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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. 92'"d(deep learning)?] HA} (a9 1. WA ARHES o83l Y Flo]e
ofl thsfl ohE 3710l B U2 EH(Representation,
#Z g2d(deep learmng)o GHEAN = 249 MappingS 2= A58kE 1pgoltt 71&29] mAlg
4] Bopol| A Z7]AQ Fo= Hoisal ok Jeld i HEd Y] 7R 2 Aol 3R BE sisy
2 131'5} 43t o= E‘” S S5Sl= g ARRE S o QlojA], MAlEYL 7B 07 o] ks Ao
Rom, &l ¥io] ofe} sy AdlEE v 017tof| oJst EXJFZE{feature extraction) ¥Hgo] F
gt} g92fd(deep learning> ™MAlEY(machine 25k, Hefd2 ol={gt 37go] FaskA] okal Ay
learning)2] §F FEAF oM, TS HAlH Y2 Q5 dofert viE Ee] Yoz ARGEHIH).
A5 (Artificial Intelligence, AD2] g FEZF ot shpe] & Ao wAled2 <5 Hlole ] 7F

_I

ARTIFICIAL
INTELLIGENCE

MACHINE
LEARNING

DEER

e S PaaaN

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

&H\J%‘JH%%H-

Feature extraction Classification QOutput

Deep Learning

& — s —

Feature extraction + Classification Output

113 2. Ol Hed X0l
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H21d9 e QAW Artificial  Neural
Network, ANN)Q] F43} 71 #lE Zolslo], B2 A}
ZHEo0] £24] § =0t ol ZAl Aol HhAof| 7]oj g}

[e RS Nge)
geld T QAE 7HEe] ARlsh thaat £
19439, McCulloch®} Pitts7} 432 &2 F319] 45}

A pde ukE9lom, o] HdlL Az AESHA +

#o] Eatd vAUES B 9, Frael 7]
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5ol tigk 2421 FAS A5l A2 HHE 3l
1 o] mE2 Sl5-8 TEfoA] K™ 4)”. Mc-
Culloch-Pitts 7382 AHS vl 7152 ok F ot
of 237t AARL BITe|H 02 SE5kal 1A &
O 1S STk 19499, Hebboll SfsiiA 8=t

oA f5=E A3 85 vho] Aoz ATl
Hebbian g5 B2 B2 = A4 Sl5(unsuper-
vised learning) W9 st FHjo|H, FHY 7144
of ZA TS ALHZ O A ARGl wt
A 159 7kl A =27 o 738kt 1957, Rosen-
blattol] 2Jsf H|x& oh53t &= = A Mark 1
Perceptron®] AQHAT. Mark I Perceptron 413
olFl E77] 9= 3}—— % Z(layer) A173o|t)
Perceptron®] F#2 Hfo|o]A(bias)?l AlHA 715

b)Y —,—7}7“_& %’Fﬂ "kl Heaviside &5 &
A8} e (activation function)Z ARSSHTHIH 5).
Mark I Perceptron®] JH-2 Hol= &3} A4 &
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Output
> V

Threshold T

In

18 4. McCulloch®f PittsOf| 2fof MIQHel Z|29| w219 HRH 22

— out(t)

wo(t) = 0

l1if wix+b>0,
0 otherwise.

o(wlix+b) = {

ZI1 5. Frank RosenblattOil 2JaH KI2HE Mark | Perceptron

= 5 4 gl A EATHIE 0).
o 1960, Perceptron SH52 918 YEHDelta) Shs
20k Balals ghul slaet 2 72]0] Widrowe} Hoffol] 215) 27058, Widrow &

Dﬁ’ﬂ

=L} XOR(exclusive-OR)}= Hoff 8k572] = & A5 (Least Mean Square)




121 6. Mark | Perceptron2 XOR(exclusive—OR)= aksat 4 912

S} olehas sk Wt sRsTEL o] 7}

scent)ol| 7|9k S5+f2]o]tt. 1968, Ivakhnenko
= AAY EHE Y3t GMDH(Group Method of
Data Handling)gh= HPEES =YY, o]= &u1gk
5 HAE Z(Feedforward Multilayer Perceptron)
39 A HA d2d HEYIZ 7191t o]& v}

