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History, Current Status and Future Directions of Deep Learning
Won-Jin Yi
Department of Oral and Maxillofacial Radiology, School of Dentistry, Seoul National University

Deep learning is a subset of machine learning, and machine learning is also a subset of artificial intelligence
(AI). The biggest difference between machine learning and deep learning is that in the learning of artificial
intelligence models, machine learning basically requires a human feature extraction process before learning,
but deep learning does not require this process and the original data is directly used as input. The development
of deep learning coincides with the development of artificial neural networks (ANNs), and many people have
contributed to the development of artificial neural networks for decades. The following five models are the
representative architectures most widely used in deep learning. That is, Deep Feedforward Neural Network (D-
FFNN), Convolutional Neural Network (CNN), Deep Belief Network (DBN), Autoencoders (AE), and Long
Short-Term Memory (LSTM) Network. A convolutional neural network (CNN) is a feedforward NN composed
of a convolutional layer, a ReLU activation function, and a pooling layer. CNNs provide properties of weight
sharing and local connectivity to process high-dimensional data. In dental and medical fields, an Al model that
can be interpretable or explainable (XAI) is needed to increase patient persuasiveness. In the future, explainable
Al (XAI) will become an indispensable and practical component in order to obtain an improved, transparent,
secure, fair and unbiased Al learning model.
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1. 98d(deep learning)®] SA} (2% 1. AL AREE ol83lo] Y Flold]
o] el thE -F71oll A o 12 & (Representation,

2 "2d(deep learmng)o YIEH I 540 Mapping)e 2= Aebe ot 71&2] HAlH
A ZopollA &71ARl e HolFa ok Jefd P g 7MY 2 Alole Al 22 ok
< o2t Bt ol E‘*‘ S JEole d AR of QlotA, HAlH Y2 7R o m o gk A9
Aor, I WRo] ofyet ok dalFE 2 Il o't EAFEfeature extraction) Igo] B
sttt deld(deep learning)> ™Al#d(machine Q3h} Jd#ygL o)yt o] ™QsHA] O Y
learning)?] ¥ F-ZA%toln, B3 vl g QlE  TloE7} iR o] i o ARGEITH D). E
A5 (Artificial Intelligence, AD9| o F2-gtolct  shte] 2 2ol Hal=d2 gl Hlol8 2 7}

ARTIFICIAL
INTELLIGENCE

MACHINE
LEARNING
Tlourish : DEEP

Sy SO LEARNING

1950's 1960’s 1970°s 1980°s 1990°s 2000's 2010's

Since an early flush of optimism in the 1750s, smaller subsets of artificial intelligence — first machine learning, then
deep learning. a subset of machine learning - have created ever larger disruptions.

Machine Learning

&n &2 I

Input Feature extraction Classification Output

Deep Learning

& — szrer: - [

Input Feature extraction + Classification Output

T3 2. Bl G Hefd o KoKy
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A Z7hstolE 9 WAl ek mdol A ol ik SN BAL AFIE 2L B
| ESEAS] =2le] o ol YA QA Y 3 o] BAS S4S sk YolthIY 4. Me-
e dole 47} Z71H B4 450l A% & Culloch-Pits 1L A4S W 7H5A 42 Hsh
359% 536 /HICI 9, TR QO G QAR TIOI 0% Sk 19
217

[©)

A} Q14S Sl Shgoks WA Wi FARE oW '1E SRl 1949, Hebboll 2fsiA] &St
WAlog, ‘531‘6101]/\1% ASAE e ShsAlE o oA 5 417 s WOl ;‘qggg ARSI
Atk = ofgolof|A] W AT} AR ojEES 2 Hebbian 35 W HIAE 41739 S<5(unsuper-
of 1 7]} 11YolE Aok WS 7HEA = A vised learning) ¥'H9] gt FejolH, FH9] 7tAA
A4, g2d HdoA = g2 HoleE Algsto] o of At wHS ALHCE ZT'—? ARE-Rtof| wHet
3 S sk S sEAIE &= Qloh A 719 7k A =7 5 232k 19579, Rosen-

