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The improving accuracy of classifying an image
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153} &o] A = ojof g Aot
XAI(Explainable Artificial Intelligence)= o] 2|3t tjE2Ql 57|

jukat

vk 53] AU wie feshe 4% 7hs(Explainability)” o] 2= ¢
S g Qlsf, 2 # |xt @2 ¥e Eolgtet [ 12, otA oA

XAI Hrth= IML(Interpretable Machine Learning)©|2tH= g0]& ¢ A5
oot [12]. Sfvkstd, 1525 2] 7o 4] 715 (Interpretability)” of] T
g 2518 o)t QAL Qlonz, o}z 4 o] “H 715 L qlgko]
)6 B olshE o 2 3 UshA 45 olelgiet (13, whetA,
Sl4jh el tgk 277k BASISA AH AT, duste] oRE
o4d3] £AI = FotQlal, B2 57 (Features)= 2Hotu] il T B2 H|olH

2 ZH|sfof gt [14).
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IMLo] &, Interpretable Machine Learning 2] 2F2}2 4], o= A&
Sofciam, Aol A4 AL 5 Yk Frhel Fo1Ae Y AT
= = WAl 2 (ML, Machine Learning) &1 8|S 6=
oHI3]. o] = Hot A 7Fs et BdlS vHE7] 9ol o 22 A= A7 o]
B 95w A0l Gejolct Al A& @Eol, o} 47ha IML, Z XALE A}
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S Q1 8. 4(True Category) 2t 742 91 9 4 (False Category) AFo] 2] &
42 FE510, I AYE A5t dutst o 75 Fo|7] Yo R
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3l (LIME, Locally Interpretable Model-agnostic Explanations)x} 22 2~
A5} M(CAM, Class Activation Mapping), Z12] 11 Grad-CAM(Gradient-
weighted CAM)S Af-gofo] EA] M (Feature Map)2] 5 Q5F FE2-& A

Zrslshe] sfAgEo 2 A A1 ZATH(CNN, Convolutional Neural Net)
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7ute] ojulZ] 5 a0l A% AY BIHE SeIgh T o] sk
7]9to] n] 4] £ (Fine Tuning) 9130, 7% (Layer)s £ Grad-CAM

©] 5] E W(Heat Map) © 2 }Q15} 11 1 A2 HZ3h).
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o FH & = AFo] Hi7 A A o] Tt AP A=A, HAl Bl B

Tk olo A, A 2 el M dlole] Fule] 84 HY AYL B
29 814 el LIMES] )4 A2 5, CNN 2] §

5} 71441 CAM} Grad-CAMe] e A] 3 Hell ] Sofr} 3 Ale]

AolA o] 470 BEY Al 4§ olu] ] Hlol £

of thote] AWk, 4] 5 Aol A Plole £ 241 sj25t7] 91 o
Aol A8 Holsh Tt A 6 el A Holsh 71ure] mlA] 27 7] o]

ool _lskar, mpx]af A] 7 Aol A 2/d-] Ak (Accuracy)E W 7] 1%

AF 252 oA, Aol FE 7] 2] 2|3 H(state-of-the-art)2 g 0] A

of & okl A ulf-- F-2 3 A @ 47} E A [15]. 7L F-ol A == DNN(Deep
H 21 (DL, Deep Learning) 2 -2 2L uf] & 25}
A A2 E-E AL QAT 71 AR shetu|E (v 7 H <4, Parameter) 3
A2l AR sl o 4 Q1 &=~ (Black-Box) R & &2t} [16].
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2.1.1 IML 7]<& B3 (Taxonomy)

IML 7|&& Wre B7H] 27 ol e, g wop o7&
=g 3H(transparent) R} ) XAl 7|2 AT 4 3=

=i
AT 37 7Ps

o4

(post-hoc explainability) © 2 U5+ ®H ot} [19].
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A 22 o @2 i Utk A 2] (Linear Regression), 9JAFE
A U-E (Decision Trees), K7 ©]-2-(K-Nearest Neighbors), 1 %] 7| g5t
(Rule-based Learners), L YF7}HH 2 @l(Generalized Additive Models)Y} )|
o]z]¢t B dl(Bayesian Models)1} -2 EA|5H2] 7]4to] et 2] &Eo] 11

oflofct [21].
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Transparent < Post-hoc

