FTHIAC

E* @ Springer _ )
AR Machine Learning

Bt =85>
( AutoML )
L. EESHEEL

[4=] #2=78 - =4F ( Frank Hutter )

[4E] HiHR - 58X (Lars Kotthoff ) —
[EEFIES] 8 - B#FM— ( Joaquin Vanschoren )

@ B X H—:F

FEATERFERNRFITWERSTFE  FEAl
FEHEINZSXEEEREZERSEITE BELO
FARRERRSEHFEFHFES OB OB
28 K Fl I == e Be 1 XZFHE BXE
S KEZHE, ERAIKNEIPAREFEA EE - MRKSRE

i’f fﬁ é’ t it

I~

Uinl
1t
=
ok
'F
Gk
&

=

o

3




Automated
Machine Learning

Methods, Systems, Challenges

Bilits83>]
( AutoML )
. EG5Hkbk

=] #B=5 - =45 ( Frank Hutter )

1=] $iHh - 458X (Lars Kotthoff) — =
LeFIRS] £ - B#EMZ ( Joaquin Vanschoren )

i B X H—F




First published in English under the title

Automated Machine Learning: Methods, Systems, Challenges
edited by Frank Hutter, Lars Kotthoff, Joaquin Vanschoren
Copyright © 2019 Frank Hutter, Lars Kotthoff, Joaquin Vanschoren

The original English edition is an open access publication published by Springer Nature Switzerland AG.

It is licensed under the terms of the Creative Commons Attribution 4.0 International License (http://

creativecommons.org/licenses/by/4.0/), which permits use, sharing, adaptation, distribution and reproduction in

any medium or format, as long as you give appropriate credit to the original author(s) and the source, provide a

link to the Creative Commons licence and indicate if changes were made.

BERRA PRAE PR NRICMESE AN (AMEFEFEEE. BT HATEX N 675 i

Mye TR, AT UL 7 2CE Al B b R AT FAEAT 3 77
ABHEMMB FTEXRFHREHAIRE, THREZFAFHE

X)) HE. REHRA

MALERE, B3R, 23 010-62782989, beiginquan@tup.tsinghua.edu.cn,

B £ hR 4 B (CIP)&#E

Halplas2%>] (AutoML) : H¥E. RGS5PkEE /(48) 35275 « = 5F (Frank Hutter) , (£ ) fizir « F

2020.9

CGHTRF AR« TERFTRHK)
PR Automated Machine Learning: Methods, Systems, Challenges
ISBN 978-7-302-55255-0

# K (Lars Kotthoff) , (E) 2B « Ji##1= (Joaquin Vanschoren) 3% ; fa/ B , XIJ3i%F . —db 50 iE AR 2FE H I,

[ . OF= 1I.0O#H Qfi: @%: @f--- @x1--- TI. OANLTHEGE—ZAHENIROP 885 2] — %

mkEmiR IV. Q@ TP18
& [ A< B 518 CIP #dE %5 (2020) 28 051996 5

RmfERE: X #F
HEIEIT: 7
it A
=ERX: TR
SEENSI: MR

l

H & IT: ERRF T
pod ik : http://www.tup.com.cn, http://www.wgbook.com

o b JERIERRFFEWMRE A B #f  4m: 100084
# 2 #l: 010-62770175 i 9. 010-62786544
RS IEERS: 010-62776969, c-service@tup.tsinghua.edu.cn
R &= & &: 010-62772015, zhiliang@tup.tsinghua.edu.cn
Bl & &: =M mExHEFRAHA
2 $H: EEHEHE
van Z: 187mm X 235mm E[] gk: 16 F ¥1. 288 TF
U AR 2020 F 11 HEE 1 Rl E[] AR 2020 11 HSE 1 IREDAI
E fr: 89.00 JT
Femdms: 085532-01



AT

AHEmMMNABEHERFE, TR EHWISFEINGIE. LA E3PLEE
FARG K HATFE PR . EEIMVEFITTET, ABREESI. TFE,
M E LB R =17, o eFEFMRNANSNA. RERR. BRRizH
FEMAAER R E. HAh, A58 BN T A KSF T H K AutoML 248,
Auto-sklearn. Auto-WEKA }2 Auto-Net %, FHAPHEE —ZFHNA T HEALEZED
AutoML PkERFE PR RS R E B S WE S, BT Mk#E it B &1 AutoML
RE.

