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A1d HHd EH TF

Hede A 7 Fx2E EWe A3 W(Artificial  Neural
Network) E@S& ARgste] HolHE ShFstal FE3H FH A T8-S
7 (Neuron)o] M= ¢3 Fsa&st= A3 FAeHA, AATE o9
==(Node)7} A= A4 A A7E FFsch 48 dolgr =
S0l w9 JtEA(Weight) 7} wallAA thg w22 S8EH, 24l
= o3k AMS WHEete] HE FEHiks AA%H. HF
Fo mahr] wmro] FtEX e AAYe] HE EHFkol A
MeAE 25t AARE SFAITIH, o3 TtsAVE Weld R oS
EAsta vl g ARl dolH® 353 ¢ A "rk FHE dJud 2Eo] A
A AdMAH oA EF, ALt

(David et al., 2016)°]t} @ld % o Z(John et al., 2021), thif &

% W Jacob et al, 2018) 59 HF3 FAd= T2 =il Ut
o

olel g Alel AgHE A RAEE Augom FoloA e A 7}
FAZ FASIYOH vhFR Ropl A 712 HuE HoluE BT A
$2 wHB e ols ge R Bue £EtE dE 9§ Be
H]go] AEH. 1750900 Ao AFAE AAL Y= Aol A waal

GPT—3+= 3k We] Shegell oF 509 <o
2020), oJAl=a di=rs AW vhw AeAs el ¢ukar(AlphaGo)
= A oF 1viZhetETERe] dH s

a R
Agate AY abgga) wes Aot oAy wde] uitmshs
2= o)
=] oy

Re)

a7
8 A3 o v B 5o AR BAZ oS, oF e
9% ATk ke drow AAH T Arkolahs, AEE, 2019)
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T (Neuron)olgt o] AAAE olFi A= AABAHAEE on|sr}
Fulols el B2 ABAETE HEAor ddHo glon, oE 71
dEAge AtFeR apEAS WY Rlds vee] 7=
(Dendrite)7} o] Wrp glow, & el d2& E9dhs FAE7]
(Axon)o] Teta} AZd=ol Ut 7HA=71¢9k Fa=717F Aohs Fes A
A (Synapse)&tal dd], o] AWAE S8 AFAEEA] Wy

=
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g5 A9 dAE yEdY e AlxEE <t
Potentia) & -FAlst=H, obFd A=o] gle wWe HAHAE +4 A4
(Resting Potential)&}al &t —70mV W9 ¢ A4S F% 3t

dEohA e A AHE QR A=E 7t FA AEQ Al Ee A
WARRE Aol oW B-i-=F(Depolarization)F o] = A7 A58, o
%] 191 (Threshold Potentia)?! —55mVE WA =W & 9 (Action
Potentia) 7} A&}, &5 A9)7F wAshA AEZe] B A9 1/1000%
o] e AIRE ot A ATt F4 A9 oletE "ol A
W, ol % A FA AHel Edste] = ALV A AAZ sk ol
3 EXor % AYE ~vola A (Spike Potential)Fil%E dFH o]+=
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Integrate and Fire)7} Al dlaioA &% LIF Zddd & 7S Ao
7] 918l vk St e ST o] gl o 2 He)7

A2she AES Adete W42l taure, 230
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# o2 STDP(Spike Timing Dependent Plasticity)9} SoftLIF7} S)
STDP= 949 Ao Aupol=st = o Asvpola 3+ AMY #AE &9
A2 ZFEAE Skt (Mg A, &4 =, 2018). SoftLIFE 23te]F
o)A Ty dYgael War(Nengo)ol] &5 WHo=z o]xkel LIF
s P T e SAMAE abre] AAbsH o R Sh5ek F, LIFE
23l W2 o]tH(Eric H, Chris E, 2016). &30l Al wo| A A&
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dolel mrh we Age] WA WER ¢Esh) Hed, duvst 4Ee
dolElE T )E Asdow B dolEzt A dolHel TAW FeE

mlojol sto g Al ¥WEd = dHelHE vS & 33t 4% (Principal
Component)E°] A ©t}t. 4% 4 (Principal Component Analysis) W
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(Denoise) 2 E2I 5 (Pascal et al., 2010), ¥4 (Convolution) === Al