g9y TES AF3AE D Artificial  Neural blattol] 23l |22 SR5E = Q1= 41737421 Mark 1
Network, ANN)2] 2F4x} 71 A& Zolslo], @2 A} Perceptron®] AR, Mark I Perceptron 419
o] 4 @ 5 54 ] 7] 3 ol £V 9T 5}— 9 Z(layer) Al7Wolct,
Held FHO| AAE 71Ers 7@‘1]3}1_ =y =l ey Perceptron®] & HIoJo{A(bias)?l Al'HA 7hs
19434, McCulloch®} Pitts7} {22 F319] 45} (Y= —,—7}79._E %’Fﬂ, Hhyl, Heaviside 308 &
A el thEQlo, o] Bdle AR AESHA A5} e (activation function)Z ARESHTHIH 5).
o] BESH HAUSS HH5HA] ¢, w39 7] Mark I Perceptron®] 442 Hot= S8 44 &

Accuracy
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Output
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Threshold T

18 4. McCulloch®t Pitts0i| ©fof| MIQHEl 20| 7212| HRE 23

— out(t)

wo(t) = 0
Lif wix+b>0,

0 otherwise.

o(wlix +b) = {

ZI 5. Frank RosenblattOil 2JaH KIHE Mark | Perceptron

EﬂJ X}O] F|AdlolHA A&H02 AdH JHFS S5 5 U= SHAIE ECHIE 6).
AAE T o= AF o 19604, Perceptron 852 95t @EHDelta) S5
I ook ek ehset & T+2o] Widrow2} Hoffol| 23 A715icH. Widrow &

#ol A5 FAp
%ﬂ&ﬂtOM*%ﬁ
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U} XOR(exclusive-OR)= Hoff 8k572] = & A5 (Least Mean Square)




7121 6. Mark | Perceptron XOR(exclusive-OR)= 8155t 4= 912

S} oletas sk Wt sRsTEL o) 7}

= A3Y TS Y3 GMDH(Group Method of
Data Handling)2h= WS =JAP. ol= w41k
5 HAE Z(Feedforward Multilayer Perceptron)
39 A WA g WEYIZE 7H=dt. o]& v}
o= 19719, Ivakhnenko= 8712] &0] =4
GMDH YIE{IZE AHEeH, SrEAE 59
ot S el ASHE A=A il osE 5
Ak, 19694, Minsky2} Papert] 835} =
2=t XOR £Al= Ao &2 =
of gt 7je] FO& o]F0]Zl Perceptron®E
& Qltks 2& HojZop, o] A2 3 #A Al
(the first Al winter)o|2}al &= 13415
S5HA Elo

197441, A|Z=8k5(supervised learning) %22
= 7ISAE oksol7] S8l @7 S 3KError back-
propagation) € 2]&0] AEE 19, X740 48

). 19809, Fukushima©l| ]38l Neocognitron©]

o>

mh H{o
% Mo M
ﬁ_lg_lr‘i_ol

M mo m B oaZ 20 > o

12
ol
N,

2he AlZHA 1| Q1AL 913t v Al o] =R
(28 7)'9. 4% GMDH YIE$|= t}2-2 & Neocog-
nitron IFAIZY2 F HA A5 AFTO=E A
t}. 9714, A& o2 ZEFA A7 (Convolutional
Neural Network, CNN)o] =5t} Neocognitron
2 @A AZaks 719 A5 e A7 Deep
Feedforward NN, D-FFNN)Q] o}7 €l % @} ufj-2- 3-A}
SlcHY, 19824, Hopfield= @A Hopfield Network
olzha &&= W€ 4 719X (content address
memory) AAWS =YFH?. Hopfield Network
+= &8 A7 (recurrent neural network, RNN)2]
sitoltt, 19864, Rumelhart 5-2] =504 Q79
ot daeEjEo] oA SAH, J15L 077}
S darE|Eo] YR A2 785t AT & A
31, whebA] AREA QL AR Sk Aol ARG = 3
S A8 02 BV, tF A1 o]
(Multilayer perceptron)]l @FdAu} dra]ES
283 AL I3 A5 9 ARl A SRt Euh
7HRoH, Heyd A7 A28 A= GAHLH 8).
19899, H71A] S2AFE Sh55t7] {154, CNNo| 2
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input pooling recognition
pattern COmp | (output)

