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Hyper—parameter Tuning and Influence Diagnostics in Deep Neural

Network for High—dimensional Data

Jae Eun Lee

Department of Statistics, The Graduate School,

Pukyong National University

Abstract

In deep neural network (DNN) hyper—parameters, set directly by the
user, have significant effect on model performance and their optimization
problem becomes more important. There have been many studies on
hyper—parameter selection, but still limitations.

In this study, we propose a hybrid—search that combines the design of
experiment (DOE) methodology and the grid search in order to overcome
the limitations of the hyper—parameter optimization problem. The method
presented in this study can avoid the time—consuming problem through
screening in advance the hyper—parameter values using the DOE
methodology. We then consider many combinations of the screened values
using the grid search. Furthermore, we investigate the optimal number of
hidden layers and hidden nodes in terms of the error rate for the

high—dimensional data, and compare the case of all the input variables

X



with that of the selected input variables, changing the number of hidden
layers and hidden nodes.

Finally, the impact of influential observations can be very significant for
high—dimensional data where the number of variables is even larger than
that of observations. In this study, we propose a deep neural network—
influence box plot (DNN—influence box plot) as a graphical method for
diagnosing the influential observations. It is shown that the influential
observations can be diagnosed through three high—dimensional examples.
Also, we compare the influence plots and the HIM plot which are useful
graphical tools for diagnosing the influential observations in high—

dimensional data.



I. A &

AZ A AW (deep neural network, DNN) o] 7]Hkalo] wrSojz ey
(deep learning) <= 7|AI7} AAE 353 ¢ s WEoX 7S &

A W= W od AR AR G4 A4, 24 A4, A”le] A4 S

- =

AAst7) olele Hopleh. AW Helde Bakol WY q14o] s

ol
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02
ok
M
(03
94
e,
>
X
1B
X
o
!
X
ofo
%e,
i3

HHAM g, w8, Ax, %
AL e o, d8dS 2383 2= 7485 (machine learning) ol 4]
+ ZW7hH < (hyper—parameter) & #toll M2t Aso] A4 98 H. =
R Edllo] Axag RSt AAlsHA oba Abgho]l AA HA S
lFoF o= Welw, xupZivige FREE 24959 7h4 (hidden
layer), =49% Ul =2=9] 74 (hidden node), B (batch) 2] 7], &5

£ (learning rate), E9E (momentum), @433} $F=(activation function) 2]

= Aes 47 e 2uiAHTE At Aol 254 FAgolt,
o3t AAS Zw7iHS # A 3} (hyper—parameter optimization) 1=

Z /W Z& (hyper—parameter tuning) ©| 21 3ch Zwj/lHS: &



Al ok A ol 2 ASe] & Aol shzA olE Ao A3
Z1 b7t itk o] EAE sAdsty] Yste] mARSES HAE A7)V

Rt vkt ArEol A&SM AFEH e 3ty 1

of

(manual search) < 7]l 7l 288 S5t 942 ZAd G %2
S &&sto] 2ulES #E APk WHeolar, A 94 (grid search)

2 71E AL ol Bdtel Zol Al Mol BT F AR Aoz

© W, WolxF # A 3} (bayesian optimization) = W] x|t o]&3} 7}
$-AlQF X 2 M| A (gaussian process) S O] €38fo] FHZ o ZujHLSE

st W, AF A9 ¥ (automatic selection method)2 A5 OS2
#HA ol v/ gts ol WRloltt (Bergstra¥t Bengio, 2012;

Snoek &, 2012; Thornton &, 2013). “18]3L Lujan—Moreno % (2018)

flo

N ZLH AE (random forest) oA Zvj7/lHSFo] 285 93 WHo =

A
=

110*‘

17 81 (design of experiment) & AFE3h= S AfZo] A AL
AN Azp gL Ihzo] s Y B S djof & 2w WS
A5 Alzbe] wlg- e Advks wo] Stk 19 gL QloR s
gstaL, wlolx_t HA sz FAA W AREshy] wiEel HA e gholt

BoAESE gtk Ed, AE AY wwe AA meld sAgs



daudlEd 2wzl gt o Aldske dH 1 ARl Y] wiE el
53] A A5 A2 st A5E ol&F we= m&Ade A 9l
tt (Luo, 2016).