A
h 4

Model-Agonistic Model-Specific

h 4 h 4

LIME Grad-CAM

19 1: 4758 7R IML 27 .
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71eoll A YIEY A St Aol tiet AlZ2] A o =2 sf45}= Grad-

22 Hlolg Fue] 34 49 A% A

LIMES 541 2 melo] &2 s)4s}7] 9la] Seutta d
A7 IMLO| A5 AW 7V5A % el 274224 dueE Fof st
oltt.[o] el ze sjistust sle mue A4} ofd MK o=
2age
Dél

2 B H(Classification)t} 3] (Regression) L& 9] o= A
FL= 7)ot} T3l QAT A& E2](Decision Trees), 4173 % (Neural

172} A =22} & “Explaining the Predictions of ‘Any Classifier’” 2}1 gt}



Network), 22X A~E 3] J 2 A (Logistic Regression), T A E(Ran-

dom Forest).t SVM -5 oW Qt of = R dlof A e &g 71-5-5al

e
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[¢]

N =2 2o 7 oS ghe A5ty $it LIME ¢ale|s
v} RE 2| o] A 2] A4S E7] $15] A H K-Z(Sub-module)2 A 5}H=
SP(Submodular Pick)-LIME &t 8] Z 0 2 =g, o 7| A= oju|x] B
5 R Azl o A7t AL BES] AT LIME Fv 223}

19 2: LIME®| 2| 2] Ar5 HolF= oA [1].

A2t LIME2 FE 5 flolg F1 9] Q128 ~(Instance)

(Sampling)s} L 71 A1 elo]Ejote] 279 4o] whe} 7152 Rofgitt




AA
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E
=
(¢
E.
<
o
;‘i
o
A,
o
[

LIMES 7o} 5 0.2 2 221 2) G412 8}7] 915 42 dlo]e] S 0] ol

& AFE Bl Azgste] 24wt 488
A8 shgrstel A os Ak [l ufet, Aol Aelst 7pte

AER2E 7FSA17F AL 71217 9 I’ 2 727 Yol Al |

¥
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124 glef melo] Hshs BAH HPL
dlolelo] oJaf AR Q1A 10] T

& = A "o [

Algorithm 1 Sparse Linear Explanations using LIME [1]
Require: Classifier f, Number of samples N
Require: Instance x, and its interpretable version x’
Require: Similarity kernel 11;, Length of explanation K
Z—{}
for ic {1,2,3,...,N} do
7} « sample around(x’)
Z <+ Z VU (2, f(zi), 1;(z;)) sample around(x’)
end for
w <—K-Lasso(Z, K) > with z; as features, f(z) as target
return w

227 9 o4l ey o g AAE A wele] dls Yot @ o448 G477 9l
W% A W AEE BT ek 87] 24 wgolth [23)24).

SAE o, KE ASA} A & 5 Qe A7 2AEAY AAR AN e
e 71 5= 9k 2 72] Kkl gt ol o ol A e e =olsj] gk
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=&, LIMEQ| A<l ¢4

2 Aot ATEE FoHs 4 girt.
oluA] Hlo e S FE7 B AL 53 Se o] thh FPlus)e] 7}

2.2 oj] ] Hlole] 2] o Aol thg T4 T9]2] 7]0] % (True
or False)2 HojZtch fl Qulzio 2 LIMEL QIAEIA LA @4 719
A of] th§t 9F& o] 3]l(Quantity understanding)”} o & & o] 5f(Quali-

tative understanding) = A|-Z5}7] 9&f] Z1of TSt Sl 4L oF A Ay St BE9}
Zol, A7 ]l At BAISH] 2] A Aol &l 7hst

=
Aol AR, ot K] tiet LIMES] 4 g 2H(Explainer):= =2 o
A (locally) Rdl o
= 2 H(globally) AR = ofy 2h= REA|I7F Lot [25][13].