13 7. Fukushima0f 2Jal 7H2= Neocognitron A4 &

Inputs Inputlayer Hidden layers Output layer

X1

X3

Xn

FoAT} 1SS o]831o] SEHITHY. o] CNN (a9 9) 1919914, Hochreiter:s 79 Au} ¢+
o ukA g HAo] o] o0t Hk} 2000t 2 1EEo g T 4 Qe EAle HEE HE gy
ghol] mj=tof|A] =30t SHHASE 9 o] ARHe Y HEYAY TR BAE A7 19 A
H, D7IA] At Q1404 99.05%2] AEEE Helrk  Fofl B2 Rt dargjEolA AAE= 0F
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C3: f. maps 16@10x10
54: f. maps 16@5x5

C1: feature maps
INPUT &
32:32 6@28x28

52: f. maps
6@14x14

Convolutions Subsampling

N 0
Q1A
.9_
T

= At glo] HastAY S7Fd
HERS zlofo] H]Fgitt. o] A
oA 7]1&7] &4 (gradient vamshmg)il} 7187
(gradient exploding) ¥A|IZ @24 it} o]=
A S AR FS e dint duEEo® SE
5] sk5S 4 glZo] FTAIH: o] A F RiA Al
2(the second Al winter)o|2til B2 Q155
571 SRl

19924, 71&7] A4 (gradient vanishing)¥} 7]
| Z4Hgradient exploding) =A|°] T3t A HA £
#2401 sjA=o] Schmidhuberoll 2J3f AQHHCH?.
| ofoltol= T A kg2 71453151 7] 91 HIA]
10 2 S AHTRNNIE AP E3A]]
ojc}. ofwf A&-E RNN2 1,0007] ol3e] 5=
F&t}. 19974, Hochreiter?} Schmidhuberef| 2]5
RNN k5 9t 29| A|kshs Hdo] A7 %]
O, o]& LSTM(Long Short-Term Memory)°|2tiL
SHHY. LSTM2 A179o] o o3 7)7F 59t JEs
71961 ste] 5 719) 71=7] 44 A BRI,
1998, CNN9J| k52 FA1717] sl 7 7dnt
dE|Ed SEH FAoPdH(Stochastic Gradient
Descent algorithm) &1 g]Z0]| A=, 11 A3}

LI =

N

°
o,

A H
OV
)%
OTI.

N
)

Convolutions  Subsampling

|
Full condlection | Gaussian connections
Full connection

FHOJA H7IH| ARE Q145 #1752 CNN
LeNet57} =AREHTHE 9). 2006\,
Networksg}1l o= A1 “Greedy Layer-Wise
Training °]2= ;ﬂg“a AREsto] 415 AlFTo] &
22 HojErP, oj=gejgo]
2h= 8012 AR Eﬂwﬁﬂroh—i Al32] A% E40]
ANZE= A717F Sk 20124, Alex Krizhevsky=
GPUE 283}l LeNet5E 7H418F CNN?QI AlexNet
2 X851 ImageNet Large Scale Visual Recog-
nition Challenge(ImageNet LSVRC)OA -53tt
(717 10" . ILSVRC= #igt 7f) o}43e] G4} djofE]
£ 10007 o1/de] EHAE 5k thglelH, o]
THA] GER QA7 20%01440191 01 AlexNeto]
15%2] RS 2/d At AlexNet®] /3322 HEd
oA M= Eu7F A CNNY 2vldAart
AR 11 59, 201439 Goodfellow 5] &t
2z A *17§UJ(Generatlve Adversarial Networks,
GAN)Z HEFCHIE 11)%. GANS A3433} st
= 7H4 Aol AU 22 AR A= A
‘:Hzﬂi 7BAsEA, At tE =L HolEE
AYA45k 4= Qltt. o] Yann LeCun© J&l "AJd 20
| 2t 7MY "R 71AISRs ofelHof gl EFH.