AE skl Heold olmA AY Adees Ad AT LEJAT

i
o
m{?'
P
e
X
o))

(Jonathan et al., 2011), dlo]E]e] &4 w®WE il B
}+= WHE(Variational) 2 E1F Y (Diederik et al., 2014) & Tt} mdlo]

.

ol

oy

_
=

A



f(x) = argminy zE[A (2, B = A(x))] (2)

Al 3 A ONNX

ONNX(Open Neural Network eXchange)+ FacebookA}2} MicrosoftAF7}
T M AEE xe EEEFeolth. dA 7AIEE EokdAE
Tensorflow, Pytorch, Scikit—Learn & T¥3 /9 Ty dHdart A&y

a3k o] ZEddeasS MR vuE 5FE A e, 7HE

<

FacebookAF7} 7R3+ Pytorchi t}sE 79 1A Rdlo] ALHSHEE o

APIZ A o7 AFH 7] wiol ¥ 2d 784S AH3sk= ¥HH, GoogleAt

O

of mixx ¥ FE& A3 2 A3k Tensorflow Serving & <
g UlE S S A LRt EAls oleg ZYddease] Bd = #
Wajo] B tave Al ol weEl RHs AFsAd sues g%
A7F ZH AN TAERE FolshH ol TFE WY &4 55 ofHA ok

ONNX+= ¥ Z#dgael wds Qo 5o FE5d T xd

= 7} ONNX 2d2 AgEr, ONNX9 53+ 28 52 GoogleAld] &
2 Ao]9l protocol buffer® T E Y=, %3+ dolHE A H 3l slo]
st WA AMEETh C++, Go, Python, Java & thbeh lojE A9
st FFEol Fal HEs £Rrb war] uo] RY Ay AT wshol
2k ONNX©O| E43} Rahgeh(uhdl, 8124, 2020). =3, W54

= dely #@3% 718 ATt Aojuo] qlar, AREAE AA dArkAE A

o = 7] WEel 2 AT o)A S Adh



root@isys313: /home/server2/leejungsoo/proto# cat example.proto
package tutorial;
message Person {

required string name = 1;

required int3z id = 2;

optional string email = 3;

enum PhoneType {
MOBILE
HOME

WORK

message PhoneNumber {

required string number = 1;

optional PhoneType type = 2 [default = HOME];

repeated PhoneNumber phone = 4;

message AddressBook {

repeated Person person

_10_
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G435} st ReLU 3402 A 86191, npxut A A3 o= WZE Ra=s
A AZEWS G5B ST 25tolF AAYE olg BAY FEE

AR Fo AEgo|EE 12 AMREg 1
25 ARESRSIT Y Zo| A 0L AlgatgTh Al Ao

a9 3-2¢ g,

(¥ 3-1] 2% 48 2743

24T AT

FAE AT

IY M | 32, 64, 128, 10 | 32, 64, 128, 10

g 37 X 3X3

2Eglo| X 11,2
bie X 0
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Input Image

H
H

Dense 1

H
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ReLU

H
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Dense 2

H
H

ReLU
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Dense 3
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H

ReLU

H
H

Dense 4

H
H

Softmax
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juich
wW
=
M

2
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E

s} fAE ol e

J

Input Image

Conv_1

ReLU

Conv_2

ReLU

Conv_3

ReLU

Dense 1

Softmax

{

2
ol
o
o
il
!

A (Generation) ol & H 3t} tEo] x4l HX =
A sk W o]t}
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ALg3he] FEale) ghi= S AAISEA L (Alec et al., 2018), 3719] 3HES

ghaste] ARlS adow WEshs 59 F8°l 7FsdttH(Zhu et al, 201

13 3-3(Ian Goodfellow., 2016)3} Zro] A mUAS JA F 7IA =
TR Ed, g5 dolHe BEE 7Hlo R dHolHE A= WA A (Expl
icit) 22y} g5 dolHE EE2= AHE d99 HH=E dHolHE A=

A1 (Implicit)  EH= v diFEAe]  ®HAH =2d2 §E

.

A7 om, A A Rdd = Ay A 217 (Generative Adv

ersarial Network, GAN)©] lt}.