AiLo] &2 LAMX|(Approximation)E Ho|& B

.l[)l'

2.3 CNN 9o BER 2& A3}

IMLY| 2YA G 7]&0]4 HESZ] 7 AZo] tiFt 41714
A0 2 8)45He Grad-CAME CAMO| 18t} 71424, ofu] 2] 25

2E9] §14S 915 CNNO| 7hY el Shelahi el 57

Holth. CAM2 CNNQJ &1 42 913l GAP(Global Average Pooling) Layer

2 Ahgste] A17449 AHe A Te}aL, o] Fo] e Grad-CAML 17

U 1 E(Gradient)E ©]-8-5] GAP Layer]] 9]&5H4] ¢t= ®H < AR
ot [26] [27]. 71 M & F7HA] 744 7+ BT 28 ete Bl s

=t

4olul2) 9] SjA 7153 EFP-L o] (Binary) FE| 2 10] A 471 =L JeRHIL 0
L 3] Al(Grayed out) 0. 2 FA|H T}
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23.1 22 T3 W (CAM)

o2 450} 9o X% 22 AZOuput Layeo|t} 270 224
A I E W A(Soft-max) HFZ A of &+ A (FC, Fully Connected) #|Zo]|

A o] z] o] FIFA Q1 A HI7F AR o] £AIE siEst7] f1sf CAM
< & A8 AS diAlell GAP Layer& AH-8-3ttt [26].

Convolutlonal Neural Net

| GAP layers

Class Activation Mapping

T1% 3: GAP& AH8-§F CAM At

o

el Ao R mAl oy Belq Hezet 84 FHsA Abo]

o= Ego] = 9 I (Trade-off)7} ZA|3tcH= A2 2t 73Tt CAM ] 9]9}
Z2UES T ol o] st F e o PAE WA 0 2 7hxf 2ot

ol
oft
rir

LLof| A= GAP Layer®] Htho]] AB=2A AZS Fr}sle] 450

KT
rx
el
T,

2.3.2 Gradient-weighted CAM

CAM2 A ZtA A& E5)] CNNE T E45}7|(transparently) Tt

=
of FAT, SAstA st Bhe] ol E 4 S WAS ok sk, WA
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Class Activation Mapping

Importance of the activation

13 4: CAM Architecture

Y EA=Z A SF<5(Re-training) 5} = B2 o2 5 At
ot ol A si2sH] f17k Weto] Grad-CAMO|H. ©] 7]
HEYZ] BE ASA 2 @4t d9ste dl &8¢ &+ Av< A
o4 CAMe] H]sf| A2 o]t} SfjufshH, Grad-CAMO| 23 A|ZFS}= T
Al g BE AR} ofsfish] fls RE ] o o] of = Ak 9hel A}l
A e 7N &= B, HlolH M E(Data set) 2] H(Bias)e

Agstel malo] QukstE GAsH: B mgo B 4 917] |t 271

Convolutional Neural Net

1
'

13 5: Grad-CAM Architecture
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7P Aoz Z|tHT) o]2l§ AZe] Fae 7} ojulz] FEA o]
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CNNO] utAa} ALZA Fojojz s2L I YUdE HHE A}-85}9]

2.3.3 CAM vs. Grad-CAM

CAME ¢4 944 Al5-S GAP Layer® & HRJLo|of 5, 713-%]
(Weight)S 1517] 5] A SFEAIA AT EW Aof Y& 0 24 A=0] 7+

48§85t o] girk. 120 v5), Grad CAME 299] of7| 8|42
WA Bt I, BES thA 2UT ast g] e 2Rl 4
5l