A 5o AFH Ve der AW 4o ARV FHHEA o
B #4] (big data analytics) <> 2549 flojA = < & &4 Fof T 3hit
7b H3iek HldlolE = AA 8% AE (massive data) 9F 1A AR
(high—dimensional data) 2 Y& & Utk &% A5 A=Y A7 n
ol Aol A7) p B} A ¢ & W uAY Ame AR A7 0 B
o 2ol A7) p7k ¥ A", a8 A8E A7) n BHu Ao A7) p
7} w§ 2 23 A5E 8= 231239 2 E (ultra—high dimensional
data) 2tar F-20. ol e uatd A7 54 Wl Bellman(1961)°]
} Hastie 5(2009)> 1xped AFzef tiste]  “Ae AF" #a A+
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WA A|erdt sure independence screening(SIS) WHS AME-ETH
(Fan -5, 2016).

apAl e Al WA FAle geldelA aAkd s A A A
(influential observation) & &<lst= 13T WS AQEs Zojty, 14}
A AsAME ARS] A7 0 B A A7) prb ¥ A7) wiel He

oA A 7ol i gael wl$ Az 4 ok webd A %

e

oM A AsE F42 W FTHY Tl Wy 2 F ernz I

1

e Adetes dxp7E A5 or Festth Cook(1977)> F&A
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A% Nde FFsto] LASSO 4% A4 9FH= S &+ 3l
NS AAISFE T Zhao §(2013)2 32 Az oA FH 43 (marginal
correlation) o] 7]%3}e] FFH S Fosl= "HHES A AR, Jangd
Anderson—Cook (2017)& LASSO 4% A& Al 13 WS o] g3t

o dTFd= = o = WHe AdERlth a9i Leedt

LASSO—influence plot % Zhao 5(2013)9o] A|¢kst WS i3 WY
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II. ¥j73 A4

12k A5 HHolH (big data) & 3 FFolH, MY F p7t AR F
n Bk & B9 o FAAREAE, SRR, oA B4, AsAY,
8 T UgE Eokeld A8H1 vk (Fan¥ Lv, 2008). 22+ A= W
Fo & p7k ARY F on By BY] " #=5gs0] HAA HH 29
nE7E FAYA I o)A (outlier) = FolA Al ©t}. wkA -2 M

4 (noise) ol frejulst WG] WA dvhal ah= -l AR

rlo

o 3 MR dol gle Wge Fo% WrlE AR AuaAE 2 H

= ¢ A##A (spurious correlation)?] SAE ZHA ®ti(Jang &, 2016).

ple component analysis, PCA), A% HAEFE o] &3t JAAGT F4od=
LASSO (Tibshirani, 1996), SCAD (Fan®} Li, 2001), MCP (Zhang, 2010),

adaptive lasso(Zou, 2006), elastic net (Zou$} Hastie, 2005), dantzig selector



(Candes$®} Tao, 2007), fused lasso(Tibshirani &, 2005) 5°] Ut} 19

3L Fan¥ Lv(2008) = akd AtzolA ¢ AaaAz st Z23d HsE

2
v}
e
¥
%0
alls
o

gs AFst 747k |1y Wl wke W) AdudAE

At B AT FA/ NS AEH/ ol 1 o) fi WY
F o7t AR 5 0wtk 27] R HARY A BFYAe] 3 5P
o gYAL TT 57k Yol AXAF PUL ST 7 9] wEolnh,

WA 149 AR E CAMBLSSE)S] WS DolAA Ak mehA

-1[1

W A

)

YA VlEol He WESZY C, akaike information
criterion (AIC), bayesian information criterion BIC), R*> EA% 7|HE5%
AbgetE A EAAE A AR R James 5(2013)2 1A+ xgofA]
Ao (over—fitting) w=AI7F WAL =+ AFe BHITh A5 =0 #5UY F

2278 = 2709 o] gk(outlier)o] Avtar kA I¥ 2.1.1& HH, n=20<

olgatel FAAE FHAdn A o Az FHHoF s AFE BE 4

o 7b wwal H7) W] vE A AnedE gl Aol @ %
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, Hi
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sk

747} (feed—forward neural network) ©l| A

a4},

o] NAWZF Fo Rt
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N
1

{(w(d), y(d) )}

Dy =

o A S ARl A

oA e WEo]: y,

=
ar
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Eay
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1.