202 19719, Ivakhnenko= 8719] 0] &= A&
GMDH HEQZE ARG o, SHlEAE 59 4
o T3 T9l= ARE GEA] g1 gs5E 4= 9l
Ak, 19694, Minsky2} Paperto] %835} :=5o| it
==, XOR #Al= A= Fed 4= g7 of
=0l g 7] F2 = o]F0jX Perceptronl® o<y
T Gtk S HojEr), o] 212 A WA Al AS
(the first Al winter)o |2}l E2]&= Q345 US7E

SHI5HA =t

19744, A|Z=8k5(supervised learning) %22
= 71 AE gkl S8l @75 Error back-
propagation) € 2]&0] AtE 19, X440 48

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

2he AlZHA T Q1AL St o Al o] =T
(18 7)'9. A& GMDH Y E Y4 th&-2 & Neocog-
nitron AFAIZY F HA AS AT = 1754
o} of7| M, AFo = FERA

Neural Network, CNN)o] =5t} Neocognitron
2 @A AZaks 719 A5 % A7 Deep
Feedforward NN, D-FFNN)9] o}7| &l % @} ufj-9- 3-A}
ScHY. 19824, Hopfield= @A) Hopfield Network
olzhr &&= W8 4 719X (content address
memory) AAWS EYFHH?. Hopfield Network
+= &8 A7 (recurrent neural network, RNN)2J
shtoltt, 19864, Rumelhart 59 =RojA 259
Zut G EjEo] oA AW, 5L 077}

Y7 28-S 783 A48T =+ 3
(o]

i

Sk 0 =
S gaelEo

S A8 02 B, thF A1 o7 El %
(Multilayer perceptron)o] 2FHu} L1gjES
283 AL 13 AT 9 AR ol A F a7t Euht
7HRoH, Heyd A7 A28 A= GAHLHE 8).
19899, H71A] s2AFE Sh55t7] {154, CNNo| 2
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13 7. Fukushima0f 2Jal 7HE Neocognitron A4 &

Inputs

X1

Xn

Input layer

ozt FuEES ol§ste] SEHTHY. o CNN
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S} 200090 &
2 ol o) ARgHO
g Rot

Hidden layers

Output layer

(18 9) 1919914, Hochreiters= 25940} &
1EEo 2 ST 4 Qe EAIR HE BE dY
J YEYT ZEZQ] BAE AT, 19
o]l 2 @ F9dnt drE|EoA A= oF




C3: f. maps 16@10x10
54: f. maps 16@5x5

C1: feature maps
INPUT &
32x32 6@28x28

S52: f. maps
6@14x14

Convolutions Subsampling

Convolutions ~ Subsampling

|
Full condection | Gaussian connections
Full connection

121 9. T |H| At 10| 225 CNN LZ0! LeNeth Al @e 1

£ A3 Qlol et 5718 4= UL, Tae) A4S
YEQA Zlolo] uligc). ol 4% A4 ok
7 =13

oA 71&7] 24 (gradient vanishing)¥} 7]-&7]
(gradient exploding) +A|Z &2 Qlt}. 0|2
A S AR A9 R dint daEEo® &
5] sk5 4 glZo] FTAIH o] A F RiA Al
2(the second Al winter)o|2tal E&)= Q155
57)2 2akehc)