GRS w27 gFech. HUFSHE, Grad CAMAE o]m] 8454+ el
A

AZEWXA Q1Y ol £ o] IHHAE gh= Fsll 75H71 wizol A

CAM INPUT data Grad-CAM

I

«
CONV layers

|
|
|
GAP layers FC layers :
|
|
»  SOFTMAX .
weight gradient
QUTPUT

13 6: CAM vs. Grad-CAM Architecture
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24 37 AT (CNN)

e SHsAY R BUG 4TS

CNN2 A5 H 7] Hofl WA, o] 2] & Q145 okl AtE v

O] WA Q1 24 Yol KA th3 3} At

1. o]u| 2] &57(Image Classification): =071 o]n] 2] Qtof| A Z&jj 2~(Class)
T L glo]E(Label) o]gt1 E2]= A AE (Context)2] 1f] & (Pattern)-S
o1 2](Recognition)}= Z o]t} [29].
2. 747 9141 (Object Recognition): 7€ B Hofof| A o]u| 2|} H]T] &
Al W o] AR of] 21 = AU ShEE AAE QA 7es 9E L
HE A A2 22 ou| 2 20t TF A dEo] AA| QA K ¢
2k ojn) &2 s A &= - ]l [30].

. A 7Z(Object Detection): T4 tj4Fo] o|m]z] Yol Jl=2] AHE
5 ok opygl, E QIAEIAL] 914
Alo] FAlof P et Rel O] sty HA of| mpetA] 54 AAN HESH=
73 AL, o9 Ao AAE HESH ] = bt B
4. A £]2]¢14](Object Localization): & o] Fo]Z ou]z] Yo 27
A7} ol 2o A o = f]2]of] A=AE AR FHEA S5 F= A
o7, F7 vued v A(Bounding box)E Ho| AL&SHH v HFA 9]
viZhel H214 AR5 st Aol oty 52 2 (Left-Top), 75}

(Right-Bottom)©] T4 21 %2 25} Zo] Lukdo|c} [32),

rulm
PN
r\r
i)
i_l“
1o
rdO
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5. A M) 1] o] 4 (Object Segmentation): ZH A

7t yadd Al

=
nn

ot [2]. offel

go]

thez] gFomE cs231n 7oAl 7hek

_1:.
-

ol A

6. o]u] 2] AL E|o] A (Image Segmentation): ©|1] 2] A 1Hlg|o] Aozt

o

ol

| Al L] o]

%

A

7. A el A 19| o] A (Semantic Segmentation): A]HE A 1 ] o]

i

s

AT EL G

ol
%

!

~

A 21w g o] A (Instance Segmentation): A|HIE A 1HI ]| o]

2 E UolrhA, 2 S 2olH S = o

5

A

ol [2].

R ERS

Sk
=

53 olul ] dlojele] 2

Fe Argloleh

S

AlZ1HE oA o = Al Z}sf

=A%

2 (deep)

3} of2] o] Ei %

(Input) 2! == (Output) A=

Ej|
(hidden) &
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=
(Pooling Layer), $Hd 917 7412 & 473} AZ7 28 27} AZo] w2

T} [4).
Output
Softmax
FC
FC
FC
Pool
Conv
Conv
Conv
Pool
Conv
Conv
Conv
Output Pool
Softmax Conv
FC Conv
FC Pool
Conv Conv
Pool Conv
Conv Pool
Pool Conv
Conv Conv
Input Input
LeNet VGG16

13 7: LeNet vs. VGGNet Architecture [2]].
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o] Aol A= TRt CNN &2l Fol A e -4 o] Ihdste] &
8ol 8ol VGGONetz Z-§3tet [32]. S22E fjete] AFE VGG
o o5 7fdrEl el VGGNet-2 2014¢ o] ILSVRCE £ o]u]x]
Yl glo]g & &gt o]z 214 Xt 3](ImageNet Large-Scale Visual
Recognition Challenge)?] A< (Localization) F-5of| A 9%, B2 (Classi-
fication) 2o H 29254 melo|ct. A% R5 FRo| A 74%2] 0.7

= 25t £5e ol shARE, of A gt &85 4%
2Rt AN S (EE) Hwol, 5% Rl 29 GoogLeNet
o B2 HAl B BE RS A /1715 dolgtth. VGG-16, VGG-