Direct

GAN
‘ Generative models ‘
Explicit density | Implicit density
/\ \
Tractable density ‘ ‘ Approximate density ‘ ’ Markov Chain ‘
- . GSN
Fully Visible Belief Nets T
- NADE _ /
MADE ’ Variational ’ ‘ Markov Chain ‘
- PixelRNN/CNN

Change of variables models Variational Autoencoder Boltzmann Machine

nonlinear ICA
( ) Figure copyright and adapted from lan Goodfellow, Tutorial on Generative Adversarial Networks, 2017

[29 3-3] A4 WAl m& 2 &7
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[% 3-2] A4 29 A4 et H
&

EREECSE
g A 64, 32, 32, 64, 1
ZE A7) 3x3
AEgo|= 2,2, 2, 2,1
A 1
Input Image 4’[ ConvTranspose 1
) . , 7
Conv_1 RelLU
v i ) 7
ReLU ConvTranspose 2
! . ) 7
Conv_2 ReLU
7 j ) 7
ReLU [ Conv 3
’ v
[ Sigmoid

(2% 3—-4] A Ay AT s 5%
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olu] Algts RS xA|Ho R ONNX ¥l W3S AQ3kA] 7] ol
WA ONNX REE #dlshes d4s Azt 2d W= Ags Rds

ONNX =Ru=z 7Id3dtA WHstdgd 4 == APIE A&s=  tf2onnx

d& ~3to]7) ATl = FHAA TEFSY THEAE FESE ONN
T UH9 initializer AE oY ©A =],
do]E 7} wnlolE FAow QlFAYHI7] wjite] ONNX =zlo]H gl

¥3+9 numpy_helper APIE A}£3}9] numpy.int64 32} 2] Ho|HE 7}A|aL

A= Fdel(numpy) ¥R WG dis BE FSAR npz 49
& shtel vakd gAER FHol
npz HAR AFToRA JhEgA AALE v wpATeR 75

sglo) AR AEAT RES] fEA MBS SR,

HolH & Algstnz Wty dslo] wjd
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ol 2733 FH(CUDA) H

33 shes

3} g Fdol Algd Zolu

A

NVIDIAALS]  GPUE

Bl

5134
3

40
==

7}

_(H

171

o

2448

o] 2 o] A

_DL

Nengo

-
R

gl

24

AT

~
HO

T
<

ol

E

|
F71 o

KeX
T
5|

}it}h. Nengo_ DL

AHES

HdY s

oln

g}

sl

of Ab&AE 71Eel AHE

I
LN

2]

o= A

ol

=]
IERE=Y

Tor

Adam(Adaptive Moment Estimation)& AF83}3 3L

Elrho] A=

2
=]

Pty o]

psT™

n_ste

TR

1, 15, 30, 45, 602=

ol M=
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[ 4-1] "l==a3F 29 874

CPU Intel i7-10700K
GPU NVIDIA RTX3060
CUDA 11.0

RAM 64G

[ 4-2] 2folB g ¥

Tensorflow 24.0
ONNX 1.7.0
Nengo 3.1.0

Nengo_DL 34.0
tf2onnx 1.10.1
Numpy 1.19.5

[ 4-3] 7€} sle]y vtebny

Optimizer Adam
Learning Rate 0.001
Batch Size 128
Epoch 10
n_steps 1, 15, 30, 45, 60 / 45

2) 3¢ dolH

& =wol M= MNIST dlolH A& ARgste] dds astglitt. MNIST
(Modified National Institute of Standards and Technology database)& <&
o® 23l w2} ol X| Holyuolam YATE ok SuIt HFel 2
2] ARgE T 35 HlolE 60,0003 T dlolH 10,000 o= 5 ¥ o
om, zb ojwA= 28X28 A A7|E 7HA A Atk o|m Aol 04 9
A w2 5, ®Fel sdsts A 2ol Stk ’HIAEES Sho]EX
s, oY E‘v’ﬂ"d%ioﬂ"i API= &% 4 7] wjitol dlolHE A% st
AAQste AAe AFE = dom, e EddA £& Aol YEy

=z O
=
v wdo] & FArfa g er AE=A g4 v v mee
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[ 4-1] MNIST

b

A2 A

HH

medof Hlaf
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2

il

gl

] n_steps’} =7}

n_steps’} 1Y

gieh. 53

H

el
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svpely) AAW mEe vA z2Astel w4Eel edet wAld