SRLE

A7NA g

the3} gol oAt
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ANA [V =@ Vw)e B3 FFoln wis 7SR WEolth $2
23xe o] Al FHEgke ke AQdH B K 24 F4F
(local minimum) % 3ty A wolA2l a3k Ew)e ko] F83] %
o &+ (classification) =AU o5 (prediction) - A E i@ 4 )
shte] =4 S43L wé 2Vde EHFHoR sto] e
(gradient descent method)S ARE3dlo] vt o] HiEAH o=z 7P4Ish

.

w,,, =w, + Aw, (2.2.4)
oF
Aw, =—n——
& ant

A7IH wi= A T A HME, w2 ALY wE 50 V127 HFL
2 2uf w4 79 A WHolAl e w8 ANFe AVl 2%

S gom suEoldn N2t zuAMsold HHES 0- 1 Al

olmo] Al A FFpe] shs AT HHS ALE3EtY] JFEXE 7JAlEe=
Hho] 54 AA} 174 (stochastic gradient descent, SGD) o]t} &

TR ARY S TR AN wgel 57 WEel HEH B4t 5
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AHE vtE A48T ¢ oglorng g8 FAANE fste] B A9
ot Ang ol B84 A4 NS Aests b oY@ B A9 8
2 g t3t 2S5 ©o= vy x| (mini—batch) 2} 3tk wuu)x) <
271t 481 A4 el FA 38 AL AL fE 0l§E m
2lsto] At oleldt wuuH 9 A7]7} shte] ZujAWMSt gk
sturel wlgulAE Dt sk o714 e vUmAt AARE AAE
7tk AR A vke Do E3E Qe BEE St AR diE 2
A B BeT 2ol Aitsiele Adela oA B9l 7187 wgow v}

ZA2 A

@WziE@w (2.2.5)

Ty =D,

ANA n, = D)= WA TFEE 5 AR AFolT wi HE
A Mg Jehd
e Aaael 4u e TAATE 2 MR ZHEe

ARG = 3Tk o] WS thadt 2ol ke AIe] Al gkl ol gkl
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W, =w, T Aw, tpAw,

03
Awy == (2.2.6)
t

Aw, =W, — W,y

A71A p RHHOIL 0~ 1 Afe] & ZHAAT B p=05~ 0.9 Al
o g Fx AT,

ARSI D BAAG B BES HE A BASNPUE D
W FA7E 2ol B dee 23 wAGeR TAsG Huets B
o 2 /18717 9AHD AFAE A EA G Austs WO 7
Ao} ARrb AL (digrag) RFE Bt B where FgAH O
Z GAGA 2@k ow St RARS AgeH A G we

A7) wge BAAOE BAE £ 9

Fae)
o
o
o

#4 e (overfitting) & ¢43A171= 2w A, 7FEA A4S 1
23 =Fokx (dropout) ©] Stk TtAISk: &5 Al HA TS WA E] §
ato] 7R AfFEE Alckets WHoRA eAFgel e 22
# (ridge) EFYe] L?-norm B4 (penalty) & F-olg ¥ o]& Hzaslshe

W ol
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ZE = || wll? (2.2.7)

nt 1€ D,

oI71A A& A ARE JEE Zupiwgolt. dwrFoR A
=0.00001 ~ 0.01 Wl WelA Aegic}, o] Fo= <late] sty Al U
e ThEA7E 2olA "k 8= 3 (ridge) BRI L?-norm A
4l 22k (lasso) EFJSl L'-norm WA S AMEE & Qo) 7 & #

Al g7)o] wEEteE Sx7 G4

b

4 e

u,

AANHER TR 74
(weight decay) & FEt}.

HNEH e 7 =29 Y3 2

i)

ol ZhsA ol diste] FHdw Aok
(max—norm constraint) = AF-sh= ®WHolth 5 19 jHA =TV S

1—19 plY ==59 £8< gJgor wg u 71 Aol EA w, It

\/;w?j <c (2.2.8)

of W2 g FHZol Aty WorA TheA ARG Hojd &t

i

A EZole3t 3 AFREbH o §3E det)



EEOMES 8 HAolM AR xE T UARE 9F vEZ A7
EFoREE REES YAFOR oy T =t Y-S A @AY GHn o
M 7k F79] tiielxl At S5 dAlelA s Altid T S of
£ B1&S pet sAk o] vlE p7t sl ZEpWSTE "ok o] g puE &
o] A& Btk AT AN =29 g ¢=1-—p HIEWE AR