199} 4o nd o 2 HEall VGGNet2 ZH7} 167] T 1979 =02

TAEL VGGE §AF AZT B4 A%, 191 91 A2 Aoz
T4 ¥ CNN 2|t [33). £3], VGG @7 Ho] 25 4] 95wt

of Zro], o] At A2 HiR YEYIE A THe= Zo] HE 9
5 ofBA WA A = YA E DRIst At k= Aol Ut whebA],
VGGNetF g U EY T 9] Zo|7} &AsHA Z1 o] 2] 7] A]ZH3Tt.
VGGNeto] /42 tehs] Am H At Zlo]o] JofatS 2ot &<l
Sstalzt AEF4 HE #d(Filter Kernel) 9] Ao == 714 2h2 3 x 30
& sk, 29 AlSe 7ol 278 Ao s E9FEE At
SEA|RE, o] 23t VGGNet Yl &= T3 o] @it vi= ntetu| g o] 7i471 Y
T Boh= Aot 1 o= #19] 1'loA & 4 %], VGGNet E3t
AlexNet?} P72 2 2 F 28 AlS Ao 3719 & A2 AlsS 5+
g, o] ol A weta|§ o] |47 A UA Bollth Wi = -5 2 E
¢l GoogLeNet> o] 2|3t £+ AZ AlFo] glon= uztu|g o] 74

st £ 4 99t [34).
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2.5 Zl o] sk (Transfer Learning)

o] shgolgh, b st Rdl(Pre-trained model) =, W7} St
S ALt FAIHA E "3 glolE = 7]Eof shao] Hol e
RS 286t A W ol=itt di=e] HlolH

2
A& AR 3 ARFO] sE o7 B @ skAIRE, el AR A T o]

p)

9] 2] Al(Knowledge)= ™/} 2F ol 2 (Transfer)st= A2 &

Traditional Machine Learning Transfer Learning

|
|
|
|
—
— 3 !
: | '
Dataset A Learning A | Dataset A Learning A
| T
| ]
|
|
|
|
|
|
|
|

Knowledge
e
Learning B

+
Z1% 8: o] sk o] [3].

S
Learning B

CONN Y| E91215 o} Z 2|70l 4 5] 2)(Application Domain)o] 8-
shelel obef Lol A & 7}A] Th2 ONN 7] Wy o 2 59 4
olek. 3 A wrEe A7 Hole AlEe] g ONN Y=937} 4
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dlole] A=l ols] EAH A2 A4 FHH of|EHo| A 7}EA @
B olehs 2|41 o] sk Aolth. A FH ob7|HH o] o]l
2] 4]0] 2] E3} Hlo]H AlEC 2 o]elxi o] Hh& Ho] sH5o] 3]
7190l e} [36).

Learning Data
with CNN

Learning from

N .
Seratch Transfer Learning

Feature
Extraction

> Fine Tuning

19 9: ol st 2 M.

2| A1 0] Ho| dh5-2 wot 1A EA] == 7| (Fixed Feature Extractor)

2271 YEYAE A% Baglo] £4 Ao AgH A Zdd
A 9 WS A ARk AR EAE 2HEA 2 B A4l

A5h= Sh HPH (Learning without Forgetting) [37) % ¢ | qF, of 7] A=

SESCETEEEE R-EL R RS

H 4R
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2.6 1u|A| ZA (Fine Tuning)

Hol sHro AAWS vl 24 AL E o B AR &

ol
% dlo]ol2 AT Bt olet o] dolo] F YRS MeH o T}
A ZANZIT A2 HolH 2 T T 715X 8 ALsA 24shs
1 7)E dlol8i 7| £t 2 BRh o2 Qs YlEel A
2 n4ste] 54 $2712 AHgaloF shexl, ofU e ofw Axz

€ UAl AR st 2ol Ao d 2 EolA A

e,

Z]-&(Supervised domain adaptation) 7| 0.2, B2 T = 3]7]9] ]

Al AlS2 " LHE2 )l (general)” £7 0] F+EH =5 SF55H| H whd e,

2ao] upxet AZe] ZHEEA 54 HolE AE £ SXT £

ol ATt b 4= 9l "FAIA QA (specific)” EAE FE0] WS ot
I EotE go] o]Fo|Xct. wheta AU ASS oo MR 9]