19924, 7]&7] A&Al(gradient vanishing)¥} 7]&
| ZH(gradient exploding) &A°f thgt 3 H#] 7
12401 sjA=o] Schmidhuberoll 2J3f AJQHHCH?.
| ofo|Hol= T A k2 7H&53tst7| flsf HIA]
o= &3 AFYRNNIE AF ERA)]
ojc}. ofw AL&-E RNN2 1,0007] o13e] 5=
Ft. 19979, Hochreiter®t Schmidhuberof] 2]
RNN k5 93t 29| A|kohs Hdo] A7) %]
o o]= LSTM(Long Short-Term Memory)°]2tal
SHHY. LSTM2 A179o] o o3 7)7F 52t JEs
719614 sto] 5 119] 7127 44 EAIE BRI,
19981, CNN9J| k52 417171 A8l @70}
A&} TEH AR H(Stochastic Gradient
Descent algorithm) &1 g]Z0]| A=, 11 A3}

LI 1=
I
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°
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RO HI7IH| ARE Q1ASE] #1752 CNN
LeNet57} =AREHTE 9). 2006\,
Networksg}al dh= AFE-L “Greedy Layer-Wise
Training™©|2f= ;ﬂ%}‘a ARESto] 45 Aol B
22 HojErP0, oj=gejygo]
k= 8012 AN tﬂwﬂoh—i Al32] A% E40]
ARrEl= A717F St 20124, Alex Krizhevsky=
GPUE 283}l LeNet5E 7H418F CNN?I AlexNet
2 X851 ImageNet Large Scale Visual Recog-
nition Challenge(ImageNet LSVRC)OA| $-53ct
(1% 10)*- . ILSVRC:= #igt 7f) o}43e] g4} djofE]
< 100071 o] SeAR FRshe HelolH, ol
THA] GAER QA7 20%0140191 91 AlexNeto]
15%2] RS 273t AlexNet®] /4522 HEd
oA M= Eu7F defHA CNNY 2vldAart
AR 11 39, 201430 Goodfellow 5] Zth
2z A *173”0*(Generatlve Adversarial Networks,
GAN)Z HEFTHIH 11)%. GANS A3t s}
= 7H4 Aol AU 22 Ao E A= A
1‘41341& 7AAsEA, A8t tE =L HolEE
AYA45t 4= Qltt. o] Yann LeCun©l J&l "AJd 20
| 52t 7P RA 71A Sk ofelH o] "#tal &k

Deep Belief

%Z(;}OE’ o]‘—_g/\
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Max Max W}Ohﬂs
3 a5 Pooling Pooling
Local Response Local Response
Normalization Normalization
= =
I 10. CNN QI AlexNet A7 2 1
Real world < Sample |
images real currency, Real
»  Discriminator } + : I
police
Fake
Generator Sample |

lcounterfeiters

Latent random variable

fake currency

T2 11, KA AN MK Generative Adversarial Networks, GAN) &

Yoshua Bengio

T2 12, ZARE| S00j|A] iAo 22|= &
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Geoffrey Hinton Yann LeCun
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ZAACM AM. Turing Award) 20194 £-A1%}




20199, Yoshua Bengio, Geoffrey Hinton¥} Yann
LeCunZ 43 A%< A9 83 14848
THE 73} IR Lol ] SAlo] tigt 328 Qg
of 3 HolollA o2 B2l BaAACM
AM. Turing Award)}& 40 HH 12).

2. 9 J(deep learning)? I

GartnerAellA] 2019855 sttt /1545 71
o]l Tt Hype CycleS @311 910, 2021d9] 91
%'—X] 71&2] HHFA Q] ERlE= th: ﬂﬂmjﬂﬁ)

=, 71 -80M Al &F40 84 &8 82

tlole|/2dy}t HaE w90 -2 H§_ AL 7H
AE Ho 9 ARIREY ERE 99t 3785t £
AT A2, 11231 A2 Hloejet {2 Hlo Jy
St 7] 7idolot. @A deidolA 71 Eol 285
I Q= HEAR] o7 |EA = T 5719] Hdo|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 nelo] TE Aol AL HHsrepre-
sentation learning)= 33Hl= Aot} oA &
A5k5(feature learning)o]2HlE sHH, 42 HloH
of tisiA AlEaL B U2 A2 AsA 0 & Skl
= 22 ulRitt. o714 Hed 2E gt @A Yo
A 2F EES 5ol Ao ofde, tee] 245
(hidden layer) 7t9] tt &4 #¢ WIS S5}0] ol
Aol A EAS A o= sissdictd ‘5‘3”
ndlo] & thE getRl EA 5
Folgt= ZolH, o= HEo] HHY
‘:}2@. T3 NE A2 50 = AAER] Al oy