AAEAA QJESortH 3 7HA ol &akFew
T TteAe @43 At AfHE dAE =W @A (forward
phase) &} 31, =3 @A APE HEYD 25 ¥ A5 4
A HET vwste] QAE ARSI HES T dudo s HuiE o]
(backpropagation) &l Abole] 7FgA 5 FAHG}L LAE ol WAE

AW @7 (backward phase) 2k 3ttt o]t F S oy W £ghe}

o}

i WHEeks ol 7} =% (cycle)= F7](epoch) g} F-Et}. o]2]gt F7]9
HHE 317 sk 2mivii T g
A8 e " Ase] el @4stE dodA Aot ofdol,
At daeFeA e wito] FQsty] wie] A&grolojol gt =
=

E EgE AIZRo]=(sigmoid) 3+ vt Zow A

18



10

08

06

04

02

0.0

- 1+exp(—z)

Sigmoid function

I¥ 2.2.3. A|2R0|E

3k
=1
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2=
0

(2.2.10)

g3 gon

(2.2.11)



Hyperbolic tangent function

1.0

05

00
|

05
I

-1.0

A|ZRo|E 58t slo|H &Y BAHE e Ao = A% BAE
N7] wiol @&k Wol ARgHo gt spARE 2YF ] 7t wWobds
= 7|27 A Zo}x A AFgA]i= vanishing gradient A& o] Q).
ol 5 H 357 ¢ste] @A F (rectified linear unit, ReLU) &7} A A& 3

o) the3t gol A e,

yzmax(z,O)z{S E§<8)) (2.2.12)
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Ggre @4 0013, 2>09 wel 1olth ojeld 54 )

n

©
2
rie

woll AAde zlol7} oA tete 7| 27|7F AFAI A Al W™, AR
o=, BAE FrwTt Shgo] I mE1 SEoR FHHE At
A sEA] k=t shAIRE J= Wi7E 0 olstd uwl & gke] 0o] ol &l
T =9 weight QUo]E7} A 9%+ dying ReLU A7} 2AsHA #
th o] g ReLUS wA1dS S5eH7] 91kl 271 @+ (leaky rectified
linear unit, Leaky ReLU), PReLU(parametric ReLU), SELU (scaled
exponential linear unit), ELU (exponential linear unit), GELU (gaussian

error linear unit) &©°] A= AT}t

ReLU function

21



=83 27F A N R FolA L,

=
R

(softmax) 3or

) A
— —

= e

B
4r

3} 2.

(2.2.14)

ol

) ghell met A 295

N

.

10 o

3]

EX

42 9]

Eis

ATEo] Ay E gttt

Eis

OO]:

shel o

EIE

] 7] ¥ 4=

=

= AHE o183

%3 9

9

A

AR €A (grid search) < =

sk A CV(cross

s

)

i
Mﬂ
hH

g olglo] BT A2

validation)

A =

AgAs) v}

i
=
o

)

mj
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O =
- =

2bM B eart Hat H

e

AT E A4

=

aed

°]-&

=
=

Z A2 (gaussin process)

kv

HA

AF Yo 2H

Lujan—Moreno

A (response surface methodology,

A 21 (screening)

;oO
d.o

ofxkom, AA Al AT ¥

=

Ty
;OO

B

ol

ol

0
HH

s

A}, o]

1014 EAAT dAel A WA Bl e dfof

2~ o
T

]

[e)

A =

7}

A4 (deletion

= A4

HFH O 7

oA W (infinitesimal perturbation method),

method),
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(local influence), ™X9 (replacement method) 4] 7F<|7} Qlt} 15 ¥ &
TolA AEetaAt o AN AA B5H Y] dIFE S ddet] flet
o n—1708] #ASFAE FAT FHA L} AA e dSAR FET 4
A 9] Apolm FFHS FIEITHH I A, 2010). dFH Aetr] 9%
Al WPHOZ FXZFQ ZEE A9St Andrews®} Pregibon(1978),
Belsley %(1980), &7W& ol&3te] = SAZF(Cook” s distance) =
AIQEEE Cook(1977)¢] Shem, Kim & (2015)2 LASSO 3|74, Zhao
5(2013)2 1A A5l FHAAE AARS ol8st] dFHE ds
= vHS Aekskit) Jang® Anderson—Cook(2017)& LASSO 3] FAA

T ¥ ek S WRler 2AYE o8 1y WS Al

rahgith. %, AAl BEGS olgstol 18 U BEHFELS A A
# o a9 29 nage W foF Wevt et 249 999