Deep Belief

SRogsAE 209
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Max Max
3 a5 Pooling Pooling
Lacal Response Local Response
Normalization Normalization
= =
T2 10. CNN 2591 AlexNet 4149} mH X
Real world = Sample |
images real currency, Real
»  Discriminator | - : I * E
. w
I police
Fake
Generator « Sample |

counterfeiters fake currency

Latent random variable

211, KA AN AMZAI Generative Adversarial Networks, GAN) 7%

Yoshua Bengio Geoffrey Hinton Yann LeCun

12112, ZiTE 20t0fA Ao R Sa= S2IAACM AM. Turing Award) 2019 Z-AMR}
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20199, Yoshua Bengio, Geoffrey Hinton¥} Yann
LeCunZ 43 A%< A9 83 14848
T 7Rt A Ulojee] SlAlo] chet B2 Q1
o 3 HolollA o B2l B ACM
AM. Turing Award)}& $AHTHTH 12).

2. BJ(deep learning)?] I3}

GartnerAellA] 2019855 sttt /1545 71
o]l T3t Hype CycleS @H#3}1 910, 2021d9] Q1
BAIG 7€) ARl EflE = The: ﬂﬁj{jﬂﬁ)

., 719 =80lA Al &EFA g, a&4el

§_ LN

glol8/2dy} A4 o] 282 HL A, 7l
HE BT g AR ERE A%t Sk RSt
ALAIAHE), 2|51 22 glojeje} §2 Ho[HE &8

et 71 Aifdolot. @A HedollA 7 wol -85
I Q= EAR] o7 |EA = T 5719] Hdlo|oh
Z Deep Feedforward Neural Network(D-FFNN),
Convolutional Neural Network(CNN), Deep Be-
lief Network(DBN), Autoencoders(AE), ¥ Long

Hype Cycle for Artificial Intelligence, 2021

Expectations

Short-Term Memory(LSTM) Network®|tHZH 14).
= gy ngo] ZE A0l EAC 5 (repre-
sentation learning)& 3 3tc}= Zlolt}, oA &
A5k5(feature learning)o]2HlE sHH, 42 Hlo]H
of tisiA AlEL B U2 S A5 0= Sh5S
= 22 uiRitt. o714 ged 22 g @A Yo
A 2F EEE 5ok Zlo] ofde, tee] 245
(hidden layer) 7t9] tt &4 ¢ WIS E5}0] ol
Aol AAA EAS A2 0= siss3ietd. ‘“E}Ei”
ndlo] & thE gkl EAZ 5
Folgt= ZolH, ol= HEo] HHY
‘:}2@. 3 NE AL 50 = AAER] gl oy

-

98 ofel 38014 o1 851 BEL,

[ =] O -

(Deep Feedforward Neural Network, D-FFNN)

1) A A A
F

—

7P 4]l g 2= AT 0T AEY
(Deep Feedforward NN, D-FENN)Ol afigsl= 9+
A A" BF ATl shte] 249 S+(hid-