HA ASlA FE2d 540] gHrF )il npxet FoH S5 540
! 1 A4

-
2
)
o
i)
I
i)
|m
1©
H
2 -
1o
2
r
N
=
O
rU.'.
2
rO’
5
[N
=2
S~

H o] ~(Convolution base)2}t1l 511l S8 SHPAE | Sot= 4 A4 A
2 257 7](Classifier)2}1l sH=t), AP S H CNNoj| A AEF4 7|5
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= 7%, dlolel7t 27 fioll A4 1ol ¥ avtaoltt. kot Tt
]

AL ¢ ARE St HIolH 7 2 B2 glol B o met A8
=

§ £ 71 Aol 44 Zrh mAeo 2, Bl €l o] 7)7} 211 Hjo] ]
FA] B2 HEA o)1 oAl 4B 79, A 9 ndle] o

O
Aol
o
Bl
=2
i
olI
_0|L
N,
i
el
>
=
fu)
lo
i
M
>,
o
ol
o,
2
=3
i
=
X
W,

Vg A ol Ashe RE s)&e] 7)o He AAF B
(GD, Gradient Descent)o|t}. AL SHH 9F4=9] 7] &7 & +ote] 7]&
717 @2 RO AE o] FAIAA A =ET fi7HA] A7 =
%] A SHOptimization) &al2]Zo]t} [39]. 2 AAF s o] SHEA
TARA 2 Z4 oke-E 22 elelr] fieh vhEA W ol SHEA] FAF sHY
HH(SGD, Stochastic Gradient Descent)©|t}. SGD+= &A1 $F4=9] 7|
Axtste] o] 7l&7]el staE= Atk 719 71 A& el

2128} 7] %0l c} [0,
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NAG

—

— Momentum

Adam

GD

RMSProp

Adagrad

g

SGD

AdaDelta

g

T A

Fol

o] 712710 A4 (BHE) ] AL F7}5

2~
s

4

<

o 2 HlE(Momentum)©] ¢l

J|J
—

o}

=
—

(NAG, Nesterov Accelrated Gradient)

H=zx

Ea

CF [41] [42]. u]

Al-gsict [43]. metalE] o] 9%

SRR

s

= Al o

el o] ot

L
Tof

T
,_N.ﬂ
)
o

"

ot ol&

o=

7HAA

=
o

Tor

Adagrad(Adaptive Gradient)+—
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et Adagrad®] 8 |4 F shye

55
w O

b 4

5

Az

A HolHE

o
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)
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=
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t}. Adagrad @]

=
L

0.01-& AFgstal 22

4r
<|m

Tor

| 2ot A "ot [45]. o] 2]

©

—_L
-

o

A5 4

78] FA el =1
o] FA|2HCoursera) =1 2] 6eA] 72| A A ¢tet n]E-7A

Adagrad®] st& &7t 5

s

© 2 7EtE] ¢ith. RMSprop-2

3|
A

=
—

RMSprop2} Adadelta

09=

o
—

7]&7]2 Y=t} Hinton

L 7| E 75 0.001 2 LAt [47].

=
5

Adam(Adaptive Moment Estimation)-2

LA A 271= iz A

5

P 2l Adamo] Z} HiEo| A F

7}s

=
o

)
oRs

t}. Adam-&

ol oHe2 A 3

27 gAlsHe

i

G4 SGD=

5

=

1

6Saddle Point

"Narrow Long Valley
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54 Tebe]Q1E o} 2 25 o} Adagrads} £2tel A4 2 2HE el
St = AA = QI o] 7 7HA& B 7FA] AL QL
o o Y2 99 2FQiol Adame AHEE 4= 2l Adam2 RMSpropo]|
SGD$} mHlgl o] 23t o 7 2 4 ¢t} [48]. npA2ho &, NAGO]|A] AF-&
S A2 A4 A4 ohe AR o5 1o A} malE
W= Foh= Ao] obd By gro 2 o3t Fof ZHHAE gh= i
H2}= 7]4<l NAdam(Nesterov-accelerated Adaptive Memoment Adam)
o] At [49].
Adam 223} FRFS FE AE s 9 5 9l o]
H ' Zofol A d7] AbgH = darE|Eolth Ag7HA] = Adamo] A

