spike)
153 Bk i(weak spike), [F) B 428 7T 5% fult BFOA(E 11 7T DA 43 920 58 SR fidi(strong
synapses)F1 55 5 fili(weak synapses). 30534028 7T B AN 59 SR Ad IR R 55 Bkt »
4% Bk v X % A 2 TT R KR R AR AR AR N . B 35T LUE B, RHER

43 2 72 ) 5 At 9 55 9 Aot D B A0 40 0 Tk e Y HH A BB k. (R, AR
AR R B YT BR 7 42 TC(Positive silence neuron) Y 7E B ik i 42 P 48 IT 4R 15 4T HY
TN )25 P P 3 2\ £ A2 TT . nPM-SNNF AL RM-
SINNTR £ B 5 P AR (0 T B 28 TE O e 2 4

Input Spikes

Synapse Contributions to
Weights Input Current

Ay .
‘5 Output Spikes

Cell Body

] 3.4 FUREILER 042 TT (Positive silence neuron) R EE . ZERMRE T IRRAYTIHE TR
ERaErsmsnER.
Figure 3.4 Positive silence neuron. This figure indicates why the positive neuron makes little

effect on the neuron of later layers.
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& 3.5 —NVG G194 #HIM-SNN RSl (B A R A6 Blose B i T 2 R B A Bl (ERIE R
HISE10EHIE)-

Figure 3.5 The statistical histogram of the synapse weights and the strength of output spikes
in the 10th layer of VGG19-structure M-SNN.
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nWMﬁm@%@%%ﬁ%ﬁﬁﬁm%¢ﬁ¢ﬂﬁ%%@t%ﬁﬁﬁﬁa%
FARAAAE W, DT e, E X% 5 955 R fifi(weak synapse). MBI 3.5 7] L
EH, KREoMETHHHKTRERTE, HREKE T —EHELITRNBAAK
FERERTS. R\ kR SR B R 55 K RIRT XY BL R SR Ak SR A AR 88, AR HIT
M TR A TR /N FHit, FTUERRERIEEREZET, BIEE
BT h RIS AT RIEBIEI R ki A& M 4% R R,
AR K ERAARRK RGN . B, SREMRNTEERET kR
FARBIB HEe. ZAFN BT 555 RANM BB EKITHZ M K FRZ InWM-SNN
%

3.4 SLWLERSHT

AN EEEENBTAZLRFTERANERTHRE, BENFLKIRT
RERE . PRSI . B HREE. MANEREURMENEESRE
SSA ST AT T 2 BRI E & ML, &5 S s BT T R/
4, |

341 SWiIRE

AN EBENR T WAL T HE T #0200 B8 4R DA R Bk i 2 X 48 2
3R

3.4.1.1 SCIGEUES

Zx % 5% FIMNISTH3E £ FCIFAR 1050#E £ 15 A X E MR E RS . MNIST
RS A 570,0009K20 x 28 K/NHI0 - O FEHFHIRERE . H 60,0007
YERYIZEEE, 10,0003 /5 HMREE . CIFAR10¥IE L [460, 0003632 x 32K/
10K EEERE S, HF50,00056EIZRE, 10,0005 /AL

22512 1x1x4096 110

& 3.6 VGG1945#a[17611UM-SNNIE R EE . TERATRIENTSHREZNHR-
Figure 3.6 An illustration of the architecture of 19-layer VGG[176] network(VGG19).
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3.4.1.2 MBEREE

A2 A ST NG E T RE. EFRi4M P NEERIR 31400
R, T EFSREMNISTHIEE R IFM-SNNRRFIEE UL R ISUEE K. &
3.6% BT KIVGG194 M M-SNN A T IiE S A B B BE ISR

% 3.1 MELEHIREARTIET). ERENSHIZReonv(EZERT)-(BEHBE)RR.
Table 3.1 Network configurations(shown in columns). The convolutional layer parameters are

denoted as conv(receptive field size)-(number of channels).

Network Configuration
NetworkA NetworkB NetworkC NetworkD
4 weight layers | 4 weightlayers | 4 weight layers | 6 weight layers
input(28 x 28 x 1 handwritten digits)

conv5-32 conv5-32 conv5-32 conv3-32
conv5-64 conv5-64 conv3-32
max-pool max-pool max-pool
conv5-64 conv3-64
conv3-64
max-pool max-pool

FC-1024

FC-10
softmax

3.4.2 MERIHABE

KER4 BBk 2 P 4R B B BRI SR B DA R ki 2 I B R AL R R R R
FEMNISTHUEE FIRfER. R 3270 R T 10F R SUF Rk E M & I E
SEEMNISTHUIEE FIRERRIVEE, HFR7H kMg _2 XA EE)
G EVESIEN . 1%t T B 2 5) B S TDP- trained network[65]45/8 BT iR 1
FEFE995.0%; WA % 5] H Deep SNN[8SIHUAR BT IR HUNE L N98.6%0; AL
2 BT B4 Tk e 22 ) 4% L B 4 B R BRSO BT B IR ARG E 2R99.44% . AR E M-
SNN(NetworkD)AH %t T B4 B ik 1 # £ P 48 )| 5 DL R BV B IR BUG 1 i
FHRAINREE, 7999.57%.

2% 2 7ECIFAR 105038 4 b EL 7 SFi Sk B0 i ik v 40 X 49 B8 V11 4 DA A
RlEERE Y, BB —A Z{E SR 2 W 2 (BinaryConnect CNN)# 4 Z| ik 44
Z W& t, Rueckauer 25 [99]7ECIFAR10$3E 5 FEVIE T A SC 2 BT & I IR 5
FEE, 5990.85%. FEMEMEJ5TE, Esser 5 [16314 B i B Bk v #5822 P 4% BR 5%
Z|TrueNorthith B F 3%, B8 T89.2%MIRGIEE. AAEFR, FAHA-ITER
HIVGG 194 # RIS ki & B 4%, ECIFAR10%1#E 5 EEUIE T 94.01%HT R A
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= 3.2 PRI EAEMNISTH RS LRGP REMZAIRABER.
Table 3.2 Classification accuracy of different SNNs on the MNIST dataset.

Network-type Preprocessing Accuracy
Feedward network[60] Edge-detection 96.5%
Spiking RBM[92] Thresholding 92.6%
STDP-trained network[65] None 95.0%
Spiking RBM[1-21] Enhanced training set 94.1%
Spiking ConvNet[177] Scaling,orientation detection 91.3%
Dendritic neurons[178] Thresholding 90.3%
Deep SNN[85] N-MNIST dataset 98.6%
Adapting SNN[179] Analog input 99.1%
Spiking ConvNet{118] None 99.1%
Spiking ConvNet[99] None 99.44%

M-SNN(our paper,NetworkD) None 99.57%

B

7 3.3 NEINGEAECIFARIOH RS FIRGRIBHHEMEIIRAIBER.
Table 3.3 Classification accuracy of different SNNs on the CIFAR10 dataset.

Network-type Preprocessing Accuracy
Spiking ConvNet[97] Tailor CNNs 77.43%
LIF SNN[180] Training with noise 83.54%
Q4-SNN[181] None 84.52%

SNN on TrueNorth[163] restrict weights 89.32%
BinaryConnect SNN[99] BinaryConnect Network 90.85%
M-SNN(our paper,VGG19) None 94.01%

3.4.3 [M4ERIUIEIRTE]

I T 2URE SUBK A 42 P 48 B LS ] -

L,
Cr

if 1aizgiestl - 0 02

Alast

else

Tlast,

H, CrRERBHRITHEML RIS, o R RE BB RIS Bk
36128 I 4% XS IR B B - e TS PE U B AR T S — AN 1B 25T, B B 2
B 2 ISR IR . B 3T RTTDAE H, A B R R B i
AR R 2 MBI IR, TEIMT S A A4 B E. 20T
FrIM-SNNAYAY 7B ZE 80/ 18] 35 B AT LR B B AR TR BN B
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. ——M-SNN-NetworkB | |
28 M-SNN-NetworkC
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XFRIER 3.1 HI4FN LR LR
Figure 3.7 Convergence time for different scenarios. NetworkA-D are related to network

configuration from Table 3.1.

3.4.4 MEHKAERE

5E SUR Bk 2 P 4% o B ik A B R 40 T BT -

_ ST Mol
Nsize xT

Hehr, S, RM-SNNRL KB FRBLE, No(r)R B Zlr AM-SNN [ 48 o2 2= 4=
HIBKIR I AEUE, Nype TM-SNNRZ & LRSS E .

ME 3ARAUEH, BIEEIFRMIIERHRELIT, nPM-SNN £ B ik
T2 RIEM-SNNM 48 #11/4. SM-SNN 4% 7= =B 48 sh &S B B
I35 AR STM-SNN X 45 31T 8RB, BIRH BRM-SNN £ i B AR I UL ER A &2
To. BURKITER A TR FIRAR. IR 3.4 KIL, SM-SNN L7E Bk Hi G
ErEE IR ERERENSERE. XERT/IFERHARN RIRIEER
R&MEEM, ERERMRERKR, FALSFEAMERBMANEK FE
EYRIBHBARNERELE. EAMERIEENIRT, £EFLIEM-
SNNW & 155258t R G F AR REZERBREROTIEME T SRR
FERMETT. FEMITIES, BERH—BE %k 3 X3 R ARET
KA KB,

3.45 MEZELGEE

| Se (3.16)

i E MBS EE P EEEIMEIREAR, Rk EEzE
XA TR ERIEHATEE . AT ER R C A BRI ETT HF%
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% 34 REBCPHEZM SIS HRE AN AR LR (ETE RN M4 £ CIFAR108R S
Fn7e 33MERNRBIEE, H194.01%). Sp(%)RRAR (B.16)FEXHBFAKRE,
Cn(GOPSRFRAR BINPEXNBEERE, Cr(T)RFAR GANFMAN (3.18)F
EXMEREE. TP LFIRTREANESE, DR nMNESER, £
$7351SM-SNN = M-SNN + nPM-SNN + nNM-SNN + nWM-SNN.
Table 3.4 Experimental results with dynamic pruning(all networks with the same accuracy of
94.401%). In this table, S;(%) indicates the sparsity of the network in (3.16), Cy(GOPS)
indicates the computational complexity of the network in (3.19), Cx(%) indicates the

compression ration of the network in (3.17) and (3.18).

Methods Sa(%) | Cn(GOPS) Cr(%) Accuracy
M-SNN 2.3837 1.5199 - 94.01%
M-SNN+nPM-SNN 0.5739 0.5789 29.31¢ 94.00%
M-SNN+nNM-SNN | 2.3642 0.4865 65.05! 94.01%
M-SNN+nWM-SNN | 2.3611 0.8390 89.432 94.00%
SM-SNN?3 1.6186 0.2165 94.071/89.432 | 94.00%

BBk 4R B R E o H K E 43 He

T .
_ Z;:l Nsilence_neuron(t)
Nneuron xT

HH, Notence_neuron(t)RATESEANT EIEE TR Z TR s Nucwron REE

- BBk R 4R TR B A 2 TS E - |
SEIFNBIB AR FE FRB BT BBk 2 M & R . 2 R AR AR

FCr BRI TS RAREE & Rk 2 X 2% o B ) SR 2k B BB 40 b

Nwea sSynapses
Cr = _weak_synapses (3.18)

N, synapses

HA, Nueak_synapses RANE B BREVTTRAEIEE > Noynapses RASFE BIKMHRE M
e BERMBE . WK 3ATUEH, FEAREM-SNNF L IRH R E KR
T, SM-SNNMZHRR T 94% KM 2 TANBIDHIZE FAl. ST EREMSE
TERTHIE T RERIHR.