T1213. Gartner AtOf|A 4ESHO

0IZX[s 7|=0]| CHSt Hype Cycle(2021)
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Input Cell Perceptron (P) ral network (FNN) Deep feedfoward neural network (DENN)
Back-fed Tnput Cell
Hidden Cell
O Probabilistic hidden cell
Output Cell
Match Input-output Cell
Fuzzy layer Cell
ral network (DCNN) Deep belief neural network (DBNN)
Convolution/pool
() Recurrent Cell ©
=
(O Memory Cel ©

ral network (RNN) Long/ short term memory (LSTM)
[

Mae e

T2 14, HEAQI Q12X|s HejY B2 X

I

OB— (O O))
OB— ©p—©D

Oox

den layer)#} -f-3Fst 0] F-2lo] Q= <k A F T L FARIE AElE S viR] A E(batch)oll th
Ziy
[e) %S

2 HE A& E JARE S 950l om® g HAE AKIGHL, o] HiA] AEC] tigt miHSE
oj7& HH& LAY (universal approximation &£AA o7 AYo|ESltt J"—ng o #lE k&
theorem)e}l gttt ofufl, Sh oFe] 2430l ol o 7hsSHARE, HE s} Atk Thlo] Stk 71

= FENNZ ARG Q91 offiaz, Hud AMY By B o] B(d dlo 1Ei)°l = dlolH AlES]
27F 22t YEQISS ohgote o] tiek R A% ke Shee] ARlo] TlE e o Btk S0
= Aot &7 o] wh- offe Ao wgEl Ik Mayre] 0|4 D-FENNo| ofZ2] 54 <=0
7] ghgoldh. shte] 2HF5E THIe HEAZ 3y Al TRE WS SUIske 2o HElEH. dAz
9 ofStE2 2432 HH|7H7] oP#ZtOE Ads A, oRE 34 oS0l D-FFENNo| th el Hls]
itk Zojet, e B 2USHARME 0 <43 A 02 UE T, o= D-FENN o |9l =
2 71 FENNeA g5 dare]

SO WAL HH o] 3-8 BTN FFH o Z AN 5
3 J"}HE]L ASE 5 A, A A & & HojFth
A1HD-FFNN)o] Hei g o2 AL8E = Q1A =
M‘:} D-FFNN9| Hij7[jsg=of] gt A4 e oF 2) HERH MEY
AT} d1eES ARRSI] S8E 42 9lor AR (Convolutional Neural Network, CNN)
< At 8842 fIs &E4 BA s (Stochas-
tic Gradient Descent)o] ARSEITH. 52 HA} 5} FEFA A7 (Convolutional Neural Network,
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CNN) #E-FZ4Z(convolutional layer), ReLU &
A3} F(activation function) ¥ & Z(pooling
layer) 02 FAE= £9%F AW (Feedforward
NN)oJt}. 4% CNN(deep CNN)2 gutz o2 AE
24 27 9 24 AZ(fully connected layer) S
ZITE o] S AR SoE HAETHIE
15) AuEH 0 & 7]& ANNOJ|A 3t 52] ZF w2 o

Lol= Al Fd Z}Sl] 24 AZ(local connectivity)

S ARESIE & HAE-F4S(convolutional layer)©l]
A 7t 59 24 T A2, o]FA
HH HEHAY F Wi/ 5 A Y = AUtk
ESE o714, 254 289 Y (local receptive fields)
I 7 Afol] HE AE2 U 7FeA] Mset of
weights) AMESHH, o] 715A] A& #d(kernel)ol
gL ett) o] AYL 24 58 AdE e
£ ol EYSHA AR EH, =572 8FHo] A
é% ‘E"% Akt 754‘“ 9“4—9} ‘%B_i ZV}HE} 1‘3