AW, e Augolt ANz AzHe] 8THE QHus ¥4 F

Nengo | Nengo | Nengo | Nengo | Nengo
(1) (15) (30) (45) (60)
A= (%) 97.02 9.80 | 81.14 | 91.74 | 92.49 | 93.61

TH AT (R) 9.89 29.34 1 30.72 | 30.83 | 30.75 | 29.37

FE A=) 0.50 0.87 3.28 5.98 8.21 | 11.35

aEEt A w0
AREsh AR 229 AREE GYRYOM, nsteps7t 30& Wol7hY

ne
£
o
¥
ru
>,
)
rlo
—
117
=)
1o
¥
rhu
>
L
-
=
:C‘>L_tl

7} o™ n_steps’} 60
217.7%° 2=, o= A AFEFe] 130.4
G210}t WA n_steps AR @ A B37F =] wjie] oS AgUsh

45 HAAHl 2

%l Hl&l ¢k 87.3% =&

_24_



S H O [e} 2 1ua =
Nengo Nengo Nengo Nengo
Keras | Nenzo) | 455 (30) (45) (60)
A=
(%) 98.65 9.80 92.03 96.50 95.52 96.29
4
. 38.68 | 108.63 108.04 113.76 113.62 125.60
A=)
g
. 3.10 3.39 20.26 37.91 56.01 73.83
A ZH(X)

Al 3d B4

ol oA EL BT g d¥ onAE daom 44T AvhEol
AZdom  wuSHAS W, nsteps7t  LEEEE  FA ouHt
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olg gk ztelE AFA R ZA35] fdl, A ojnHet AAHHE o]mA
b SSIM A& HAelth SSIMelst ojulA] b eakE QIzbe] AJZHH
sl zpo] TN FAHS= WHeZ, 3]%=(Luminance), ™H](Contrast),
B7pet, A2 A 59 go

CTHe FAske A 32 A7 4 6, 7, 83 #rh 2 (0.01 x L)<=
ARk gholw, olw L2 w4 olm A7} 0~2559] HAgs 7Hd o 0~255
o @<, 0~1¢ AARS 7HE W 18 ARERIHE G (0.03 = L)& Alst
e, aE /29 s THITH
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ABSTRACT

Deep Neural Network Weight Conversion
Method for Spiking Neural Network

Lee, Jung—Soo

Major in Computer Engineering
Dept. of Computer Engineering
The Graduate School

Hansung University

The deep neural network, a machine learning model used in deep
learning, has improved the field of machine learning by leaps and bounds
by mimicking the structure of the human brain, showing powerful
performance than existing models. Just as neurons in the brain are
connected through synapses, the nodes of a neural network are also
connected to each other through weights, and the weights are adjusted
according to the input data, and the neural network is trained. Due to
the nature of neural networks in which millions of nodes operate
simultaneously, the cost of training and operation is very high, and as
large scale models such as natural language processing models are
developed, this has emerged as an essential problem to be solved. The
spiking artificial neural network is a neural network that uses not only
the brain structure but also the mechanism of neurons. Thanks to

improved power efficiency compared to the second generation neural

_39_



network, it is in the spotlight as a third generation neural network that
connects Convolutional neural networks and Recurrent neural networks.
However, related research has not yet been sufficiently conducted, and
commercialization is difficult due to high barriers to entry, such as the
need to retrain the model to use a new model. In this paper, we
performed classification task with a spiking neural network, compared
the performance with the second generation neural network, and
confirmed the generated image by proceeding with the generation task.
As a result of the experiment, it was confirmed that the performance of
the spiking neural network did not reach that of the second generation
neural network, but the numerical values such as inference time and
accuracy change significantly depending on whether or not the spiking
neural network hyperparameter is adjusted. In addition, we designed a
weight transformation that allows the neural network to be used without
training by transferring the trained weights of the existing neural
network to the spiking neural network. As a result of the experiment,
there was a loss of accuracy of about 10%, but the weight was
successfully converted. Through these experiments, it was found that
the spiking neural network can be applied to various domains according
to hyperparameter adjustment, but parameter optimization studies are
needed to use it more efficiently. In addition, it was shown that it is
possible to efficiently convert a model and build a prototype model

quickly through weight transformation.

[KEYWORD] Deep learning, Spiking Neural Network, Classification,

Generation, Weight Conversion
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