3.46 MBEZEEELRE

Cr 3.17)

BaRvE. N RfcorBENEE—NMEERE, EXNEHNEEIRE

R
2X OPScony + S X OPSippus

T
HA, 2XOPSon BARAR G.OFFIBEZEL, 5% OPSipuRAAT (3. 7)H
AT B8)FHIIEEERIELL

(3.19)

N=
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ME 3.8 F H, nNM-SNN & FInPM-SNNK 4% #8 X FnWM-SNN M 4% 7£
BI0OEMEH AR RNEEELE. HE, nWM-SNNWEE & 53E MEE
EFITRERE. M3 34T LIEH, 7ESM-SNNM LS H85.7% 1B H 8 5% B4R
MM-SNN & R T . B AM-SNNW 4% ) S Al ALE SRR T E 1310 4 M 4%,
B B 15 BR MR 5 A BIM-SNNM S BT AR 7. [F ik, FEXT T oNM-SNNR
42 FInPM-SNNW 4%, nWM-SNNM & HIZHE & E THRABREER 2 EE.
nWM-SNNM 48 £ K M & 5 53 BB IR RIF, XHMERESERETN

RELTIR RN .
3 7108 | ! :
M-SNN
>25] - & ~ ANM-SNN | -
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[ 3.8 VGG19ZEMMIM-SNNEF & BHNEEERE.
Figure 3.8 Computation complexity of each layers in VGG19-structure M-SNN.

3.4.7 SEWERNEG

A NFATTE IS T 2 8 ERE P2 M SRR REERNERE. &
ML RS E T, 2REKTHEMNZAEMNISTEIES FREBRRABEE
34999.57%(AE EL T R HAHF 78 B9 B £ 45 R 32 F10.13%),  FECIFARI0H#E LR EERAEH]
R I B 2994.01% (A8 b T IR A B 78 B B 45 SR 1R T13.16%0) . 7E 2% B 45 L8l
B IE) 5T, %50 EE Rk & 4R B B EMNISTHUE & b AT LAFESO AT R 25
PSR, T SCHRI118] 7R & ik 3B 300N AT (A1 25 . R YRk VR JE Fik 40 42 I 2% AR )
MR ETE, RNERH =SB F R MU IR 2 58 B ki 1 42 p 4%
F194% I B 2 70 UL K 89T I 55 58, YRk /D P48 H185% HI TURTTH -

BRIR, ZRERKAHEMEERBRESEMWER, RITFEGR MK
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ZMFZRRIEE. RN, XERHE=F3ISBIBEEN LUKEES bk
ZMEFRTTRITH.

3.5 AENG

Ao e B e 220 P 4% £ K 428 T T 5 T A A 22 I 4% o % 4 7T
ATFIRE A RE, RERH T —FrET 258 8 Bkd 4 T 5 2 58 5 Bk
GMEHEE. B, EXTERERMHETEBNEERIE, ATHEESZR
FERmHEmE. RE, #FT7TERMENE SHE S KBk 4 N &R 5
BERSENMMER, Foh 7T ZREKAHENEHERT RGN ERK AN
HFH=AEERSE. FRHSEEKPHEMNLSE, ECIFARIOHIES £, It
¥ VGGIOMZ R T Z BB ER LT, FHIRB T 94% MR FIREE .

RE T RE R AR, AEEF T EME TR TR
THEBEATEIR . B NERMENKSEURLHREFR, HBREFRXTKHE
P& R PR S RIAL . Bk, AESX A A M K2R g EASE B
B, BET=MKMHENENNSEREE. ERERY, ERAX=M3IEE
B BT AR e 22 58 B K vF A0 8 R 4% P 94 % VLR 22 7T LA K 89 % I S5 58, IR
/> F85% M TR
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AR REBRRERAHEMEE IR

BT REERE KA EEIEHRE X

EE=Ed, BTRE M RERMERE, SR T Bk e T
FILBTNBRL b AT R B R R . 2% 3R Bk 2 P4 28 P44 B R 51
REURRSGEE F, R8T ESHRE, ERLBRENKHET 5IAE K
PRI R ST B B TR S AR . AN N T AT
HAEBES S L EERBORE, AARET RS aBOsRSA 45
%, FiLS AR SRR N B IRERIE TR, TR b2 M %
e SE R AR RS

25 23 B T 70 45 P B LA e o 8 TO A TR e B o 8 TE T v A 2
2 W% T L% IR R FIRT , 3 — 3 IRt B 228 P 4% ) MR 52
B B, ABSHTIANSFMSEONEAEE, 2T R 45 B
SGEE. ZRYISGERES ST R RIS TSRS YIRS,
AT USSR ST, WO ST LSRRG A R. R
KRERIT BRI Z MG R IIR, B4R f 1 &
UA—AEHEIRITE, KKBD T HRME R R, 85, AZEH
TR B E AR, T LGRS 4 o Bk v R M T R
TEBFBRHRENE T, 85, BTSRRI, iER4 S0 EET Rk
B2 TR ER A S HA S M 4% AT LI E 0, FRRE—MEE
BRI B2 M % .

4.1 EEHEIRRERIEL

2 B3R F Rk 4 I 48 A T B e Rk o ) R BB 4 2 T AR U [97-99, 18],
HH AR T U

Ml—l
2(t) = V(D whol + ) (4.1)
j=1
g, =gt — 1)+ zi(t) - Via) (42
vi(t) = vi(t — 1) + Z}(t) — Vb, (4.3)

K, vORFEIRESAN KA TESAN ASHERS, JORTEE
KIS S mER T E DK E—ERMAERZ LM, 6 RrEl - 1R
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TR A W B H R E I HIENA

()58 NP R TUTE SN R 25 BB e Bk, wy DL AR SRARAE DA R AR &
VBB RE, g()RHuHEL T
1, if x>0

gx) = (4.4)
0, otherwise

5B X Rk & 4R (K 58 12 RO SRR 2 O AE B8 I 18 25 1S B0 ik i 8

f/’ﬁi’ <rl.l(t)E>‘UlEI B
Nz Y6k
rll(t) lt() z ; 1,1

o, N()FRREAR D AEIEREARE TSR ESEE . B LN
ATEN, BRI TR TR R IA B FRR A P 4G R R4 TR T 1S i E .

Dichl £ [118]32 Hi 2 T B! F S H M TE /L (model-based normalization)Z& % PA
T 5= F $U4E B9 # T AL (data-based normalization) HiEE R M S HMMEALEIR, R
fi e B YRR 2 7T B TRV 2R 34 S R A £ N 48 o ot LA 82 T K T 1A D HE B RO R
NTHEBRSE, SHETEMNSENEAERRBIMENE 1R iR, BEE
VAR RT &1, 2 R R B E SR EMNEIISE WS IT R R
T s A TR AN T, FIS S HUERN, T R bk
P2 N RSO . B4R AE(98, 991 BARST IS IERT T BudE, ERAR
FERMGEHEFHAEMENE R KRB S EAUE, RAST RFEREEH A
2 W & R SOR B Y 18] L
Bk 1 ETHEM S EHE L EE (model-based normalization)

1: for layer in layers do

(4.5)

2.  max_pos_input=0

3: for neuron in layer.neuorns do

4: input_sum = 0

5: for input_wt in neuron.input_wts do

6: input_sum += max(0,input_wt)

7: end for

8: max_pos_input = max({max_pos_input,input_sum)
9:  endfor

10:  for neuron in layer.neurons do

it for input_wt in neuron.input_wts do
12: input_wt = input_wt/max_pos_input
13: end for

14: end for

15: -end for
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5543 (RITRIRBIRK P M F e
4.2 [REIMEHHEFUNGE LM

. R HEMBEBE B RAEEFEXRFSHERIETRELIRE.
LIF# & Jo B Bk SRR FEE X E] [0, 1A R FEH A B A BT REN EEZRE
Z . WRFFHEH ISR L ML F 5 £ T f HFF{E(Output feature map)fE
AT, BaxtNHLIFHE TS —BEAs Mt bk . XFILGRERRZ bk
FA(Firing rate saturation). M_E—/NEE &, JLFh S $ 175 b (Weight normaliza-
tion) L IK[98, 99, 11814 & HAF REX N [, XESHN B FIE L BIRUE,

A AR IF A T 3K
W= — (4.6)

Hef, WERSEATRNZATHERHENE FIENBEERE, WARTEL
ZERIEIEPERERE, ISP CNEEBIENBESHREEHIX N —
A RRRLE S Hoh). X LS BT I T DA{E 5% e J5 3R A5 B Bk b 4o 2 R
KRREHFHRANEE, ERETBUEEMEW LGS, HHJ MR E R %
TR P R AETR, 1E BRI A SRR /N . TRAR B Rk AT 28 [ 5 Bk
w2 4 R TR R AL 4B, S BRI 2 I £ 1) 73 2R FE 3R (Classification la-
tency) NETIG AN, A XM I RIRZ Rk I R (Insufficient firing). Rueckauer
% (99138 L 37 A8 R Bk P AN BL R AR BBk vk O Re i, Bl T SR RS R S HR
Jefb B 7 (data-based normalization), 1H T —Ff /8 XX & EHEKSENEIL
Hik. (R, XEFEREFEZHNSERTENER)RAER S A IR B k&
Mg, ZRTRERBEE —N6-TERNMEMLE LK. WREA - EEER
KIRE%, BIHIVGGI9ZEMBIBKIIE M4, Fe/a BB £ R 4% 1) P 2 U8l
A ()R X A2 .

T X 2 B s £ 0 4 A R e e ik o B R T A B BB ST AR
AEHSHEMTEMA T ERIERMEMZNIIGEIRES . BdESEREid
ERIERHEMKIISZIET, TUMESHABRAMTERENEER, RN
PRAEZEA B R AR B B 21 U/ N 4 i St 18] . B 4.1 BOR T G AR
HEM Y GERFRHITSEGRC IR, BEEERER A ERE 2F. &
HE G, T E @) iE B 7 AR R R R P 48 4 H I TR IE R . BRRME MR
122 7T B % H $:BY (Clip Output Feature Map)E[0, 11X [B] N, HBIRHEM K LT
A EERI ISR B SL . BERBARNINSGTF N IRIEEIRBEM S UANES
5, WMHEAEIFHNERHEME U EATEIKRES . FEOMEXN TR
2 WS E AL BN E S R, SRS EET U E— N IF A
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RERTHEMNBRREIHEA

G, BIFHEHE TR/ A& E T, SR SRR R R IR
EXZ S HEMENEE, HRELBUANERAEMENTERE—1
LERRESHMEELENREBRENTL. HRT NS ENEAEE,
ABEFER L TESRHENEIENESIRTEMIE TSI RS
ERRES e, NTIEEZEENERMEER. AZHEE R AR
BT, BB REEHFIR. NE410)TEL, AT ZarEEnIT
HIRTILRE, ANRFHEA BRI

"""""""""""""

Original Connectivity | Clipped | |

‘|INetwork i | Network]| :

; o Clip Output m i

| Original Feature Map Normed| | Weight(w) | "MRuLOblect

{| Weight i| Weight | N:.twork

-------------------- Train WEIght [ S——— Architecture -r
~
(EE

(a) (b)
[ 4.1 [REM BB TG E A REE .,

Figure 4.1 Restricted output training method.