ﬂoqa 58014 11 8514 BE,

(Deep Feedforward Neural Network, D-FFNN)

71 dubdRl ded 2= AT WU A
(Deep Feedforward NN, D-FENN)ol| afigal= &
A A2 0 Aol st 2Y9S(hid-

213, Gartner AlOj|Af S QISX|S 7|20 TSt Hype Cycle(2021)
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Input Cell
Back-fed Input Cell
Hidden Cell
Probabilistic hidden cell
Output Cell

Match Input-output Cell

Fuzzy layer Cell

Convolution/pool
Recurrent Cell

Memory Cell

Perceptron (P)

ral network (FNN) Deep feedfoward neural network (DENN)

" 3

ral network (DCNN)

Deep belief neural network (DBNN)

& 3
f

= FEaRE et

nt neural network (RNN)

o|ZS HHZ APYE|(universal approximation

theorem)2gtal SF

L FFNNE AH831A
27} 22 vESA

=2 149

ol s} ol4fe]

ke o

£ 5ok Wy

2d30] 9

9=, HEF AR
of =gt =

€ AlEoHA @71 miZof - of2e Aoz ws)

7] ujolc}. sptel

o of2igL 23

QIrke Flolk, e, Be U5

T
3% aelso
0)

22 7} FENNOJA
= :1/\]-143]‘— ol=g
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o =0
L.I:]IOE

e YEYD 34

ushAlet e oR AL 4

S

A17373(D-FFN N)° | 2
Mq[yWNN4mmﬁ
o} ATEES A8l

‘21"41 :

S

I qlom, A
< Akt 2&4L Sl A AAF s (Stochas-
tic Gradient Descent)o] AFRETH. 54 A} 5}

Long/ short term memory (LSTM)

s

)

oo
©>-Cp©

a1 I_ |__
27l Held e x

72 7292 e 9 vj] AE(batch)ol] o

St AARE Akteta, o] vz AEo] it wiRE
A o7 Yol Egltt. ﬂﬁ—i o #RE St
o] 7Rs3HA|gL, HUEr} ZhAdtchs gdo] Qlck 1
2t g =0 2] Hlo 1E1)°l U HlofE A ES]
785, HFE Sk5e] o] B E T o Wt SHEA
I, Mayr®] 917to]lA] D-FENNO] oF&-0] £4] o Zoj
A T2 S 5716k 202 Uehgth, dA2
A, OFE 34 o Zof|A] D-FFNNo| the ¥Ho] ]3]
O 251 7 0 2 LFERGTE?, o] D-FFNN o€l A =
o] 98 w7 J;Mof|A] Al LA 07 AFRE 4= Qle
< HojFh

2) A2 NEY

(Convolutional Neural Network, CNN)

FZEFH AAYConvolutional Neural Network,




CNN)}2 #AE-F4Z(convolutional layer), ReLU &
A5} <(activation function) @ &% Z(pooling
layer) 22 FAE= &H98F A1 Feedforward
NN)oJt}. 4% CNN(deep CNN)2 gutz o2 A&
24, £ 9 4 A& (fully connected layer) &
IRt HF A SoE AETH LY
15). ¥¥kd o g 7]& ANNojlA & 59] 7+ 72 ot
= 59 BE o AZE, 7t A2 HEYAY
5= Bl 279k o] = Qlsf ¢ B2 4=2] wfi7h
W (weights)7} A3} HHAO]|, CNN2 Z&F4
(convohmonal) HAEE BolA B A S= A
Bot= 4, 3 719 24 AZ(local connectivity)