Ao 7 22 A9 4 9t [50]. Adam TS EFF Mg} 71

=
RMSprop9] <& 2

.
[l

o|™, SGDHt & w21, 7|24 0 = Sto]u u}2hn|E (Hyper Param-

eters) 9] YElo|EL ANHOR T AFSA A FHE USL
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True Condition
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TP+FP+FN+TN

2 592 YA GV gk 2 s BEE BAS L n9e
BrAshe o G5 QB2 JUEet gl drk FUmL v

TP
Precision = ——— (3.2)
TP+ FP
TP
Recall = 3.3)
TP+FN



AlE

Precisi Recall
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Toy Learning Interpreting extracted features

Input Image

from Scratch T |
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i i i Ll Tuning !
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1 »

: | | Transfer Learning ! - |

: I ! CAM Optimizer :
1 1

e | | 5 i
1 1

| 1 i :

|| Grad-cam Hyper- !

! parameters | | |

! :

i Feature Extraction Fine-tuning |

_______________________________ 1

o] o5 gl A50] B7HE 915l HOST &g 4|4 2 Linux RHEL
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v

42 747+ CUDA
9.0, cuDNN v7.10|t}. 7| ¢lo]= Python 3.6.55 7|HF2 2 5}, Ana-
conda 5.2.0 7]&2] mto]id gto|Haj2] vj LS 2-2-gct. whehA, 78
Z ol glo|E] 2] A& ¢35l numpy 1.14.3, pandas 0.23.0 2to| B 22| & At
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|51, HlolE g3}t 9 Sk dlolE et F7t Hlo| ¥ &2« scikit-learn
0.19.1 gfo| B & AF-g51A Hot A|Z4SHE 93) ZH2 opencv-python
3.4.4.19 F matplotlib 2.2.2 7 AH&-5 It} LeNet-59F VGGNet©] 5152
HZ35}7] 915k] tensorflow-gpu 1.8.07} tensorflow= <l & (Back-end)
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St} [[7]. LeNet-5 2] AHA|SE | o] o2

E 4: LeNet-5 oo} [7].

Layer Type Output(Shape) Param #
INPUT (Data) (None, 224, 403, 3) 0

C1 (Conv2D) (None, 220, 399, 6) 456

S2 (AveragePooling2D) (None, 219, 398, 6) 0

C3 (Conv2D) (None, 215, 394, 16) 2416

S4 (AveragePooling2D) (None, 107, 197, 16) 0

C5 (Conv2D) (None, 103, 193, 120) 48120
flatten (Flatten) (None, 2385480) 0

F6 (Dense) (None, 84) 200380404
OUTPUT (Dense) (None, 11) 935

Total params: 200,432,331
Trainable params: 200,432,331
Non-trainable params: 0

Sioh g vhgo 2 4 7124l ONN B eg B89 shésat A,

=]
7} o Z(Epoch)| g oF 200% A= 8t A}, 500]Z o] & 0.75-0.83

9] A= A B (Validation Accuracy) S ©A4 3Tt

09

08§

o7

06

] 10 0 B 40 00 25 50 75 100 B2S B0 1S
epoch epoch

(@) (b)

19 16: LeNet-5 st<54A 7} (a) tanh-SGD (b) ReLU-Adam

3t O] o Z.2 ol F AT A A dlo]E] HE] 5l forward/backward pass<]
S AR Z, AA dlo|E] N EC] thaf & A 52 st Al S Wit
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4.5.2 Grad-CAM
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Abstract

The improving accuracy of classifying an image
using interpretable machine learning (IML)

Seonghyeon Kim
Graduate School of Practical Engineering

Seoul National University

Artificial Intelligence illustrate not the causality, but the highest probability
of the pattern in data unless the data has a bias because many algorithms de-
pend on the data. This paper aims to tackle human interpretability focused
on the trade-off between model complexity and reliability. This study first
emphasized several theoretical perspectives among IML methods taxonomy.
Based on the comprehension of IML approaches, it highlighted the imple-
mentation of modeling using real data sample. The research results give
better understanding of generalization error in the interpretation of Machine
Learning. Consequently, the interpretation of a model is to clarify the bias

of the analysts whether data has a wrong answer or question.
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