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An analysis of learning performance changes
in spiking neural networks(SNN)
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Abstract Artificial intelligence researches are being applied and developed in various fields. In this paper, we
build a neural network by using the method of implementing artificial intelligence in the form of spiking natural
networks (SNN), the next-generation of artificial intelligence research, and analyze how the number of neurons
in that neural networks affect the performance of the neural networks. We also analyze how the performance of
neural networks changes while increasing the amount of neural network learning. The findings will help
optimize SNN-based neural networks used in each field.

Key words :Al, Neuromorphic, Neural networks, Neuron, Machine learning

.M & ol HgFo] 8o & Hsla Utk AFATS

19509t EA-ow ATHdek 1950\ thi-E

A 1097 QA TS BlekR o] HEHS o] 9] 1970 el 3kabg] Q1 E A5 o] Uojytar ojw] e

T3] Q1 FAIT HopolMuk AREE = Ao] obd TF s} A Be oEALS o|2S AYsir)

gk tofel] A&HM QAFAT 7w Nkl ARESAL syl 1 gAY AFE N 71(AFE 99, B

Atk T ARERIA, 5731418 Foks Hol Absal, yEYa, ~EfA] 5)e dAe= B o7t I

T8, 2¥% dE 5 Adubgel 2]l Ropo A QlFA| a1 A VERE Be AEY 2kdo] B ¢l
*43]Q FFAAFA AT AFATATA AIAFY Received: April 18, 2020/ Revised: July 10, 2020

Accepted: August 15, 2020

*Corresponding Author: y.kim@etri.re.kr

Artificial Intelligence Research Laboratory, Electronics and
Telecommunications Research Institute (ETRI)

- 463 -



An analysis of learning performance changes in spiking neural networks(SNN)

TAE o]BS Mg 5 gl U AldHASl <
FATEE 5T 5 AN

AFATe Zabael Wb Hejy W] A3A|
T Zlwo] WAHWA AFEATAL & 5 vk EE
B gk AlZe] e wge 200610 AbeE A=
Aol lFA T T Jedlll2] 7IHE waxsed
oh 283 gds A8e ARy dagF3le T
Fato] 7]Ee] AHEQlA daE|Fe] Hold AHIwE
o}53] Holde Ao HolwA A Al dFA
BS Fusidch agla dAels Ak dtellA g
g 7k AT A8 2§ 71s4E s
71Eol = Al Edd FAE sldsta vk

Helgdel e AFE 7k 7)ee] wdsle 7)E
ol YINE et viEEe] WHsEA ke st
% AFAT] Bl Ego] © e A 271
2 ¥ dud AdAE B4 UEYE, AGEA
SO R Q) ke vl Frrt rhssixl Aol

1A g5 AsiMe B2 4ol bl

olBl7} B agh, 7|Eel vEYGart wdsly] Hdel=

4oz uu}em Ash= ol 7}%—811@ Aok,

<=3FA| 1k

o) 98 Qo] L7550 zooo»ﬂm Sof
=o] H

r_>i bate)
R o rlo o odl

GPU w¢] ¥4 37" oA 7es S8 e
A BEAoR AYT 5 A H3lHh

shAIRE 919} 22 WS 79k V)eE ARESH] o
o = vk M= Y (embedded
computing)©|4 2 Y (mobile computing), <l

(
7l A" (edge computing) %71‘01]/\1 shd e 7&%
g 2k} Askd A8 I A
Ads gra) 5, Ak 1%}#7} oL /\}ﬁ 3?}
73] EAE Held shgel dadh Fid HolHE ¥
w7] FEh ol2g 3 Held
7] Hﬁﬁ 7FA A 7] (pruning), =& ¥A}sHquantization)
F Held 7ls so] AkE AL glovt AlkES
2 Fol7]olli= FEAL AL 9l
L %7301] A QeSS ?@_5}7] el ol
sk SNN(Spiking

oh’.
=2
o

Neural — Networks) — *2]¢]
(Neuromorphic Computing) 7|4
SNN 29| RrE AFY 7ee 11:‘1401]"1 *’Zﬂi
Xéiﬂ Eal=y 7hEEE HAS BAbste]) HE A
S L(neuron)iﬂr A]m*(synapse)i o] Fojz A A
g A0 R RIFA TS TAshe Walolth

/\1‘3 D*Xl 20WA =2 Oﬂtix J—% iﬂlf&ﬂ.