21 Sh, dakgo g o2 AdL kg 84
ot S Aok, AREEE AdY 7 slolH
1__,,__ 5‘6]-021 7\x4 oL 2~ olq.‘ CNN= 7}.%_j] _(T)'__'C_[’_
(weight sharing)?} 224 AZ(local connectivity) <
d= Adoto] =2 A9 HlolelE A2d 4= Ut
<, CNNoj|A Hi-§- A2 0] 7oigh 34 Sof A4
=, o3t FHA &4 5] dAH Aol
H|5f| HEYIE F]ulobA AZ = Al(sparse connec-
tion) TFE11, 234 07 AZ(deep) CNNO] Sh50]
] & =7 etk 95 (pooling layer)> LRHH o2
EFAST t2 5 Afol9] 1ol AMGEH. &9
Z(pooling layer) 1|&] X AH Z5 WO 2 QY
O A Eols A HHE 5P, 7R e E 4
HE HESHHA o 242 A& BT B3t E9
22 Y EYT0) Tt EHA(spatial invariance) A
35}, o]= R E o] AutSKgeneralization)S AT
Sh= o )2 £} Hat E3(averaging pooling),
== Zo] E9(fraction-
al max-pooling) ¥ &4 E7(stochastic pool-
ing)¥t 2 Tt 739 £ Who] AlAST: ¢
Hkz o 2 7} to] A= 5 HPHO EA
B2 02 JAAsto] P45 Aol d gt 5

FAZFY(min-pooling) ¥ &

e

A=) rUlO

— cAR
— TRUCK
— VAN

|:| BICYCLE

INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU  POOLING FLATTEN SOFTMAX

CONNEC'ED

%

FEATURE LEARNING

~

CLASSIFICATION

1215, A5 223 M MZAL(Deep convolutional Neural Network, CNN)2Q| 7[=&01 2%
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Uuig ooty
£ Hol|= ] =3 (max-pooling) HHoILFY, o] Networks)S E315F Ao|c}. RBME 98] Ax|=2
E32 7 A E A HollA Hdigtks =5t /g5tal D-FENNZ &9 A5 F/dRtt. RBM

B]A(computer vision) 24
oA 7 11:.[?‘1“0] /\}%ﬂ Held Edofth. CNN2
2 Hde % tlo]&|9] 73-5-2f o] Hlofe Hijd
o 7P7k& %l*o] *1 AT A= v R TofE
7t 82 uf vl ARl o= Rt B £
Aof|A], CNNQ] #AE-F4Z(convolutional laryer)}
274 AZ4(local connectivity)Z} 7F5A] 3~Hweight
sharing) $44& B0 2 JAFU9] A ¢A A g
g = 131, E89S(pooling layer> B-2Q1 HEE
Qx| &1 glo|H & th2 MEZF(down-sample)& 4=
ULt wEbA ZF AERASE TR AdS ARgSt
U YZ otk AR B4 IF0 s Hekt
= Qlt}. AFH o2 CNN2 of8] ZAEZASS 4%
O =X AHolA A f§lE A= —T,QE
gsto] A3t AlSo] 7hsslit E vE
CNN2 #Ato] A 2](natural language processmg)
oA, T deid oFIelA o] H]sf - $-=3t At
£ HojEeP! ¥, 59, CNNE EIAE]A 21922l
HEE FE01L, 712} Tho] Afe] 2] ofn] Tl S1E7] O
]a Aot o] 550ttt TS H|AE Hlo|E 9] A}
AAHE /3= CNN o7|E|xjollA] A A=d 5=
E} wEbA CNNZ 25491 oS 27} 9 g
Eoflx d4] AHE FE5he Aol IA AEst= &
7 AAZ sk T QloiA, wi- AR g

HojECPY,

_LJ

£

o

rlr rE oo

3) Deep Belief Network(DBN)

Deep Belief Network(DBNR> A2 o2 539
AALGS Aot 2L AFT BE-S JAdok= 1
4 % sluo|tt. DBNS RBM(Restricted Boltzmann
Machlnes)JJr D-FFNN(Deep Feedforward Neural