/\FQ-O}E} = 1EF4Z(convolutional layer)©]]
A 7 T 59 24 o9 A2, o]FA
HH HEHAY F Wi/ 5 A Y 5 AUtk
TS o7)A, I 54 &G (local receptive fields)
I} 7 Afo]Y] HE AL 5UT 7HSA] Ml(set of
weights)& AMESHH, o] 715A] A& #'d(kernel)o]
gpaLeith o] AY L 24 $8F0 AZE HE R
£ ol EYSHA AR E, =74 8FHo] A
é% ‘E"ﬁ ALkt él—}b 9'“39} ‘%E_i XV}H‘:} 13

djo

=

g gch?, Aakgog fE Ade T o T4
ot fiS Aot AREE Ad9 7 slolH
HPE Boto] 28 4= Ath CNNE 7HA] 54
(weight sharing)®} 24 AZ(local connectivity) 4
d= Adoto] =2 A9 HlolelE A2d 4= it
Z, CNNOJA] Hij-- A2 529] ik & Jof A4
=, o3t 52 &4 5] AZAH Aol
HI8)| YIEQIFE 3]8tsHA| A2 = Al(sparse connec-
tion) FHET, 23121 0 2 4&(deep) CNNO| 3}50]
o & =|A gith. £ 3(pooling layer)> YR o=
EFAST t2 5 Aol S1tol ARgHH &1
S(pooling layer) 1|&] X AHH 7 WOz A
O] A Eol= A BHE 5P, 7R A E= 4
HE HESHHA o 242 A& BT B3t E9
22 Y EYT0] Tt EHA(spatial invariance) A
35}, o]= »E o] AutsKgeneralization)S AT
oFe b =22 &t Ht 23 (averaging pooling),
2= F o) E9(fraction-
al max-pooling) ¥ &4 E(stochastic pool-
ing)¥t 2 Tt 739 £ Who] AlAST: ¢
v o s 7H go] AMgEE 9 W 94
B2 02 JAAsto] JA= Aol d it 2

FAZFY(min-pooling) & &

S e

A=) rUlO

— CAR
— TRUCK
— VAN

|:| BICYCLE

INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU  POOLING FLATTEN SOFTMAX

CONNEC'ED

v

FEATURE LEARNING

~

CLASSIFICATION

1215, A5 2224 MAIDeep convolutional Neural Network, CNN)2| 7|2%{01 2=
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£ Kol Fdf £3(max-pooling) HOITFY. Htf  Networks)& Bt 2otk RBM 42 AAIE +
E92 7 AAE F HollA HdigE =3t g5kl D-FENN2 &9 A& /32t RBMZ ¢
A CNN2 AFH B]H (computer vision) < 2] 7}= oA AFREH o] 311} o]A}o] RBMo] &
ol 7k4 ol AR EH Yehd meloleh ONNS @ A0 ARG Hcks S ojujgie}, RBMTH DFENN
A, WE19 9 4 dloleje] oot ol dole Ml o] A The E4ow ol /b S92 ok &
O] 77k #hol A= AtAI7 Q= vl = HlolE 12j5o] ARSH AAZE RBM2 HA| = S5

7t 2 uf vl ARl o= Rt B &
Aof| A, CNN9] ALE-F4Z(convolutional laryer)2
24 AZ(local connectivity)d} 7] 3~Hweight
sharing) $/3-& 0.2 AU 0] A& A A=
= 131, E89S(pooling layer> B-2Q1 HEE
oA kot Hlol B E v A& (down-sample) & 4>
ULt wEbA ZF AERASE TR AdS ARSt
Y YE o AR B4 IF0 s Hekt
otk AF¥ 02 CNN2 o HEFASS 4
S =X AHolA A fElS A= #iQE
gsto] A3t olSo] 7hsslit E HE
CNN2 #4910} A& (natural language processmg)
oA, T deid oFIElA o] H]sf - $-<=3t At
£ HolZrPl 9 E3] CNNL HAEA APl
HEE FE01L, 712} Tho] Afe] 2] ojn] Bl S1E7] O
]a Aol o] 550ttt TS H|AE Hlo|E 9] A}
AL T2 CNN o7 [EIAof|A] LA Z=d 4
1:} weba] CNNS- HZ 0] a2 ZATl7} ol BlA
Eoflx A4 AHE 55t Aol IA Es= &
7 A2 sk T QlojA, mi- AEe g