B ERAAE EFHE A48k SNN Fele] 14
e PESR, Y AT PSR 7 A5
sl Aok A 4Bl olud JFS
WA AE oS0

Il 22 Ags 2
Dendrites /
= |
Synapse > f'l \/\//." — /
\\-MQ Axon <<
/\ ||‘
\ Q
(a) TEI2 TS D AlYA 1x
| |
A 4
e Synapse
Input Spike ¥ S~
w1
Output Spike
Neuron
w2
(b) SNN SHEH(LIF 222 2 Ate}El el
O 1. A Fulof FEIAMA FXE(@)2t A3XS

T2 flal FAEE 22 (b)

Figure 1. (a) the structure of neuron and synapses in a
brain, (b) the abstracted model of neuron and
synapses
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Figure 2. The neural networks structure used in this paper

B =wolA ARERE AR 1929k o] 279

o= =W 7| (lateral inhibition)E
o Fyo] AAY TERE Sx

Atk [7-9]

TOog o]Folx ANAEE AHEaIGTh 1R2el YERG
AMA 2 dES xdst Aoz g #E onA
S L xL JE2 24 vrolx zF 19 A (pixel)
gl 2718 M x Mol S84 7 o= dddn
Zr21e] ™ FEL al-to-al 92 HuE Inpute] =
© A gho] 7}yl AR dAHEH A=A =
QO # U9 Poisson X E WEE Avo]a Y
B2 gao® Addr. gAY wHFS S wd
T3 2 M x M9 Ate]=9] oAl oz 745
of Atk FA wHFS AN Sl one-to-one
A4 PFHE TEA FrHelA 2] 2 AR A=
AA el AZE vk A S TR
ol all-to-all FEjellA] 217 22 A9 3= &
4 TS AR BE SR wHoRE AAH 9
=2 ion) & #-&37] $1%to]
t}

Sl

TollA Bol ARgE L

- 465 -



An analysis of learning performance changes in spiking neural networks(SNN)

Al
=

<

ok

>
il
de

)

OEL il

tlo
o o

ox

ol

Ol

rir

=

Al

] ek Shgako] 54 <l
A Jaks o] sle] el )
Fe vz B 3 HAEES st
F&3 dlolE= 0-99] A7t 28x28 ¥l
EAF = MNIST el A[101E AH&-stsitt.
600007He] 524t ElolHE, Shie A4
A= H2Ed= 10000719 524t dlo]E
. Sk 60000712 EloElE 135793

B 952 g2 o sre A7

j‘go}irz!_‘
fot
f1oo
2

o

1

2,
N
> oy
gl oo

2

o o oy 2
S}; tlo o fu

o

¥

2
2
L

e - N = o T
=
&
ol
el
Q
o
>~
>,
o
o
>,
o,
ol
rlo
=
o
=
>
(0
4

PO )
i)
N

o
hudp?
o
ol
N
2
=2
—_
;
offl
2
Y
1>
>,

N

N,

Al AR 2\ B9 ke Bl 47

< st AlEelolH= BRIAN Al elE|[11]E

Test accuracy (%) mepoch 1 Mepoch 3 Wepoch 5 Wepach 7

o0

a0 2
i : |
= | | | |
70 - - |
55 || | |
,%: |

10 | i |
i - |
'z: a | |
20 ! - |
0 | x
0 | |

225

100 400

The number of Neuron in excitatory layer

% 3 =50l ARSE wEo| it stEsle STl mE
Hatx &7}

Figure 3. A recognition accuracy increases depending on
increase of the number of neurons in neural networks and

the amount of learmning

it

MNIST dlo]&f 6000071& AH&-3F Shaa el
solgtal & wf, k55 13, 33, 53], 734 53l
2 A7 AAE SEs Adsith =9 o] A
S A A7(FEA, A 7S H)E vt
o] Zh RbEsioltt 193 7 S AdE ARt
of A 14S A=stS W 1M ES ekt

10070] Fredes A" AdES(ex. 247
1007 + A7 1007 AHESE Aol = 12
stEujol = 7258%<] FIwE Btk spA|ut HlolH

REESA] Shgslal Q1A Eo] Al ehzkon 73]

T 3tS Wl 8384%7HA 4wt =

< Bo] g5 ALt o= die B

Ao e NEAo ZlaAE .

rot

ot oy Lot

&}

Eay

H

ks

SRS 13)0)4] 332 59 S wollE 7258%00 A
8141%= 883%°] 4ot® 3Fda BUAARE 53l 7
3] wjol] = 82.63%N A 83.84%= 1.21%°] 3
o
3
N

2]

=2 =

Atk AHEehs rElel s =R W= A
3
e}

1. wEeet sEE St wE FEE 37t

Table 1. A recognition accuracy increases depending on
increase of the number of neurons and the amount of
learning

The number of neurons in an excitatory, an
Epoch mhibitory layer
100 225 400
1 72.58% 79.38% 89.15%
3 81.41% 85.65% 90.05%
5 82.63% 87.88% 90.51%
7 83.84% 88.07% 91.43%
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