B3k 2 PR A X 2% % H TR 2R B iE (Restricted Output Training Algorithm)

1: #IX\: o_networki R RIEIENIBFME ML, o_weightFTR~ %6 FAFHE M 488 A IEA& 7040
Vs EES L

2 #it: clip_networkF R E BT MIBIAMA ML, norm_weight RN ZEEMIEMZ 7 HIFL
(EE 8

3: procedure ResTRICTEDOUTPUTTRAINING(0_network, o_weig ht)

4 AR AEBESEYI %o _network, 53— HARESHo_weight, RAFEE Ao_acc:

5: 1 FARUE S $o_weight, Rfclip_networki# T —IRETR(E 4%, 18BIRAIFE Eclip_acc;

6: norm_weight = o_weight;

7. while lgipgccrodecl 5 5 dg

8: 18 R BB % Zhclip_network, 13 EAUE S norm_weight;
9: %ifclip_networki#EAT — IR BT FIfEHE, 15 EIRAINE Fclip_acc:

10: end while
11 return clip_network, norm_weight

12: end procedure

4.3 $EIRMOPHIEIESEIR
EHERER T ERBF P ERIRE, BEEE T 8 R b 5 Pk
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AR RIDERE A MR R R 5

ZNBEEZHRFERL, AEETHNHE - ERERASBRIL N — L
MDA T, B ERIERME LA BB AR R T — AR Rk b Bk

431 FEREKAFERESH

£ Bk (False spike)¥s IR B4 Bk v 2 45 s IR BE e 2 BT OB A 2
PR 2% BV R L2 A1 R B, B R SE R L 3 10 Bk e 22 R 48 o [ X
BTSN RIET S S. BT 5 5(Spike train){IBEALAE, HAXT
FHEEARERRAL, 74 SAUE IS AR T R B R I s A p k. |
428 T M EBRGTRBE T ERAISR. WE 42K LAFR, B0
T W 48 v 2 TT IR BRI N8N DN0.75700.6, R 4 5 Al B8 B H-1.0501.0.
ZdReLUBIE B2 S5, ZHATTHR 0. Bk, S mnt B g5 s
FILIFA 2 TE AR RIS R IRAE T ok . (ERME 427 FATH, MBEETN
RFTRIAE A, X B3 A R0 75 BN Bk iR R 510080,1,1,1, S RE 3\ R0.6 B\ R
591,0,1,0, MAESIANMIAE, FLIFWETTH S MINRE— MR, F
I, BB AN LIFR 2 TR BN R T A EE, RERBAK
PR BT Be e SELIFM A TR % B2 SR . (B 24 ik v 22 P 40 AL o et
F5 B2 R, SRR ERE R E LB, W 425 FAFR. &
BURERE, HRRZERRAFRLSERBEANES, BRLEREKHHER
4% I BT () AR 78 7 LSS

ConvNet Neuron for Conversion

Bad Effect:
1. Error Propagation
2. Slow Down Convergence

-.}O

Output

False Spike
Value Convergence

[ 4.2 $5 1R Bk A (False spike) =4 |52 E R =B .

Figure 4.2 Tllustration of false spike generation.
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B kv 2 4R e S ST BRI AL

R e A 2 2 BT BT 9T B R I B R R RO A B AT R
55 o B i TR 2 R 4% B T 48 R UL IR - T STDPYE I A Bk 4R 2 N 48 T B
S, H%| F %2 7T (Inhibitory neurons) B I Ik FF 51 BIARER =T %
%2l 3 43 7T (Excitatory neurons), MTARER T 45 R HPCZEEMIIE T — M3ZE K
TR R TRLR) . 1E 2 BT R Bk 2 MR R A I A B E A — N6 TR
KRB, SiREREZME 3 EMRFEANEHE. ERIMFHE
25 BN BB, 4 B £ B Rk v 4 8 I 48 B0 TR RS P2 A B PR 48 A
ST -

432 $EROTHE=E

BN T AN, AR Rk 6] LA B R e ke 4 2 P 45 A B X 2 SR
EHERY —. BShA/NTRERKAESZ RN HTEE .

1B ¥ 5512 1 50N LIF R 22 78 27 2238 UL 10 36 AR #4942 00 2% it 45 ik B (Output
feature map) F{Ea! 20 T 27

al = £ W+ xi + b)) @.7)
k

Hep, X RRTFE KRR SR BE, wl R BIE LB IN B RZIBUESEL
b R BEEXT R RBERUE, FERm HEREME, BHS()FTRLUEE
R, HAESEREERARKY, TUEBERN —RFHwx MR, #&
BXE—AFENEE, EHRHEEY = x, HEREBC? < oo FAFEX—F
N EY = Y w X, FSEIEBwxZ FEbw aE i E M ES D).
R NI BN, S0 — coff, BEHLEZ = Mleresto gy bl AR K AUHER
BIEFHEE L = Swx, HEN? = Twick. HnBBRNIK, Z €
(e + @ e + BE] (@ < B)WIMEZEH & T A

Pr(u, + o2 < Z < iy + L) = B(B) — D(e) (4.8)

\n n

\/_
Het, ONREESSHHERS AR, B3N, SRR
HE@%a = -3 KB =3).

HAYA(E 1, 5 R ELIFM 2 70 R A S M e B B SR mE. WA
(4.8) AT 4N, 5 Eo, i HIE BB, ISR E . BT Eo, B BT RIE
B4 R AR . B S, AEBEEE —LRAREMNSNME TN
YT SR R A R R 4 T & R P AR B B . BB 2 Y 4
B B AGA SIS, FTTUETIE 430). MNE 43@F AN, HEITH
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AR REBRERAHE MRS TS

T T Eo ERHHEMNZHE-EFEZHMRTEMAEE. AFEH, HR
W I 4 B HAE B O KBB4 0. BT A 0y = np(1 - p), %
RHE MRS LS EERT T ER/ MR — OFf, 0y > 0). 5t
FIE, ZTRGBEFHIBRRELMRKE — BT RARNT ZH S KT kif#e
MEMmER. UEBRTE 43@ERUNERE. NE 430 LEH, £
JUANEFIEIZE, kA 42 X 4% O 55 — 2 20% B S Bk o e R Bkt

Variance Amount(X10*) Percentage
0.60
5 25
0.50
4 20
0.40
3 15
0.30F o
2 10
0.20r1 /
. 1 5
0.10H /
; /

0

0 10 20 30 40 50

123 L4 5678 —The amount of false spikes
ayer —The percentage of false spikes in the total spikes

(@) (b)

0.00LE &

[ 4.3 441 B0 (False spike) SIEE . () VGG AME LS5 BHETT T
ZETHE-VEFHERETO, YERETEE). B®)EREHKHEMEE—
RRERGTRKENREN . 2o, HERNRKE, CENEHL.
Figure 4.3 The measurement of false spikes. (a) The mean variance of SNN neurons in each
layer. The mean variance of layers 9-19 is around zeros and these layers are removed for

simplicity. (b) Amount and percentage of false spikes in the first layer of the converted

SNNs.

4.3.3 $HIRBKORHINEINLE
B E—/N A5, SRk EEEFRERNHEMNERNE—E. FHik, 4
e kI B ) ) AR A e AL AR B — AT DA R = AR B N o, B BRI AE R T e
N T IREUBKH AT R ER, N E RBadT s —E ks E 8
R, REFEHZEX; € {ap a1, ar...a,}> XTRLEIMER Apo, p1...pne AT
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BE R EMERREIEERA

FE o BB BN — AN RN R, a0 -

: 2 _ 2 2
min o} = E Ay Pm — X;
i=0

n

s.t. Z AmPm = X; and ipm =1 4.9)

m=1 m=0

0<pn<1 Vme{01,2..n}

A, a, AXE0, 1JHKIEH, FAEEO=a <a <..<a <. .<a,=1s
MRy € (a5, asn) A Ras = s/n, ZEERAKIELTTF7R:

1-(x—s/n)-n if k=s

A

Px = (x; —s/n)-n, if k=s+l (4.10)

0, else.

RT BT Sn = 210 Ra, = s/n. AT Eo;BEx, & T Bl 44578 .
SREFR B ERE . NE44TFTUIAEE, #n > 88, HEoER
#&iET0.

0.25 /-“\.\ =
0.20 \ .
/ : \

0.15

' / \

Gi // \

0.10 / N

o L 3 y

TR A N B e VAN
e >, / Y
o e

0.00 S

4.4 o MEx TS RER. xRRENBENENHMANEERE, «FWEx B
HE. Yo MEMD, FHREAFREE S SUR EBIR.
Figure 4.4 The o; changes with different x; solutions. x; indicates the actual value of the input
in CNNs and o; measures convergence speed of x; by using spikes. The lower the value

of x;, the quicker the network converges.

NE 44507 UEE, X TREM0, )RR RE, HRA = KR
B = )8, TTURBENIT E0,. BFR, ST LKA RE (multi-state re-
sults) AT DL B4 9 TR AE HU{0, 1} PR P ko B . 281 U0, IRBER A = Bk o
B, ERKIRET {0,051}, WMRMHEEY = 0.3, MALINHESA,
= EOA Bk 3R B J90.5 10 BRI A4 ko B DR O Bk v SR8 AT 1 B BB (E (FE 4 3
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FAE RTBREKFHEN SRR HEL

(4.10)FT AN . BEE, BREBEHBHRMZMAwx = 6/10 * 0.5« w; +4/10 * 0 * w;.
WMRAEEx, = 0.6, MALELIONETEIS N, 35 B2k 38 9 LI Bk Fng A
fik 58 B OR0.SE Bk R IEIE ZE(H AR @ 10)F40). S, REFHKRNZ
FAAwx; = 2/10 = 1« w; + 8/10 * 0.5w;. 2W; = 0.5w;, Hx; = 0.6 Bw,x; =
2/10%0.5w; +2/10%0.5w; + 8/10% 0.5w; = 2/10*»@.+3/1o*o*wi+wi(ﬁcmiﬁm
EREMAKAETIRRE); Hx; = 0.30 B wix; = 6/10%W;+4/10%0xW;. M,
BEEHEME—/MRE, 2Bk E multi-state results) ¥ HEH N RIERI{0, 1}
BRI R . SR REK I E G E E SRR 3T RN
B3E 3 4B R Bk i) & 5 (False Spike Inhibition Algorithm)
1 #IA: HIARGBEBIIEE Ex (S HEAL):;

N FEEANESRES {0 a1, .. an}s
M Bk E g B — BRI
;M Bk RE Syng
: procedure FALSESPIKEINHIBITION(X;, {ay, 41, ..., Gn })
for N B R R E{Ex; do

RIFAR (4.10)7H HEp;s

TRIE p; 2 AN ik R 31 15

FRAE x; A2 BT B8 Bk B Syn, s

end for

_ =
y o 2

return [;, Syn;

: end procedure

4.4 BRFHXEMECEERRR

EHERHMEMEH, MALRERTDMRE ML FHEZHRIRFE, FNBER
— R R TTRRE. ZRAET ESTRMENKHSHE D, RN EEMT
Fof. % LT R ERE S FHE 1k (Average pooling) & A {H i {k(Max
pooling). FIYEMALT] LMRE 5 R ALK Pk 2R 4 s, (BRHEKE
WEHEHRRIT AL R ERE— . WE 454, R A SR
2 P —RE R AR, i B 4% o 3 28 ST I HH S Tk

25 2 BT B0 90 3 Bl v i B B K ke 43R B ik e 2 T Y D VR SR SE
PRk 2 P 4R B B R AL BRIE Y. Cao 45 [97)4% W A #9) i (Lateral inhi-
bition) 7%, Orchard 5 [182]?%&%‘ﬂﬁ@*ﬁl‘ﬂzﬁ@(time-to-ﬁrst—spike encoding),
Rueckauer & [991i81d — 7T R ECR TS AT FF B+ £ TR ik OSSR . BR=
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TE R &M E R RSB

IX 7 v R R AR B B oK o AR SR R Bk AT, ERERR TR
R

e ieeee> 04
. J Output

.’: /'/
~" ConvNet Neuron
-
D-07T00 01000
P
gL =R i

01111100000 011111110

& 4.5 FRERMENE D NS A E M REERMRERNERERNORE. LERTE
0322 R4 BR P B EE TE RN 204, B S /2 A ko 4 42 I 4% PP B AR 42 ST VAT LE Y
ZRANBOR. (BRI LBIFOMANFET, ZEOPEE Mg R ERETTNL T 71K

R

Figure 4.5 The errors generated in SNN by converting the max pooling of CNNs with simple

mechanism. The output spike train is expected to generate 4 spikes in 10 time steps,

whereas 7 spikes are generated.