HojECY,

£

o

rlr rE oo

3) Deep Belief Network(DBN)

Deep Belief Network(DBN)2 A2 thE 73 9]
AL Agtolo] A2 AT R el LA o= I
4 = 5otk DBNS RBM(Restricted Boltzmann
Machmes)lz} D-FFNN(Deep Feedforward Neural

310 | tStRToIAEEIR| K60 K5Z 2022

o8 BYS 2]8kk o ASEIL, wESo) o]
A 272 910 Aot o] AGETRY. 2, 417
o] g 2715k 3 A S0 vl
2k A 29 SOl A A1E) ol

o] o]} Z-8FIck DENS 2o e, g3 ey,
P QA 9 A AL LS B S8

oA 43402 AT gl

4) Autoencoder

Autoencoder= £ & F= Y 249} 742
HH 5o ARRE= HIAE ey AT dlo]o},
Autoencode®] YW1 EAJ2 Q18 4l &8 &0 5

717} o thA Aol o]qlo) 7]E o}o|t]ol= 9]
2 e xoll A 2L AFT ¢ = h(x)Z9] PS5t
%55 2ol ol 2 Elsl 5Ue S HEg

A& sk Zlolot. webA YREA 0 g xH Tt 2plo] &
2 Q139 & ol-&sto] xE AL 5= AUtk Autoen-
coder®] 4 DBN} Akttt Autoencoder®]
g 78202 RBMOZ YEYA] akiat A
FAAZ O, HEHZE E45to] Y EHTS] +
A FE-S A3t DBNZ--ARHA Abd &9 T

A th&oll= vAl 274 @A FwEt Autoencod-
ere Y015& ARESHA] GFo B & H|X| & Shss HElo]
th. Autoencoders= o8] §-& ZE1HoA el &

Ao] gZHo2 AEE L ot Autoencoders= &
SRS EﬂO]HE ARG &= Q1S o Hloje o] EX
o U2 B8-S 9T 4 ok, 249l S40)4 PCA

rlo




7} AgHsiel UhH Autoencoders H|AEH3Io]
o} Lol "edollAl 2 4 Ho|HE AREsHd
Aso] FAHLE 0]F0, §)4 Autoencoder(sparse
autoencoder), &= A7 Autoencoder(denoising
autoencoder) T+ W3 Autoencoder(variational
autoencoder)?} 22 thefst & o] BEEgict
38,39, 40)

5) Long Short-Term Memory(LSTM) Network

Long short-term memory network(LSTM)=
199749 Hochreiter®t Schmidhubero] 2Jaf *-2
AZNSAHY. LSTM Hlole19] A7]4 £4/38 A
ot off, & $=39%| %] ¢F= RNNQ] &2 2% 4= 3L
= RNN9] #1§ ®dlo|t}, DBNZ} CNNo] <=+ 41
73741 HhHof, RNNS| AZof4= dA Y] &5o]
= SgolA AR EW A=, o]F 3l Al
2t A3o] BE FAwets Rdye 4 ok, E3t
LSTML 7]&7] 4&4(gradient vanishing) F+= 7]&
7] Z49Hgradient exploding) FAIS WA|& 4= It}
1919999 o= A W22} AT = Qe T A
o] E(forget gate)’} = LSTMO| =4t o] A2
27] LSTME 7HAd8tal LSTM YEYF 9] 2 2
7h SeHY. LSTM HEu wj e} 22 T Hofg]
IEQIE it obe}, glofg] AJEAE A2 4= k.
o]2]gt o] -2 LSTMZ 24 = HIT Q Hlo[E & &
A5k H| 59] gt g5 Helrk