310 | tHStRTOIAEEIR| K60 K5E 2022

2 7h2 4otA] ALG =], o= stk ol o] RBMe] 4
2402 AFGEIck 24 OJIgte). RBM} DFFNN
o HE T BHO 918 £ 71X §39 e ¢
Tefgo] AHgEl) AR RBME HAE
oF BHe 27|35 B AT, ApaSe] vl
A 2732 Slo) A3 o] ALGHTRY. 2, 417
0] S 2718k - A1 Sk 0. A
2gatc AP E9 SAeIA Alekel S ol

o] o] FEEIc}. DBNS o] Xje}, &3 mley,
B A 9 AR BEA L WL 5 B

ofoflA] d5H o= ARGE AL AT

Sh&HP

4) Autoencoder

Autoencoder= &4 & F= 2} 249 742
HH 5o ARRE= HIAE o5 A% dlo]t,
Autoencode®] GHHZQ1 EA2 Qe Wl £ Z0] 5

F20]cP, 712 ofo] ol ¢

77bom YA T
2 el oA H2e 92 ¢ = (0= L ot
£ Zolet. o) e Wit FUL 2 e

A& sk Zlolot. webA YREA 02 xH Tt Aplo] &
2 9179 & o]8sto] xE AL <= ST} Autoen-
coder®] 42 DBN} Akttt Autoencoder®]
el 7902 RBMOE HEYF] Hukagt Apd
AN B2, HEHIE st HEYAY +
A 22 /gt DBNI -FAFSHA AP & &
Al ehZol= vAl 274 DA FeHET Autoencod-
ere Y01E& ARESHA] R0 B & H|X| & Shss HEo]
t}. Autoencoderi= 0J2] 3-8 TR0 A 5

Ao gZHo2 AEE L ot Autoencodere= &
SRS EﬂO]E]E ARESE &= Q1S o Hloje o] EX
o U2 B8-S 2T 4 Aok, 24l E40)4 PCA




7} AgHgiol vhH Autoencoders H|AEH3Io]
o Ul geidollA A S4 HloleE ARgshd
Aso] FAHLE 0]F0|, 84 Autoencoder(sparse
autoencoder), &= A7 Autoencoder(denoising
autoencoder) T+ W3 Autoencoder(variational
autoencoder)?} 22 thefst 2 o] BEEgirt
38,39, 40)

5) Long Short-Term Memory(LSTM) Network

Long short-term memory network(LSTM)&=
19979 Hochreitert Schmidhubero] 2Jaf *-3
A7HFEH?. LSTME HloE9] 7|4 482 AP
St off, & $=84%]%] o= RNNQ| 282 a2 5= )
= RNN9| #1g ot DBNZ}F CNNo| =1 Al
78741 ¥, RNNS| AZof4= @AY &5o]
<= SEOlA AR ES AZA)EH, o5 Bl A
2t 73l b FARSHE nd T 5 Q. =5t
LSTML 7]-&7] AA(gradient vanishing) = 71
7] Z9(gradient exploding) FAIE WAS 4= Ut
1919999 o= A W22} AT = Qe T A
O|E(forget gate)”} = LSTMo] =St} o] A
27] LSTME 7HA8tal LSTM HIEYF 9] & 3
7F ST, LSTMLS HEL ujd ot 2-2 T o]
IEQIE it obe}, glofe] AJEAE A& 4= k.
o|#gt o] fF&E LSTMZ &4 = H|H 2 Hlo[E & &
A5k H) 59] gt g5 Helrtk

=1+ oo=&#

b

> Lo

=

3. 9¥d(deep learning)2] v 3F
glolg ¥sto] HE wdle 22 udl(inferential
model) £+ %& 23 (prediction mode)) = EH7E

4tk 32 Y d(inferential model)2 &S &

gk ofzt oA 7hs et 25 Al gotH, ol= ol =
ZAIA ZHA 9] mdlo] =, Q13 I E(causal model)
o] of7]o] szttt ol vgf] & EH(prediction
model}& &L 93t EFHrA R HE(Black-Box
Model)ole}. F2ofl si4 7t Tz AT 7hs3t
Al(interpretable or explainable Al, XAI)o] tigt 3
Alo] o1 YT 1629, B I E 9=
ool A= 2AEe] 58S =o)7] fIsiA BAA o
Zo]A] of5f 7Hs3t melo] WasiH, FRj, XAl
Wl Arge 4= gls B Fhio] & AojE o 9
A g¥et. XAL #ok= o2l 27| GAo]A gk drkal
ged 2dof izt on] Q= sl 7 o= A