7 B R 7L o N B SR T A0 AT @ I N Bk P B R B R K ke AR AR
IRk, B, ATWIE—A3REH H 5 E K LA R B 2
15. BfkckB, AZBET —MERNFERKHET. ZHETNRMEUE
BEE RN, BRI RIE R — A TR FE. R, EREEMETT
HIBE BB IE RIS Z BT EMBRE. B8 REE L, RN
S5EERANNERSZRMEBHETImEAAR. B 4606288 T 0%,
B RE, NEE4.

‘;0011010000
Raniu R

!
lo 001100
ST

4.6 B F & K {E L E % (Temporal max pooling) REE .
Figure 4.6 Temporal max pooling. The simple neuron, shown in circles, accumulate voltages
with the connected input spike trains, which are used to strobe the output channel of the

temporal max pooling layer.
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BAE RILERE A MR R SR

% 4 B P& R E ML HE 75 (Temporal Max Pooling Algorithm)
1: N HETHRRKBHEY,

2: SIN: ZETRS(EPr, WSS RRERN BSHT;

3: MN: ZETR T ERALKES, ;

4 M HETRKIKHREMEKME TR 1d;

5: MIN: EETECORBT RIESRE WA TR 5| WAL E S 14,

6: it : BHBkAFO,;

7. procedure TemporALMAxPooLING(V,, £, S;)

8: fort =0 to T do

9: Vit = 83

10:  Id; = max(V;); - BEEARAEHR RN EME T
11: if Id ¢ Id; then

12: Id = random_choose(1d;)

13: end if

14: 0, = S,(1d) > % H O, A % P R & To i HE AR — A
15: end for

16: return O,

17: end procedure

4.5 SCIRZERSGHT

ATERNATABLRFTRANELRRE, A5 BT MRER %5 H Bl
GREVA SRR SR DR B PR R R (B Mk SR S S 46 Bk i o 22 R 4% () 1R
TG B A2 P 2 W S TR ISE R, B SR X SR 4 SR AT T TR /NS

451 SSWEE

FHEENATRIEABEEFERARNLREIRE. B E N4 414 LA
LT AN SR B A AR EAR .

4511 SCIEHIRE&E

7 % 5% FIMNIST#(#E &£ FICIFAR 1050 &£ /E A E E MR FIEHE . MNIST
FARHE A E70,0007K28 x 28 K/MHU0 - IMF ERFRKER ., HF60,00051/EH
YL, 10,0005k /EAMIRE . CIFARIOHIESE T 560, 000732 x 32K /M1102K
HEBERE R, HAF50,00051EARIZGE, 10,0007/ ATIRE.

69



TR EE B 2 P SR B S BT A

451.2 MEERZE

AT RAFARSCREEENERE, EANTR4AIIREINSRE. RIEZ
b, ZAEAEF—ANVGGI194: Y HIH TR £ X 48 16 TE A SCEVEE IR B M 4% B0 451
TR R
% 41 MBLEMEBEGRIIET). ERENSHIRBeonv(EZEFRD-(BEHBE)RT.

Table 4.1 Network configurations(shown in columns). The convolutional layer parameters

denote as conv(receptive field size)-(number of channels).

Network Configuration

MNIST

CIFAR-10

NetworkA

4 weight layers

NetworkB

6 weight layers

NetworkC

5 weight layers

NetworkD

7 weight layers

input (28 x 28) gray images

input (32 x 32) RGB images

conv5-32

conv3-32
conv3-32

conv5-32

conv3-32

conv3-32

max.

-pool

conv5-64

conv3-64
conv3-64

conv5-64

conv3-64
conv3-64

max-pool

FC-1024 FC-2048

FC-10 FC-2048

FC-10

softmax

4.5.1.3 BIMBZRNZINSETAR

AHNBYGERHEWMER, HTRESERIEIRINE MR 8
ZriiAR, EEJyDropoutEiA LA & BatchNormalizationti A . Dropoutf A2 —FHEE
BB BRETHENE L ERZ I A EAR. BatchNormalization$i A AJ LA
EM KL E RN E R IMERT Z R, REEIEW T FR:

JZFB 4 B= BN, 4(x:)
\oE+E

HA, x 23354 ZE mormalization layer) FIEIN, y, R ZZERHH, upfoz il
REMBEURTE, RATHLERETERBRENSH, HBRBAEMIE
HEH . ERRKEHENEFIET T AREERESHTENES I

Yi=vy (4.11)

Ww="Lw
OB

= L(b—pp)+ 5
OB

b
He, W, W. by b BIRKEIFATEREEE UL RENE.

(4.12)

(4.13)
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FAR (RERRERHEMSENEREE

452 HEFHEMERIRFIEE

R A2 T IRFI M5 B IR EER R . ZEMNISTHIES b, K/
Fi3R 4.1% ¥ )NetworkB; FECIFARI0HIEE& b, AFTH{EHR 4.19 FINetworkD.
R A2 BT REA R AMEREENSBINERHENE M RFIEE, A
B 5] o0 2 A L TR R B RN 48 . BSTHUR R 8 LA R A 38 B VR I 45
52 BB TR L N 48 B 0 a1 N FHE B (Output feature map)#H {7889 )5, FHEIH
RRBRRERIRAIEE . EMNISTHIES LRI MRS, HEIXEEREWMER, #
BISHHK, ZRWED; £ZMEIMSmEAEERELE, RAEE
BT LLEE FIRKIRAIFEE9.60%. ECIFARIONIEE LATLLEH, &
LRGN RS T FEERB LG, BRHEMNKIIRGIEEEESE FriRst.
Wik, FEHIREMER/NE, BR &R 2850 T R8s 7] LAMEERBY /5 B AR 4
ZMBREMBEIEMAERHEMEELAARKIRIEE, LEIEEMNEEK
B, ZEVAR ZXANGTRE P4 IR A R I 327t
+z 4.2 IREIP B BTN E XA AE. BST2Baseline TrainingiI4E, RREFRMZN

B R EEBINGEE; ROTZRestricted Output TrainingfI4ES, FRIREIMEZS

HINGEE; FS*XITRRERBSTIISERMERRMAMENERIRIEE;
clipF|RRENERMEME LA RIS H.
Table 4.2 The performance of restricted output training. BST indicates baseline training,

ROT indicates restricted output training.

MNIST CIFAR-10
clip BST ROT BST ROT
* 99.60% 92.95%
1.0 91.59% | 99.48% | 92.89% | 92.92%
12 96.03% | 99.51% | 92.92% | 92.96%
14 97.67% | 99.50% | 92.92% | 93.04%
1.6 98.45% | 99.52% | 92.93% | 93.02%

453 RKABMEMEEIIRABE

R AR T &M RS IERE M B L R 48 FIR AR B . ZEMNISTH(
EEL FAERINEETURGSSZMMEERAFLLMNRIBEE. H
TFCIFARIOFUHE SR L R BT & LUMNISTH IR E S 2%, 7ECIFARIOHIESE L
FHAFERERRMTREME YR TG . 452 50808 B F LA 7 BinaryConnect
SNN[991#ECIFAR 10545 45 b B/ B 47 BR SIS B2 2990.85%, A ZEH H A9 BVREX
RELRIRAIREEN4.00%. AT EATHHETRIUBELE, £EEHASR
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HAEE197, 99, 18 1THE AL IAL i P £8 A T NetworkD . X F 2 H I SIEZREATIR A
E BE592.89%, FANT T E 2 BT RIS R AR M & HR AR B R F0.06%1R AHE
ERIK.

% 4.3 FREINIGEZRE NP ERENIRAEER.

Table 4.3 Classification accuracy of different SNNs.

Dataset Network-Type Accuracy
Spiking ConvNet[118] 99.10%

MNIST Spiking ConvNet[99] 99.44%
Arousal AdSNNs[183] 99.56%
Our paper (NetworkB) 99.58%
Spiking ConvNet[97] 77.43%
LIF SNN[180] 83.54%
Q4-SNN[181] 84.52%
Bio-Inspired SNN[184] 86.43%

CIFAR-10 | SNN on TrueNorth[163] 89.32%
Arousal AASNNs[183] 89.88%
BinaryConnect SNN[108] 90.85%
Our Paper (NetworkD) 92.89%
Our Paper (VGG19) 94.00%
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A5 B0 Bk i 2 P 48 7 30T TR 25 PR WS, S5 2 ARXT Y, ZEAREHIAL99, 1181
WSUEERIE, RNMERIRAEERTERER S, U PRE] S5 T
SREERT, XTEABIEMINGUEERERRARIT. BN TELREE, UMERS
R R, AT LUK R R RIS (A1 S H0R > BI3005 A o PRI 485
H TIN5 B0 T DA Rt s 5 R B R B0, 1% PO 4% () WU BB [R] D UK R
VAN

o PRI L5 E IS EA

A 4.7 E] A, 05 P R b X 45 3 R T SR VAT, KT H i A 2 1
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Figure 4.7 The performance of restricted output fraining and false spike inhibition. In this
- figure, FSI indicates false spike inhibition, ROT indicates restricted output training,

Baseline indicates the algorithm in the work[97].
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EMBRBPIFFRER L L, 52 0BT SE00T DS SR U SR i Bk i 4
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HERFIME ST,
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RBHIK £ N IR SUEER . R 440040, RAa RSB
1 B 7 BT DAZE 360 B (] 25 A BI90% LA _E AR BIEEE . {3 ARSI AR BIROT-
SNNAEGONEY AP Z A, HHXTT R 48 BIROT-SNN, ] DABUAR44% B4R B8 B 1
$#&Ft. ZENOM-SNN_EAEFFSIECAR, A] DU Bk £ P 48 22 3601 B[R] 25 A AR
BREERTT2%. Fit— P, S&FEAROTEARMESIBAR, ERIERIIEE
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Figure 4.8 The performance of restricted output training. In this figure, FSI indicates false
spike inhibition, ROT indicates restricted output training, Baseline indicates the

algorithm in the work[97].