=1 oo=&2

=

3. 9¥Jd(deep learning)2] v|&j 3F
glolg ¥sto] HE wdle 22 udl(inferential
model) £+ %9& 23 (prediction mode)) = EH72

4 ot 32 " d(inferential model2 &S & &

gk op 2t sl 7hs et -2 E Al 5o, ol= dl& &
ZAIA ZHA 9] mdlo] =Y, {13t E(causal model)
o] of7]o] sfiggltt. o] vef| & HH(prediction
model}2 &2 3t EHrA rE(Black-Box
Model)ole}. F2ofl si4 7t E= AT 7hs3t
Al(interpretable or explainable Al, XAl)o] tigt 3%
Alo] o1 YK 1629, B I H 9=
ool A= 2AEe] 58S =ol7] fIsiA BAA o
Zo]lA] o]5f 7Hsgt melo] WasiHd, FRj, XAl

2elsh A 4 gl 29| FHo] & HolEo] 9]

w, o= o] Holo] 8418 Ao 2 9k
QubH oz AR FARAS A, A 47
DA AR FH5e BE 27171 B EARA

2 59] Hlo[Efol| A & Y= = A= EEEo}
t}. o] £AIE SdS3H7| gt =4, EMNIST Hlo]E
o] B7 e st & F7]9] FFE FARY|
A&l A7 5FHH. EMNIST(Extended MNIST)
+0-99] "71A] 522+ 10712 S22~ dis 280,000
7he] "7)A E2H240,000709] &3 EE 2 40,000
o] HAE HE)Z A5t 107 SeHA0] 27)A
S 5.5 Z9do] T LSTM R HlS Al8-3lo] B35}
AL, A Aol A] 5% ]The] BF Q75 2AJoH
™ 25,0007 o}4+2] £ o] T Q3lo] H gt
olgfgt A¥k= dad o] 22 dlolE o] tisto]
718& 4o & g3 HojEr) wetA, i 7]
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+ Why did you do that?
. Machine isi m:mﬂm“’?
Toea’ Y laemis [N i e
= How do | correct an error?
User
XAI l—TaSk
. = | understand why
New + | understand why not
Training || Machine || Explainable | Explanation + 1 knowwhen you succeed
Data Learning Model Interface @ + | know when you fail
Process :mvw:‘:n Dzl::'sat:uu
User ¥
2116, oM 7Hs s B AY TksSHAIXAN HE
7t Y& 2o defdo] At 2 ZEsHA] ot & AE A4S oA vl =
A Aol dejdS AR o, A3t Hefd 2l HE /g5t sl A8
glo]g 9] 232 v S 95}t ot Hed 223 2k= o QlojA19] EAl= EEo]
HollA] AAE A ofF[HA Lo, 7H4Q1 | |5 Eoprt A2 ujefz{o] %] Q= 7o}, é
g YEYT9] A dlo] ZA5} dE & g 2 7 AESE FEo] 9o, tiFEo] 7
e Fssks(reinforcement learning)q> A2 WATE ot FAFC] HElS 2HS- = 011‘4-’3
AgtE] o] A% 7JolelGES FAITITHO4) o]2gt 1 Z2EZ o2 ey ZHlo] A o7 [Hi A= 1L
g2 252 A 4 o5 2ol A S8 Uk I 2 S T
o] § thE o 2= glo|E7F I Z A wfj & A =99 4] o g4 HY £
3] Zgket 1# & CNN(graph CNN)o] I}, o] o] gd R 7%
A3t BE2 ZAdo] A, 4 ALY, FAIsE 2 TS g s %Q-E
3}e} Holoj|l A AREE T QIT} T O A e HEe Q40 i3t 7124 o
VAE(Variational Autoencoder)e]tP?, VAE: 9] o] eAl=l, Ergsh
o tfigh QIFg o2 A F7tof| thet B E ARE Al kg BdS 7] 9 aﬁfﬂ%
k= 245 Autoencodero|th. VAE= AT F= Hl 7} glolA= Qb A-82Q1 94
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