4
=
=2
2
=
.
)
i
rit
_&
£,
)
i
=)
k|
r

S ol A
T Atk =3I Lee9t Jang(2018a)2 Zhao S(2013)°] FW A3
(marginal correlation)ol]l 7]%3}o]  Aerdt mAAA  JIgYH =%
(high—dimensional influence measure, HIM) & o] &3}lo] 1o Z gk

e A 5 9ds eE 9l HIM plot= AlASHSAH.
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M. 22+ AmoA ZE/pET 2&S A%

sfolnel= w4

BE 23S s Wel AAH galo] Assiths Aol gl 8%

W 7o) U 2R BAS ok @ i iEt Brka g4 Aol

Weg nlg AEse W AA s,

=

2

FolA A soluds gae A7)

M3k A

_1 0
o
ot

ol

25



s olgsted HA zv/iusE 27 4

U o

2

=

algorithm 3.1914 A8 Ht}.

Algorithm 3.1. sFo]H2.8]= B (hybrid search)
=& AEo] 2" o4d 2AAA

= et fodt vz

# I"2 Fot 7 AllY e RfE (e HoaAlE A Aol

¥ 3.1.13% #o] =% 34 (confusion

e

oluf @ F& (error rate) < o}z
= AA % g S g E=dvh o

matrix) 258 & ¢ ok 7N y=
FE2 2 3.1.13% 2t}

FP+ FN
error rate = TP¥ TN FN T FP (3.1.1)
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¥ 3.1.1. 539

y; = 1 (positive) y; = 0 (negative)
1}7: =1 (positive) TP (true positive) FP (false positive)
1}7: =0 (negative) FN (false negative) TN (true negative)

l

= AFolAE Al 7HA bl AR E o] Rete] w4e At A WA
A A= Golub 5(1999)e] A7st WEW 25 (leukemia cancer data)©|™
LE &an 2ZES0Rl RE SIS #H7)A ¢ U H 3= ARt Fd AR
of H|AE Az e thsto] Z2b2t leukemia.train?}t leukemia.test A== Al5%
T}, leukemia train Atz eole 2799 34 ¥ B 939y 11989 54
=54 M8, leukemia.train AR 20 54 € BT 9d@¥ I 14

ar
=

4 mgyor TR gk AWHsE 7,120 fAA L

ol
1o

A
1=}

o

—_L
R

o
(T

gl

2= A Hﬂg

e
° To T

()
=
rlr
Negd
|
",
=
il
oX,
o
[
to
-
j=s)
ek
ok,
~

O~ 1 _
T Y=

-

o
o

). dutd o= st 259} HAE A5E MRt & u Iy E HA (pareto
principle) o w} 8:2% WFotch SHAIT uAY kg o] WS AEsh

A5 HAE 2A57F wl$ 4& 5 vk & AF-olA = leukemia.train AF5.2F
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leukemia.test AARE X 5, 7271 #5gkel diste] s A= 40709}
AE A8 32/0F WA Aty 4l

T+ WA oA+ Singh 5 (2002)°] &UhE AYMH ¢k A= (prostate
cancer data)o]l™, Re] SIS #|7]A]e] W= o] Q= Agolth 85 AR
9} HAE Ax7F Z+Z; prostate.train® prostate.test® A ¥ EH o] AT},
prostate.train Atz el 5299 A FFeAEel 502 A v Fogd
Z}7F o1, prostate.test AFEol&= 25 2] AT Fokskatel 9ol M A
v Fdz HdHe] vt AWWass 12,600 FAAke]H, BEE WgE
y=0 E& y=1°ou (AP FTF & / A-AD v T &b, & ATolA
= prostate.train¥} prostate.test ARE T & 13671 #=F3 T S
A% 100708 HIAE A7 36705 sk A= sto] LA sk

Al A A= Alon 5 (1999)°] Alwgt ot #FE (colon cancer
data)©]th. RS datamicroarray ¥7]#°| alon Am= g= o3t F
% x7 409, F¥ x4 229olx 2,000 FHAL ALzl glow
Hhg HyE y=0 v y=1010(F¢ 24 / 4 24). 62719 #=3kel
thate] 5 B9} HAE AEES 7:30% AEIAA 5 A8 437,
HAE 25 19715 g dgste] B4kl

2 AT AFESE HFE dolsE 2E 24 AT E Q] RE o] §3)

of HAsATh. MY Aze ANA ¢ ARE deepnet H7)A FFE
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27 (DNN)

1

Qo
az.