T/ R91% I & TR, FSTRLAR NG ik 4o 22 00 25 WL S5 B ] A 3601 A 8] 25k /) 2]
T6ONET IS . R 49, ARTHE T A FRVEERE LR G S Hn i 8RBk
MH SRR, WNZEFTLUER, 2> 88, HREMHIELRHD
ZikB| T HBAERE. Fik, NTRMURRAHEENERE, EFEH
fhszih e, WEREBIREEERZSEn =8,
% 4.4 EIRHOPHIH B AR IR . NOM-SNNZRIE I B R E L9715 15 A0SR B 4
M4 ; ROT-SNNZRIER RFINEMETTINEE AR SRR HRE S
FSIZ R IRBOMIFIE X,
Table 4.4 Classification accuracy of SNNs with restricted output training and false spike

inhibition. NOM-SNN indicates the network in the work[97], ROT-SNN indicates the

converted SNN using the restricted output training, FSI indicates false spike inhibition.

time-steps 25 30 60 80 360

ROT-SNN(clipl.0)+FSI | 82.18% | 87.05% | 91.34% | 92.12% | 92.75%
ROT-SNN(clip1.0) 18.13% | 17.74% | 22.29% | 26.94% | 65.66%
NOM-SNN+FSI 22.66% | 24.12% | 30.26% | 37.07% | 90.11%
NOM-SNN 13.78% | 14.10% | 19.01% | 24.66% | 68.61%

- RFEEXEBLEZE
fﬂ% ﬁ?%%ﬁﬁ B B KB T AL BV N B 4 SR SR E M B AR R Y
EIBFI RN R, B 410008 T A VGG194 #)_ HE# 3k 8 i fk i & M 48
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Figure 4.9 The performance of false spike inhibition with restricted output training(clip1.0).

The parameter » means the approximate precision parameter in (4.10).

AN FRERXEMBHEERNRE. Bt B Baseline # 2% fBaseline+ TP 28 A
PAF H, #£100-3008F (BB, I FFa RIE AR B 5 3R 15 B Bk 2 )
HAERIEE LBI0GHRTT. BEARERBIFTEIMNEE, HiREREN
Rk 2 B 48 7200 B 1B] 25 I 3R 18.92% 2 745 IR BURE 2 . B AT 100/NBT 1] 25,
RANFEEREFA10%Z H T M BEHB KR, MELZE Bk & ZE— 2 1
AR MBI EE .
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4] 100 200 300 400 500 600

Time-Steps
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Figure 4.10 The experimental results by using VGG19-like CNN to convert SNNs. In this
figure, TP means the temporal max pooling and Baseline indicates the algorithm in the

work[97].
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Figure 5.1 Iterative LIF neuron. At each time step, the neuron collects the input spikes,
accumulates the membrane potential and generates the output spikes when the

membrane potential exceeds the potential threshold.
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BRKABI—MEBRE, HAREER UMNEEMN - FRERHEMERNHRS
HERWIIE L STBPEVEF HIAES S . FET, XANBLRIET LB RIREMHE M4
WEF RS HAZTHE. EFUFNER, RZIEBFESTBPAEIEIINE MK
Z WM ERIERE S, DR R bk 2 X 2% .

5.3.2 STBPEAEENZ

725 5% F STBPELVE[RCISR VI ZR Bk i A & W 4% . 2 ELIET] DLFE 70 LR 3 225 1]
13-+ 8] 48 (spatio-temporal domain)i1{5 BREBE L BN, &2k
£ R8s M UE MR L A By, LR K2 WM& L R 2o, & XHTTIR
# (mean squared loss) & # 0 T FF7R:

1 > 1 c t,Ly12
Loss=—2§;||ys—?ZOS ”2 (56)

t=1
HA, LRREMHEMERRE—Z, SE~EH(batch) 438 K II ZrEidE AL
B, THER—REKAHEREEMNA0E P, RRBAED.
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B5E BT RAMSBKIREIEREEHTHENEREHE I HE

NT R O, & BRI TR:

5.7

R, o'FREIEWEANWETTEE ARSI HES. G = TURI =
Lif, ATPAFEH

oL 1 1
P e A DI (5:8)
Mt < TULKI < LB, ﬁ@%ﬁa;‘isf E%Z‘Eﬁlé]ﬁ(temporal domam)J:x%ur]

72 2= (8] 3 (spatial domain) F32 8. EZER L, NEREESNNESERSE
REE#HE. ENARLE, FHAOBERERE TEEHANSIZTL. Bk, 3t

BRS Lo
dLoss _ dLoss 80" dLoss Ao
Bult.’l B 60;’1 6ulf’l 60”” Bu” (59
dg _0dg )
— stl l t+1,1
—61' 6u{’l +T(1 o7 6 ou t+ll
SR, ZESTET:
M zl+1 411
doi™
t,l _ tl+1 t+1,1
6; Z 0" ——+6; Py
S ’ (5.10)
— Z zl+1 ag l+1 6t+ll 6g t+1,1
tl Jl 6 t+1l i

MAR GOTEH, IRTFH L+ R I TRE R (- WEGAMHEB TR %
Rk BORHER AT . g F, ﬁﬁwﬁj%%ﬁﬁﬁﬁﬁﬂwoﬁﬁﬁ@ﬁamﬁ
u@&ﬁﬁﬁﬁ&¢rmclw,ﬁ&ﬁ%@?ﬁ@@ﬁmﬂwﬁﬁnﬁﬁ
P4

M@=%ﬂyﬂu—wu<§) 5.11)
H, AR—ANEETE. BA o 0, ZOEEAC) T bl M E S
o 88 )
d
AILI%L h(u) = u (5.12)

F ] DASE EHARE R R W BL & (i B 1) B b AR B2 40 F BT

dLoss _ i dLoss ou®t ox*!
= . ’
— out! gxt! 6Wl

(5.13)

: i dLoss (Ot,l_l)T
po 6ut,l
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TR BT 2 M B R B

dLoss _ i dLoss ou®! _ i O0Loss (5.14)
-1

bt & ourt gp! ou!
He, (oW ER#HZMEEHHHE ' WEE. EAX G- G.12F, AT
EASGHMBLEZANKR, FASEN RAGHREEITHES. 230 (5.13)F
(SAHEH T R FIAE R B A S LR [ ERIA .

53.3 RohEERSEH R EEBREIERNES

AEFETA T RAEELENSE IR, RUETRAGEDEI%
VREE kb 2 2 T B AR LR RO . B4R, WIIRILZ S Bk 2
I ARBEE KL TR A TE, BN EPIB £ T A 2l (dead neuron prob-
lem). AT, M S.IHATLAEH, R ARG LI SIS ks
P4, BRI TE RS E S EE Bk 2 P4 RS N TE . Kk, %
BT 4 SRR R L I SR BUE R , P 1B R0 B A B M e 2 Y 4 1Y
EEABIMEHIER. 520N, BIISEESRHEME O E, W
RIEEBRAEY PR SEAEEN, BRI WEIR 2 R4 R B
FFS TR . XRF AR, ST RENERT, SH8/N
WIS AAUE IR R, R RTURE S NT. bk, A FHSTBPE % AHI
B R Pk 2 P 24 o O P 2 AR O

EEEE E, AR GA)ABRNE R R EENEZEEEENTRE. 1
RREB L HE, WAR CI0EHH, B+ IERES AL BIRLES
EAERER . Bt REHZATETE, HARY
A
>
AR AT UEH, SPATER—MBUMOE. MRS, SHERY
1R B B 2 TR AN B KRR, B ST T DU BIL + VR4S
Eo0 R, MAR (5.9, LA

A
i € (Vow = 5 Van + 5). (5.15)

OLoss

o >0 i §'>0 or 6 >0. (5.16)
ARG, WA (5.13)F, AL
dLoss . dLoss _
B >0 if T >0 and o' >0. (5.17)

1

FRARE, B - 1ENEMHETERIENENHETTZ AR RMRUE
AR, M AU SN A TR R B A TT I Bk RSB MR Tu st T
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F5E BT RASBNRGERRETHENBRRETHE

EF RSNRZE KT HRES . Bt —Sh, SAAUE MR 2 B %R i —
ERkrF MME MmN BRI HENBRAE L, WE s29pmR. FEik, &R
DAFHE S H VI S0 B Bk e 22 P 48 ) 85 — AN B S0 T
F 1: R EMZ VI GIFRIIRE, P FH RS S KAk EE.
SRR, RMBUEHRMNIZEREN. NEIZKEHENEERERE
BLHHE, TESBEAR (5.10)7 LAHEH

t,l t, L. 1+l 1+2 L
0" 0 6y Wit Wigiy - Wigiy - (5.18)

i, THRRIARFEEHAETNRS. AOEAR (5.18) HRABUEETR
TURE X NBUE B (weight chain). X £ RANAE B FEFe TUE 15 I iR BE Bk v 44 £
PEERIHEREINK . SREEFEEE — N RMPRERN, RASHOBE
BURMEALE B B EMERRE . Bk, #3 HIIZREKHEM S E
TR

M 2: Bk B R B AUE R BUE & ZRIE 2% MRE R E.

B |
output layer
Input layer i N

.

hidden layerl hidden layer2
[ 5.2 Bk A B8 12 (spike path) REE . MARE MR, BohEREIENZBOPMEFHE R
SKNMAERGEREIAEENRE. BPNEEAKPEE.
Figure 5.2 The diagram of spike paths. For one input data, the spike path is the path where

spikes are transmitted through the input layer to the output layer.

AR G10HILNE “TERHEER A LA, YBIRNEANEE
TEAE S5/ I IS5 AN R B O BT 18, R SR, R X
B NTIMAE. WAR GIS)FAT B, RSHIEKTE S AL S >
Vi — A2. FFLL, BUEAAL RV - A2, V) BERRE, FRSHARGIE
BUEBAES AR THE B, B, 7 0LS % I 2R B2 4 1

FB=ATEFMFIT
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WA E N EREREIEERA

&1 3: SHARFERERNE SRR, RAEHESIEES 7 EREUK
M L2 [AERIIE FER .

FEXAGAAUASTBPEIERIE R, (BEMEET RIAIEIEE LRIk
ZMERNSEENTEERBERLNBSH. L, E=FHAUEERE
F R AR R 2 N NS R S EOR B &, AEFESHAN
BEEE—AFIT.

249 5 i ik v e 22 R 48 ) 2 BOER BT AR VR B B8, 9 R DA E = AN SRR RIS
A48+ 43 R . 90 RARSTBPAL VL — REF FE 3550 73 7 SRATUA A Ik e e 42 X 48
MBESH, EMERETJUERTBRERSZHER. BHUH, WK 51F
EBJLIE S, FR—AELUVGCIIE I MBIt # &M BT LY, =M
BT NERRZRBT AR B NE. HTFE-ANEME BREE —FKAFBE,
R Bk B4R _E B SRAAUE R wi, wa, .owie ARAXERMAEIIAT0.1(|wi| >
0.DIIEE 0.9 ~ 31%. XpEWRE, EIHFTRES, RBE31DBHKMEE
AL FAE AL, LR, ESLMEMEME. H0HE, R
Bwy = 0.120 Bwy, = 0.11, B Twwn ~ 001, ZBUEERE. HAHD
AW R RHE, BEAKEEENESFHE. FHit, AESUIT R L]
ESHRFE BRI %A

53.4 BRMERNESHPHEZMEIAR

AR I 45 15 ok o e 28 D 450 2. (] OB R T LA 56— 3 R L — /N9
KBTI TS SRR, NT IR ZER, & ABRFAHMSL ANRES
Bom M. LB I A R S v R A N B B — M TR AL,
BB M RISV Bt = Val99]. BRERHER% BRSNS TN
Mgl R I R AR

M-l

f(Z Wial™ + bl) (5.19)

Hef, WL RRBIRKIFANERNS EE@%]/I\%@E’JW\{E b’ & FL X B )
0SB R FIReLU R S Ve USRI, B4 f(x) = max(0, x).