¥, o] o] Hopo] 4l Ao 4 e,

=

A= SER FZ ]Sk ¥ Hlo]ElE ]85t

Skt kL 7PgRIT ol o]l Aol 9

Fote, AAl ge2d 589 3% AHE 7Hs gt ElolH

E2 277 g B ohsslr o) Sl A

= golsfof gtk AubA o g Hejd HEld 4t
o

t}. o] £AIE SJS3H7| gt =4, EMNIST Hlo]E
9] B Ao gt i 3719] FFE AL |
A3 A7 A, EMNIST(Extended MNIST)
£ 0-99] "7)A %2} 10742 S=H20 Hisl 280,000
7H2] F7)A] EAH240,000709] & FE 2 40,000
o] HAE )2 =t 1070 S2A9] I714]
A} B 2ol thE LSTM 83 ARg-oto] E-4a}
AL, A Aol A] 5% mIeke] i eFE EAdok
7 25,0007H o]4Fe] &3 HEo| W agto] H T,
ol2|3t Ait= geld Zdo] A2 Hlo]Eof tisto
718E 4o & IS Holeth wahA, 12 T
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i
do
rok
Jm

o 3)

Tod ay Task
- * Why did you do that?
i Decisionor * Why not something else?
Training [ | EL‘ZC;"I:; || Learned | Resommendation  Whendo you succeed?
Data Process Function m:: ::nylo:\:::liun')
= How do| correct an error?
User
XAl Task

New

Training Machine Explainable | Explanation

* * 1 understand why
* 1 understand why not
ini - i - i i * | knowwhen you succeed
Data Learning Model Interface « 1 knowwhen you fail
Process + | know when to trust you

* | knowwhy you emed

User
2 16. oA 7ks 5t = A k5B AIXAND 7HE
7F 95 2o o] At = A-55HA] Eoh, & AE g fIslA B = shstA| o & RAREH|o]
7 AQlo] deidS AN o), At deEd 2yt EE A4S fIsl AR ofEE|Alel Aol A%
tloJe 9] 2k ui-¢- F-251H o Hed Hes 2= o) QlofA e £Als Bdo] &
follA AAE 4 o ElA] Qofj, 2711 | |5 Eopt A2 vl R] Yth= Aotk & |
2 HEQZ] A o] A3l dlE & 2d B 7Rt S50] olom, thREe] 5 H|
e Fsksks(reinforcement learning)q> A2 DATE S=gPsfopgt At RElL 2RS 2= QI
A=) A5 Aol AP ol 2EA 0w ded Rdo AR o |gA = H AL
g2 258 A 9 o5 ool A SEE QU g 2k E2 S 58ote RIS AT & o7
Hdo & e 2= HolE7 IHE FAL W & A =20% d4] oF|ElA ‘i‘—l%] £59] 345 &85
5] 23k 123 CNN(graph CNN)o] e, o] o g2d & FAlRte = 4T 4= QU whetA]
25t e o] A, 3 AAE, A 4 FF dede 4 882 flsiAle ol=gt AA
o} FopolA] ARGE|LL Qe E o2 WHE BE2 840 gk 7|24 ofs= WA ]St R, 1)
VAE(Variational Autoencoder)o|th'*?, VAF= ¢ o] =, Frgeh Qbdeh 3okl HaFE]A] ok
ol gt QIF PO R A F7t] gk £2E AR Al Sy BEE A7) floiA=, AW 7HsEE Al (XAD
Sh= 2449 Autoencodere|t}. VAE= @4 = ©) 7k QlojAl= o A-8-21Q1 8471 E Aotk
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