¥ 3.2.1. (#¥9y z28) 2° ¢4A

A
Nk . <+ g
flz 8 25 %
ol
4
0
N — £
|18 8 2 3 =
ol
3K
A
Bl
H H —~
M_ﬂmﬂeg%aﬁ_
.m_o_oéﬁﬂ__
oﬂu_.u_.ﬂ_.u,_w
Mo E R
m%' Nt
L &
&
< M

btk

P91, gt x5+ MXNet 71 A 42 AL L35

S

AHg

A

|

o

PN
W

Jol euZel %71 209 @ 5719 Zul)

S

ndy Agdl o

m

ol

oy

35

ae} 1/273t

B

x=39

=0.993¢]" 19 3.2.19]

A Ast, R

=0.00173) &} &3} &

439 £ 40

o|J

A

9} Pareto X}EZHE A HA

j
[

2= (p=10.00154) 7}

0.1, 98 0.4, &3}

=]
\a

ol

il

ot o] A3t

-
R

¢ tanhd W W2 eF&S 2t

=}
N
N
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AE
AB

ABCE

BCE
ABCD
ACE
BCDE
B.C
ABD

AC
BOE
BCD

Effect name

ABC
ADE
cD
BD
ACD

ABE
BE
CDE
ACDE

% 3.2.1. (B8 AE) Pareto AE, EF3E 5739 1/2387F SEE,

Pareto plot

Half Normal Plot for y, alpha=0.05
|
«E
]
o |
o~ * A
| ®» « AE
S | « AB
I «CE
Sign of coefficients _ *
[ Negatve g .
W Fosive So
S~ 7 *
| = '
] E ot
1 H
[ ] © N
[ | o 7| .
u H
"
H
o |:
o
T T T T
0.00 0.04 0.08 0.08
absolute effects
0.00 001 0.02 0.03 - - - - -
Magnitude of effect A=A,B=B,C=C,D=D,E=E

0.24

0.22

02

0.18

0.16

Main effects plot for y

B c D E
[ ]
L]
[ \ [ ]
L]

[
e o, — T 1] Sl
-1 d -1 1 | 1 -1 1 N if

F2 3% (DNN)
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¥ 3.22. (HEY #8) A gHoE AHE HA 7 9 (DNN)

cal S9ATY olawd A4 g8o= AWE
A5 =7 A% 274 89
AR WA 2939 xE ) 30 (25, 40), 54 27}
B(F A 24959 == F) 20 (5. 20), 5% =7}
CEs%) 0.1 (0.05, 0.15), 0.01%8 =7}
D(EHH) 0.4 (0.2,0.6), 0.18 =7}
E@43 &) tanh
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arching method - DNN

parallel coordinate plot of Leukemia hybrid-se

a9 3.2.3. (MW A7) AR 24 Aol did FF2ETH (DNN)
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Density

Density

B — HS
--- DOE
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E59 Pareto AEZFEH A3}

Bo 1245 %
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0.013666 ) 7}
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20, 5% 0.1, 243} &< tanh
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Effect name

S

Pareto plot

e Half Normal Plot for y, alpha=0.05

~E

20
I

«BC

B.CE

« AE

15

A Sign of coefficients
CDE
DE

ACDE
CE
ACD
ABD
BCD
ACE

ABCE

ABCD

BCDE

Negative

B rosne

1.0
T

half-normal scores

05
I
H kAR

8D

© o Frrrarrrr

T T T
0 0.01 0.02 0.03 0.04 0.05
8DE absolute effects

0.000 0.005 0.010 0.015 0.020
Magnitude of effect A=A,B=B,C=C,D=D,E=E

o
o

Main effects plot fory
A B c D E

0.1 0.12

0.1

<
Ny
1

0.07 0.08

0.06

13 3.2.5. (AgYA & AE) Pareto XE, ¥F3d 579 1/287F
g8%, F53E(DNN)
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E 3.24. FAEA & AB) G 2802 A¥E HEY =71 HS(DNN)

ool APAEE o] &% AR gHloz AWE
o A7 =7 A% 27 W9
AR AR 24FY xE F) 30 (25, 35), 58 F7}
B(F WA 249%F9 =& ) 20 (10, 20), 5% =7}t
C(Ers%) 0.1 (0.07, 0.13), 0.014 ZF7}
D(2Hd) 0.4 0.2, 0.6), 0.1 F7}
E@As &5) tanh
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