2 25 {50 Jok v 4o 2 7T D kR R 3 AT R SRIB I A R 4 2 0] 45 Hh A 42 T A AR AL
Bl BEARGIHFARGINERRA—ERESE, Ww, =W, EXRIZ
i BRI 2 T KT RIS SRR 0 H TR

1o
1 _ t=1"j
== (5.20)
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F5E ETRAEBNRRERRERNIEE M EREHRE S

Hef, TABRBBKA NSRRI RN P, of'RRBIZNEMHET
TR/ R B R Bk (5 5 o (R 4o 2 70 B Bk et R TR r I T80
?qﬂézﬂéﬁﬂﬁﬁ?uiﬁ‘tﬂa’, Bir! — ale WAHEAR 200741, E(o) —a'. N

ATUMERE(x") = ale B5Ea), HEANGOMAR (5.4), WLHEHUTA

EQ:
L, if a €[V )
1 Vin
5 lf a € [ ‘/t )
=142 1 (5.21)
1 Vin Vin
n’ if ai € [1+-r+..t.+-rn-1’ 1+-r+..t.+‘r"-2 )’ n>2
0, otherwise

RIELER, BEV, =1, e -rnRXRE, WTFE 53R, HE 535
UEH, BIRESENSEASHV,, TR E—/ N TRE— &, 256
W, BEEZHr =08, WESHV,TUERE S3FNAFEMERHELRE
B WRE, ST USRS & NE G HUNE T . R, g
EHBRHEMEPEBE BN EEEELABRERIINENRHE,
Fki B AR By R E B X BT B S N R A B B ek . T
—BH, AWES3FFEH, i RBURE,SETEHNXERNTREERHE
P48 B o, KTFORI X 3R, R Aa; = OFX BB ] BMFIEr = 0, AP RE).
Bk, ERERHEMENSHATIENIKFRREMSE, B2 w4 & TR
MEZ TR RN

FMASRHENESEKHFMENEZ ANBER, L—/NNTHEZNEER
A UBEHE. NERHEMENRIAEHEEENHESF N, E5HME
P28 B RIS R RN FEENESEBREN . E5FRMENEHI%
HEd, MECSE S ERNERE, HWITReLUK #. BatchNormalization$;
R[185]. ResNet[1861555F. X ELH AR ] AT HUAUE 5 H 5 A AUE B2 /)N B 7] &K .
BRI, 3 P 5 ok 422 90 4 S A A 5 B WTT B 4 0 7 926 T DAt ks o 422 T 4 3648
RBHIREER T RAARMES IR, Fik— P,  XF 5 186 40 i Bk s
M CEVF R ETAE L EEEENEES, FEMEIN B UG TS
REERIKANFEFSIFHENFER. EFERAEMESE, NTHAR (G.15)F
MSHARRERTEEBES .
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R E P & MR HRE I BRI A

1=0.8 1=1.0 1=1.2

a; a; 3

B 5.3 S ML LRI o, 5 HOPHEMIERE TN R R IAHr Mo - r R R E . BlE
JER B EIEY, = 1.0, 28 =08, 7= 100K = 1233 HHEFE=NFE. H
4T 45 ReLUR ML, K Na, — X FEIL. ZEBRET 2N 62D,
Figure 5.3 The relation between the CNN neuron output g; and the firing rate r; of the spike
neuron. Suppose the membrane potential threshold V;;, = 1 and the red line indicates
the ReLU function. The parameters 7 of the three subfigure are 0.8, 1.0 and 1.2. This
figure explains the equation (5.21).

54 ETREMEERNBEEREIRRL

AR SRR R AR TR IR B K o 2 P 48 . &5 56,
32 5 BOYD R 1 B T Tkt o 8 P 445 7E Y1 50T 4R BRI T DABRAS TE A7 RO VI 5
A, R, RERER/MUEIERTE S KM % T RGBS SR A E
H. 55, BHRTSTBPEEFHMRKRRE, BhTETHRMDHNB KRB
FISTBPELIEH H (K7 B F (5 B BB Z (B AN LB A R

541 BEANBLEE

IS 534N HANTATAL, VIZE T8 M 2 T4 BUALE S50 L
55 0 ko 2 4 70 2 [ 0 R MBS J. A, I EAUE S K
A AR B 2 P4 R 5 33 NI, Boh, M SR
SIRTLE , SR B 44 STBPE (S MO (L B R BAVES S, B
A 45 2 e R 24 B 2B TR, AT DU 54 %
B EE. (R A R A T = 10, AR E T
U A 24 L (5 24 I B 2 B 2 4 o e 2 TR R By > 0.1 T
EALATEE, BRENr = IRV, = 1. WESFHEREENHETR
iy < 0.1, SRR T MO B RE r, < 0.1, A ERE R E
SEELOANET 125 PR R AN R B (5 B . SR, 28 533 IA 1%
TR B X R BB T AR M 2 T e K TR, B, A H
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H5E BT RAEERNIRRERRE A2 M K HRZETEE

I RUE S EAIE LB R A E 5 5.3.3/ N %t

TETE 540, R T RIGSTBPE 1t VI IA (LB U R A4 32 i B4
IR EERR 3. BRI AT UEER G AAN TR H NS EB g
VIt STBPE I SRR A, 16 8 % R SASTBPAL B {8 90 H4 1L B vk 3k 18
IVIgRE A . WE 54RFH, NEAKRAATUEE, SEAERNMGLEE
WIEAL B 2 K AUES S, STBPEEERIS. A7 EE FSTBPE %
SELASE, HimBk 2 MK K ESCTIRNN R, S, DARSAE
DR A /N TR HL S BO0I RS A0 T LU STBPEL 1 M8k, 1R A 4 F STBP &L
YIGRIA B B o 2 P 4% R AT T .« |

& 5.4 FENSHMBUEZNTWNRER. BaRRFEESTBPEENSBMRILEE
REMIGER, daRAAEFRHNSBNARLEZRESWIIGES.
Figure 5.4 The influence of different weight initialization methods. The blue points denote the
starting points with the original STB? algorithm and the red points denote the starting
points with the proposed weight initialization algorithm.

SRAIRNEER BT R T EE SFR. B, JIRRESRMEMNL%
REPESHGERE, SE NERM ETERESHIER. A5, EHKEMEZ
W4 R R VA P R ORI TR SR A M B FE Bk EM %, HER
WHILIFR A & o B SR R R SR R kL t. &jF, EHE ST
1B HAE BB AT LB IR 2 N 4, {8 FSTBPELYE VI 25 % B 44 22 P 45 .
MR SIFATUEH, AN RS EAI R EIE T DG ROt Sa I B bk
ZMETNERETFRONBRHEL TR ZRNSEHLNLIES, S8
GEAL SR T LASR B Bk 42 PR 48 Fh BBk BR A2
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VR Rk 22 R 4R B 3 ST LRI AL

x5 B E P (Weight Initialization Algorithm)

1IN BERHE NG ERENSEUEREW;

2 HN: FIASIED;;

3 it STRPEEVIGERBNSEERW,

Mt R S10;;

. procedure WEeIGHTINITIALIZATION(W, D;)

6 (EFEBLEILIFE TR R B Bl 2 3 R ik # 27G
7. FERIYIZRITF BB AR A 4 X 45 1) I 4 5 40 — 1 O BT AR 22 R 45 5
. ERBUESEIERE WIS I ZREk I 2 P48 5

o HYAEUED,, {#FSTBPEIEIIZREkHFHERML;

10: return W, 0O;

e

W

11: end procedure

% 5.1 FOTHZR ST EBEHS TP REE .. ERINEERRR S.2F
HNetworkD. H, STBPFR RIEMRIGHISTBPEATAINIMHILTTI, Weight
InitializationZ /R F A ZEH SENIH L E AR ITRE B L.
Table 5.1 Spike amount of each layer in the NetworkD before training between the original

STBP algorithm and the STBP algorithm with weight initialization.

Algorithm Original STBP Weight Initialization

Layer | Neuron Amount Spikes Precent Spikes Precent
1 65536 16639.32 | 25.39% | 8917.36 | 13.61%
2 32768 4848.61 14.80% | 2156.82 7.68%
3 16384 1721.53 10.51% | 1070.12 6.21%
4 16384 525.88 3.21% 640.47 3.91%
5 8192 202.64 2.47% 227.15 2.77%
6 8192 6.06 0.07% 161.84 1.98%
7 2048 0.00 0.00% 16.65 0.81%
8 2048 0.00 0.00% 49.50 2.42%
9 1024 0.00 0.00% 4341 4.24%
10 1024 0.00 0.00% 104.72 10.23%
11 10 0.00 0.00% 0.68 6.85%
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B5E BT RAGEBIREERREKFHEMEFRFEIEE

542 RER/NMEZ

RAELE 53401, EERHEMNE SRR EME T EIRRNGEMIET
KT R E e TN T |

N
i1 Iazl' _rill

N
Hef, NRARRIEHETNEEE . £ UEd RERARNSHEMSHV, K
B LRI IRE . BRBHAHENS R RIR NS E TR
IR R R g (I T

e = (5.22)

r} = gal, 7, Vin). (5.23)

Rfe(VIAR G2DHEBRENN. RF, SHBERHEREFNEIEN
FiINMB TR R al UR B Al R Ap(al). B T A2 P4 o B
B, BRWERSNLMEBNWETRESHHEKRM . KREREKX
WABPG L TR BE TR, FTol, B2 M4 i & 28I 1P 28
#eo T UM BT

er= ) p(a)lal - g(dl, 7, V)| (5.24)

HTEHERHENEM AT sENABHEKERN, ATR/NFHIEZEe, K
Fe(VEEFREXRENTREZMEMNIWEREERE. R, SEFHRESH
PSERERE, WTE S5FR. RELH TR 529 NetworkC-Ed % HI#H £
TP REeNREE, B ANetowkDH M E—EABLHETHE 55. M
B 5.5HAILLEH, METKFHRENR/MEESH T = 1.0UESHV,, =
0.85ff3T . ,

LRI, AEBEBESHr = 1LOURSHV,, = 0.85. A 534N a4,
Jik b & TC K R IE SRR, 5 ETR A MK 14 Ha, 2 BIBITRER KH T
AW, B, BEERBNBEE,, =1, SERMENENAHa > 187, Bk
ML TRk RIETE, = 1. BTERHEMBLEHHNKES R,
RERD—E BB E M LR 2 Tnh B B > 1. FHIb, X4 HEIL
RENBRARFHREEMAKR. HIX, HTERMENEZHNLEmE KK
BErAmfrtE, BRMENL S ER Ha 8T MWK FEEN FHiR
o BMIRK . (BB S B Z P AR S ST = 10, A5 Mo
LML RN MHE TR K KRR R R A{0.1,02,.. . 1.0} FEE. BiES
e = 1.0, AaN G2DFEH, HEkHHEL TR RIERE:, = 0.186f, &
N P (0 BT o, e R I [, Yy Py FFLL, T BB RAMER AR
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TR ki 2 MR R 2 ST EERT A

BV, BN ERERE B IRE. EEREAREERBBREV,.RERID,
X 0.1, 1.0] A HEEREL KB, HR, FFTHATUSZESHMK
N HBEHEFIE, HESHCLHEBIETERRE, M TRI{ETU
A4 STBPHIE R MBI L 45 .

Vth
& 5.5 %%R?$%WJZ§53:T<>W$?§W?§EF?ﬁééﬁzfﬂﬂﬁslzi’ﬂﬁi&i%%ezE‘Jﬁ?%‘\[ﬂo ETEAF
MIRENEEE, AFEATHRENSESEE. REIRIER 527 KNetworkDHJEE
—BHEIRER G

Figure 5.5 The average neuron error between CNN and SNN. The left subfigure is the surface

of the average error and the right subfigure is the contour map. This figure is form the

first layer from NetworkD in Table 5.2.

5.4.3 1EIUHUIRKEH

NBTSCE &N, AR (5.6)5 5 L HIE T Bk & E S (rate code) B4 5~ B L
5 STRPE I FF kv 22 W 2% %2 o 3T HH A5 B PR A8 BB EE N IL IS . R4 SR
5.3 3/N RIS HT AT SN, SEATT DA kv 22 45 25 J2 18] ik e 91 18] (i {5 8
RIERE. NTHREEZHNNFER, RN ERKRIFRN—MRESHe. %
BV, WA (5264, %S = 1.05K, MRHHBERKFESE 8
FIEFSR, FAZBKRST IR R SR TERE1.05%, 4 Bkih7E S — AR E P 20K,
KT IR e R RO TTARR 1,058, DABKSHE, [RItk, BULAR ATER R 4 Rk ik
TR 2 R 4% B 44 ) e R RS AR

SRR, BHES34NTRR, BT - EEREMNENE L EHETT
TE B N B Ee B 0 B AR, B4 X R ik R 2 R 45 R A A TT AR K
EEMBGT. ATHEXENETHRHAZE, A0EEESKRLF AR
FERBHIE Z I
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R, ENETEXMARREEMOT
1 J exp(ys[class])
Loss = —< Z; log SRR (5.25)
H, classBRBRENNRS, sBERBsMNAANEEHRS], SRALIEY
SHIBIELE NS, ERFx [l XnT

1 T
x[jl= = gm0k + puthy. ~ (5.26)
t=1

H, SHoMSYBRBESE, jRAKTHEMSMARENEME, R

RSN

55 SCIAZEROHT

FHEANABTAELRIANERRE, REINERIRIEE. Y%
IERIRE REBMUEIERESIBUR R BRI W4 BT R4 TT
R A ER BN =FEEZ MRRR, REXERERETTRER/NE.

551 SIEE

KNEEENAEELRFTROEXEE, QFTRANIIEE. EAK
BRIFAR 22 P28 B PR 28 4540« ke e 22 R 4% B AR SR S 4 DA R SESR OB AR 3 3% .

5.5.1.1 SCIREIBEE

2 2 % P Rk 22 0 4% 7R H F OMINIS THU 3R 48 DL B2 CIFAR 1045545 42 e R 4
AERHEIERMERE. K, MNISTHIEE M E60,0005K K /N A28 X 28K K FEF
EHFINEE R, STRH R E A 910,0005% . CIFAR103(IE 5 EMNISTH(#5
MRS, B850,0005k 145 E F BLA 10,0005k MR E f, B R BAKRNNF32 x
2 ERYEKRGBE AR F .

5.51.2 MBLEHNEE

RERMERHT MR 529 FIRKISF ML EHREIEARZRBEENE X
P, %R F B NetworkA LA & NetworkB51[86, 97, 99, 187, 18817 HI & F I & 45
9 HB4h. %% RYNetworkC. NetworkD 1 B NetworkE PR 3k ¥4 2 2 2 Hi f
B IE RO 2 % ERORR . MR EECEHH R A T IR
M4 M ST E I BRI M. EMNISTHIEE E, AENEREES
HINetworkA LA & NetworkBIiFATHHIIRES, B AXAMEEZ A T E VISR E Bk td
LM BN RBRIFHIRR .
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551.3 BRMZMESHEIRE
7 3 5z v (5 R B ) £ BRI Bk A MR BB SN TR 53R
5.5.1.4 {HEEHIMNE

A2 [ ET A SIS I — AN 64-bit BT B AL L 34T, #:E R 4t Jubuntu 16.04
LTS, WEK/NH31.4GiB. A2 LIntel®Core™i7-7700CPU@3.60GHzx8, &
+yGeForce GTX 1080Ti/PCle/SSE2. 1% F KIVARE & JHEZE APy Torch, WA S
H0.4.1,

3= 5.2 MBREHIE B ERTIET). ERENSEIZBeonv(BZHRD-(BEHBE)RT.

Table 5.2 network configurations(shown in columns). The convolutional layer parameters are

denoted as conv(receptive field size)-(number of channels).

Network Configuration
NetworkA NetworkB NetworkC NetworkD NetworkE
4 weight layers | 6 weight layers | 8 weightlayers | 11 weightlayers | 19 weight layers
conv3-32 conv3-32 conv3-32 conv3-64 conv3-64
conv3-32 conv3-32 conv3-64
max-pool
conv3-32 conv3-64 conv3-64 conv3-128 conv3-128
conv3-64 conv3-64 conv3-128
max-pool
conv3-128 conv3-256 conv3-256
conv3-128 conv3-256 conv3-256
conv3-256
conv3-256
max-pool
conv3-512 conv3-512
conv3-512 conv3-512
conv3-512
conv3-512
max-pool
conv3-512 conv3-512
conv3-512 conv3-512
conv3-512
conv3-512
max-pool
FC-512 FC-1024
FC-10 FC-1024
FC-10
softmax

552 MERIRFBE
MWE 5A4FF B L, AR HEMEIISEEEMNISTHES LG
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® 5.3 BOPHEME RGBS HIRE.

Table 5.3 Parameters set in our experiments.

Network Parameter | Description Value
T Time window 10ms
Vin Potential threshold 0.5mV
T Decline constant 0.6,1.0
dt Simulation time step 1ms
a Derivative approximation parameter | 0.5mV

R 5.4 FEBKDBEMEE I ERMIRFIBEXT LR,
Table 5.4 Classification accuracy of different SNNs.

Dataset Network-Type Accuracy Algorithm
LM-SNN[68] 94.07%" | Unsupervised
DCSNN(STDP)[189] 97.20% | Unsupervised
SpikeCNN(Panda)[123] 99.05% Unsupervised
Spiking CNN(Lee)[85] 99.31% Supervised
SYLAYER(88] 99.36% Supervised

MNIST Spiking CNN (STBP)[86] 99.42% Supervised
Spiking ConvNet[99] 99.44% CNN-SNN
HM2-BP[89] 99.49% Supervised
ROT-FSI SNN[188] 99.58% CNN-SNN
Our paper (NetworkA) 99.44%" Supervised
Our paper (NetworkB) 99.58%* | Supervised
Spiking CNN (STBP)[86] 50.70% Supervised
SpikeCNN(Panda)[123] 75.42% Unsupervised
Spiking ConvNet[97] 77.43% CNN-SNN
STBP+NeuNorm[87] 90.53% Supervised
BinaryConnect SNN[99] 90.85% CNN-SNN

CIFAR10 | ROT-FSI SNN[188] 92.89% CNN-SNN
Our Paper (NetworkA) 83.43%™ |  Supervised
Our Paper (NetworkB) 89.11%* Supervised
Our Paper (NetworkC) 91.53%" Supervised
Our Paper (NetworkD) 89.97%™ Supervised
Our Paper (NetworkE) 85.44%™ |  Supervised

" The results of related works are extracted from correspond-
ing works.

# The results only use the weight initialization algorithm in
Section 5.4.

# The results use both three algorithms in Section 5.4.
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AR EAR S . KEMHESHEVIIRWEIEER 529 NetworkB LEUS T S4F
(IR B HE BE£99.58%

FECIFARIOSIEEE b, kit 22 N 44 165 7Y % 42 S VEROT-FSI SNN[188]HU /%
BIFHR BIE E92.89%, HARBIKEEA25. 30, 60/NET (A 2P 73 711 0982.18%-
87.05% L J%92.34% ., 406 Fl A 4R H I =M EVER LIER 5.2 BINetworkB L
FE10/NE 1A 25 N 4889, 1 1% IR BURE R . H 7, NetworkBHIROT-FSI SNNA )
4% 4E AR, XK, RS HYIE L EIETT BSTBPE LK I g
2, TR AN ERRBEEREET, KiBEHENENER
BES ., AZHRHPSHEEER 529 NetworkC L #1R 5 ¥ E H91.53%, #H
£ T-STBPE 5= i 2438 2 ¥ STBP+NeuNorm[87]ER 78 T 1%1R Al F B IR Fr. Wu
a5 (71 H — MBI TR EMITRWE T, ERgmE A ER N
Fik yh i 22 X 2% N CIFAR 10Netf 48 (128C3-256C3-AP2-512C3-AP2-1024C3-512C3-
1024FC-512FC-Voting). %M %% %5 #JCIFAR10Net'5 3% 5.2 NetworkCW 4% Z5#42K
1, {B2CIFAR10NetM %% i {15 BB HEE %2 FNetworkC. —MNREEEAE
L {3 RS R TR AN & b E AT 2 NS E T, FHik, CIFARIONetP %4
EtNetwork CYH #8 5 £ ()38 B R

5.5.3 WGELRE

2 /N NFEAS 5 TH SR 4 B 5 V) 46 b BIRTE Bk 2 P 2% 0 I RIS ARIK
¥ (train epochs) b MR

B, NTHEAATPHIE, AN T RN E ko 0 2 W 28 Il R E
FEMNISTH RS FIZFT T RS RS, BT KA £k 2 M 4 0
2 5] HM2-BP[89]7E 1003k Il 2R AR AT, A8 T B iF IR AIREE98.93%. %
By E AR TR R A RE S, KIS RILSTBPE RS &, HEN
CEBEKEES. SHARN, AERENSENHLEEERSREREE
R 4% 31| 2535 A DL % 1S YR Bk vk o 22 I 481 R34 BV AT ER 898, 73% IR AR - #H
BT Y| SR A2 R B B R VE IR D, 0.2% R B BE 9 D 7T LA B E ATt
SSTBPE ST, A/ F I SRi% AR BN STBPEVE 12000k I ZRIEAR, Ik
/DBS YR BT Z W BB R AR ISR EMEUIgRER. L, mR
B2 MR B EZE TR ST = 10, IRERHEMEIGRNEREFENE
45 /8 B AR 24 T STBPAL % th ik v 4 2 X 48 Il R 1k s Rz B B AR $ Ry 1/10.
EthEE L, BN T RIEEEEREAT DA, EiksHNntE
VEFEMNISTHIE & AN F R I8 IISTBPE LTI 4 7200/15 ~ 13.3xMizH #1E
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Table 5.5 Comparison of train epochs of different SNN models on MNIST dataset. For fair

comparison, the data comes from [89].

Model Hidden layers Accuracy Best " Epochs
Spiking MLP(CNN-SNN)[121] 500-500 94.09% 94.09% 50

Spiking MLP(CNN-SNN)[124] 500-200 98.37% 98.37% 160
Spiking MLP(CNN-SNN)[118] 1200-1200 98.64% 98.64% 50

Spiking MLP(Lee)[85] 800 98.71% 98.71% 200
Spiking MLP(STBP)[86] 800 98.89% 98.89% 200
Spiking MLP(HM?2-BP)[89] 800 98.84 + 0.02% | 98.93% 100
Spiking MLP(this work) 800 98.73% 98.73% | S(CNN)+15(SNN)*

* The first item indicates the CNN train epochs and the second item indicates the SNN
train epochs. The test accuracy of the CNN is 98.26% at the-5th epoch._

HIR, A/NTTEE T RIERISTBPE VLS H W 9k L 78 VI SR B ok vh vt
M ERRB EWERE. ERNTH, BHMERECFARIONIES EH
MR EW S ERENEERRBE BN R RNEELFAEE 5.6, WEF
ALEY, SEHBHEEEARMRERMEER £, ¥ATUEL10KIZRE
RSB NI EZHIRFIEE . B TIRESTBPE L, SHVIHLE
ERRWD T INEGHIERIREL . R, 7ENetworkBFINetworkC L, STBPELE
B0 FERIRAFBEA W, BHTSEIHNEIEER T STBPEEF
PR 2 JT 18] 8 (dead neuron problem), ZHHIIAIE 2T T YISk Ak EuR
ST IRIGSTBPH . it —3FHl, 7ENetworkD &, STBPHEER BEE/E20% /iR
HIFER, [FIRZENetworkE L, STBPHEIELARM. XMHMAY, BEEMEMIERN
ABTINR,  FT R A HE R B kI 4 28 I 48 o B BT R A 57 201 9% 1R R SR el 3k DA
R X, SEAIENEETT DAES B Bk ih 4 4 WX 4 4k B 2 65 10 Bk vk B 42,
RN Bg 42 L RIBUE SR RE RS . FHit, SEAIHBNEIRTER 5.690 % B 2k
i’s%‘%ﬁo%@)ﬂéﬁﬁ%ﬁﬁﬁ‘zm&ﬁo AHREE, B ITERMNE L5 bk
LM 22 [RIFBR R AT AL, R B SIRMHE ML RAUES $T UL Bh ki &
PIE7E (A ERBIRIE BUE B HIEE ). LAk & MK IREE S R L
HEBHBEAR, STBPEER FEE S IAER A 4B E BN
ik, STBPEEFREXIMNAEZSHERMKT . WHE 5.65R, SHHBLER
FENetworkE FRRE R, FRNGEENSZRSEERKR. FHit, SEHL
FIRA UG ASTBPEIARI N A VS, FIRT IR STBPH M VI SR SR «
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[ 5.6 ZECIFARIOSGEE I, STBPEZSEHMAHEZNINGERRBTEE.
NetworkB-E3R 3% 5.2. STBPFR[S6]FREAIBORMEZ ML IEF SJEIE; Weight
InitializationZ R £ F S RN H ESE VB PR E ML HRAMES K, REE
FISTBPE Hill S ikoh 2 M. Erh A apkom 2R EETH BRI EE
T = 10, STBPEEIEIISNetworkERT, ZE XS TEREAM, FRBREERS.

Figure 5.6 Training acceleration on CIFAR10 dataset. NetworkB-E are from Table 5.2.

STBP means the training algorithm from [86] and Weight Initialization means the
STBP algorithm with the weight initialization. The total time steps T for all these SNNs
are 10 time steps. The line of NetworkE STBP is not drew for that the STBP algorithm

fails in this situation.

554 RERNMLERRIERKARK BB

A NHE R 5.29 NetworkC BA K CTIFAR 10$#E &£ T A ZE R H HIIRE R
MU DL RAS B IR R R, SR INK 5.6 TR, T KSR
i 5 300 86 40 B v o Bk sk 2 B 4% (0 SR A AU S U AT I 2R K. FER 5.6,
Original TR R FERAEMPINENAES (@ = 1.0, 7 = 0.6, Vi = 0.5), Error
MinimizationT {4321 F 7= 25 32 tH HIiR 25 /MU S 15 DL AE SO 5% R O L
(S Ne = 1.05, T = 1.0, V,, = 0.85), ReferencedT/AFR LI HIXT RS H H G M
B H N = 1.05, 7 = 0.6, Vi, = 0.5).
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R 5.6577, XFTOriginalfT, RAEEHESHAEINTH K. XBHEMH,
RSB UEBHS I HE M P B4 r . 2R, Ik
SRR B EE S YRR AT, RABEEESHBEXIE0.4,1.0)R7 3L
AR A

MR 5.6 A, SHor IR GIEE. WRAERE KRR EK
FHISHBENB = 0.0), 7EOriginalfT. ReferencelT P M Error MinimizationfT iR
FUNE BE 55 2990.04%. 88.01%. 88.37%. H4h, EHE—ANEEHSHB(ELIN =
0.4), ReferencefT IR AIE FAHE T OriginalfT (8 = 0.0)F 1.28% ks E =TT,

HZHB = 040, FANEASEVIBMERE. RER/MUEEURIEHRK
TR K EET, Error MinimizationfT ] AEX1591.53% KR BIFE BT R T3 5.4
HINetworkCHJIR ARG ). #XT TUE S 9IH L ISTBPAE %, Error Mini-
mizationfT A] LAER151.49% K IR ARG EIR T . B RIA A3 K 0 =Fh ik
B, MHBRTIUERASEIBEE, NGRIERREBMSTIRVIGRIERIRE T F
B3R Y griE Rk F . Hitk, RIW R ZE &/ MUE DL RS B3R 55 5 3L
WISRIR B k144 22 ) 45 7] DASRAS SE 4T IR SIS B DL & B8 2D B Rk AR e 3
® 5.6 RESNMEZRUREEHRARBNZW. RHAEHNIRHETSRNBLE

&, FIRFECIFARIOHIESR LG, S—1THHEFREAR 5.260)FHSHB.

Table 5.6 Effects of error minimization and loss function. All these experiments are based on
the weight initialization algorithm and the CIFAR10 dataset. The numbers of the first

row indicates the parameter g in (5.26).

Algorithm B 0.0¢ 02 0.4 0.6 0.8 1.0

Test Accuracy | 90.04% | 90.73% | 91.19% | 91.20% | 91.12% | 91.17%
Original(a = 1.0,7 = 0.6,V,;, = 0.5)
Train Epochs 87 173 138 159 212 274
Test Accuracy | 88.01% | 91.28% | 91.32% | 90.86% | 91.22% | 86.38%
Reference(e = 1.05,7 = 0.6,V;), = 0.5)
Train Epochs 96 84 72 163 151 277
Test Accuracy | 88.37% | 90.69% | 91.53% | 91.16% | 90.83% | 86.45%
Error Minimization(er = 1.05,7 = 1.0,V;), = 0.85)

Train Epochs 102 93 63 193 140 289

#In this column, the parameter 8 = 0.0 in (5.26). It means that the temporal loss is moved from these training epochs.

5.5.5 M&&aIUEATIE]

METTE BT T [97, 99, 118, 124, 187, 188]HTI &0, Fkyhi 2 [ 48 A& Al kL
HETUERERENEHRHIEEF HAREEZENHE. RLEEHEE
[ R A2 o e ok v 0 8 X 4% 1) 43 IR TR R . R SCRR[1251, T SR 5 e ik
TR X 2% 1 43 SR IR QR (8] T RS AT, o B S o 22 X 4% ST A AR 42k B s
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B2 W & UM E R MR ENRERE D, R 5T7H, AW
LA T Bk yh 2 P 45 18 B 35 42 B 19 (CNN-SNIN' Algorithm)[97]. STBPH % (STBP
Algorithm)[86] BA 2 {3 I 2 S04 IR L B AT 4R 41 W 48 AUE S 3 I STBP S i%:(Weight
Initialization) 43> 2SR B [RI AR AFE -

M 57H T &I, EMNISTHIEE £, EANEEPUA, SHEPHRLE
. STBPZE DL R k46 48 P 48 s 0 31 BV AR ARG B2 2999.20% 99.18% LA
J%75.38%. [T, Bt EIEIRIE M ki & M LS ZE 100 RS [A] 25 Y B9 IR AR
FE999.02%. XFLAW, EMNISTHIES b, FRSEWIHRLEIERSTBPEIX
BT LB A5 03 8 Pk et £ X 4% AR ABL TR S FE R IRT BT, S ] DA Jiye i £ R 4%
43S U S (RT3 AT 25 BRI

FECIFARIOSUIRAE b, ki 0 IO 4 1 0 205 6 BV 10 ) 2% SR AL S (1] 0%
K, B AR R R 4 4 2SR (] BI25% . 13 S B IR (L S ISTBPSE
5 (IR B BT AR B A R 4% - M SR 1R 7 T R AE RUSTBPELYE .t 7244
s (6 25 [ P 25 43 2R USSR TR] P, 3% 5.2 70 Network B ] LLEX 753,46 % F 1R 73 4% B2 A9
BF. FEpt—H, AWE S6FFLUEH, WRFFIZRRI kLM% KM%
AWK, FHSEYIHREENSTBPE LN T RIGKSTBPRIEZESR
HiFest. R, FRSEVIHRAEIENSTBPA LA LIEE B iF fitE
BE.

g FRTIR, A ER A0S B HA A B ET DA R0 TR ik e e £ I 4% B AR
itk 3= A
55.6 SLIEERNG

N2 5@ 4N T H EL B AT T ATIR B =R AR . EER BN RS
K TE, ANEHIEEMNISTHHE S LK CIFAR10504E 5 L 73 7 BX1$99.58% LA
J291.53% KR BIRE . EVIGRERETTE, EMNISTHIEE L, HEBT
REZBBRBEE, AENSHENBLEEISERREED, RFHKE
4STBPA WEEE T 135 I hnik. 7ZECIFARIONIESE b, SHAIHNEE
FE6- 192 Bk 2 M & I ghd, HTTE10RVIZRIER N ISEI A £ R BAS
. AEMKESIET AT, AZERNSEWIHE 0 EEX 7 F St B B 12565
fopniE. FRHE A A SR =FEEIUE A SEIBAER, LIS
EARIRE R8T IR/ EI63IK .
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Table 5.7 Convergence time and test accuracy.

Dataset Network-Type Algorithms Test Accuracy
Time-Step 4 6 8 10 100
CNN-SNN Algorithm™ | 75.38% | 90.79% | 96.36% | 98.21% | 99.02%
NetworkA(99.27%) | STBP Algorithm™ 99.18% | 99.20% | 99.21% | 99.24%
Weight Initialization 99.20% | 99.18% | 99.20% | 99.34%
MNIST CNN-SNN 1045% | 71.22% | 67.50% | 90.32% | 97.27%
NetworkB(99.56%) | STBP Algorithm 99.25% | 99.30% | 99.32% | 99.40%
Weight Initialization 99.44% | 99.50% | 99.51% | 99.58%
CNN-SNN Algorithm | 13.87% | 39.81% | 41.77% | 52.93% | 70.32%
NetworkA(82.32%) | STBP Algorithm 76.32% | 77.61% | 78.01% | 78.13%
CIFAR10 Weight Initialization 7733% | 78.21% | 78.90% | 79.10%
CNN-SNN Algorithm | 1045% | 12.11% | 15.52% | 1743% | 77.27%
NetworkB(90.81%) | STBP Algorithm 82.74% | 83.66% | 84.36% | 85.48%
Weight Initialization 86.20% | 87.00% | 87.58% | 87.64%

* This CNN-SNN algorithm is from [97], it is suitable for small networks.

** This STBP algorithm is from [86] and we realize it through PyTorch.

5.6
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BEIRVIGRIR BBk M S I 7 2 R I = AN R &R, BE, BT
FR AT 5B RMHEMEME T MMERR, KIUERMENEHHRES
AT A BBk 2 P43 2 IR =ATRE . BT U EREE, KRERH
—MSEVIBLEE. RE, FERD T -MIRER/MUEENURBRIIRK
R, AP ERURE R EFNKTHENE. BF, LRERH,
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