ABEIREEPR EFH AN ABEH PSS FE IR E LS, AEEmENAE, TNE
Z W 2aE | s AutoML st R A ME 5. ABIEEMBFEE ZARE =ILE, RIET
AHFABRE,

TR RE, ABALMEAEMR B aLa8 % S AR st AR MR A X T
T RN, ABEEAAT AutoML R4 R ESEFRNAE R N TEENEEE)
MlEs W E, A0 PIFRAE— AutoML St 7GR 3t B A S . SRR UL,
ABZARBATZ, BERTUMEAANITH, WA UEREIRATHIZHEH.




{E&E =T

H R ER IR, IlaFEILRENTA. EEV TSI

F2 N FRER . BB

ﬁﬂi'ﬁ%%l %

H PRI R E B E

1 H % . 3

TS BRIy

G

H=ZHIEFIEES O;

i

!

BRI R ENH, SREFE—JE (2015/2016) 3 —J& (2018/2019)
HahWl2s ] L BN EE .

FEMRIRES ] BIPEEE,

PR RS, AS Auto-WEKA I H B & f4E$7 .

R - A=, iZREERE T RFHHAE . FEHRISFIRED i,
T henML.org, FF3RTFHEX Azure B 5722 H0 WV @b BF 5022 .




FEET

(R, FERBIFEEARKEE L, @ TFEEILED R
BIRRr B30, Bl A L@ KR FE FR2E S E AT
i L EMF RN R FARKREEEREE S & N T8 e /LM
. EEMFT M AREEWES] . BaflaEFE] . BIEZ
fif 5 FR R, M E T8 BHE I B &N ¥ 2 7B
5N . 7 TIP. TWEB. DASFAA % [E R ARSI &
KWL 10 R, GIRFIEIZ I [E fr2 i KSEM 2018 1)
Fib K, EH (REEAFEIREESEE) —1.

XiE, FEBFEEARAREZ T EI RS R, L4
i, FEBERTFECFRESMNFT2HE, FPEUTFEIFESR
HBIBEEREREZTR, PEANTLERBESVSEIETVEZLRS
L. FEMABEZME RN PaaFI T ERHNA,
FH G R R 3R 19 TEEE ICDM 2011 SAERF At 33 . ACM KDD
2018 (Research Track) sfEFAE W K., B3k EE B K
Rl 2R FE LR, HEHE AR —FX GEEE 2) .
fTHEERERFTER, Az J BEXEHRMFESEZ RSN
BEMFESIE. PEMEEADS “FEAAFFBELTRE” |
PN FEBE 5 5 “BETHRI” . CCF-Intel FH5%% 2
FitRl.

|,I>I




FrC B RIFFWAER T —H =250 « FH

FrUb AR . A HT, PTEM4E R —E « B

tl%-:ll:lﬁﬁ]ﬂj AutoML %:I:ﬂ-‘lf‘ 7 a:_% N %"%s #:ﬁ:ﬁ ¢ %ﬁ?%! i'lgﬁ_ﬁ ¢ ﬁﬁ{:




5

HzhHla$ ¥ > (AutoML) 7E TNV IS AR FF ip AR A OR R B B2, 7RI OR Bk 25 S B )
g s BB BAE A AL = ST N A, HRZERIMBIEL BRI E RO,
HAl, B hELHEEHNRKEEASA EEARFTRIEKERE, T2ERSRIEI e
Rk, BRERZHFHIRATAILURE iz AL F ], (B HIE H 2R
A4 T 7] AT Bh B R 7 2K ) TAESE B B sk B 73, A sR4b 1 e J1 Rk
ESERANLERF IR, RAVLEEE B ARE R, AP EAFPNEFEITHAATIR
HESHITHRE. RTE-RNERNAERE T HaEF, EXBHNEZRAS
Fgg T o REREE T, FRHER 1 iE HEORRSEIE sh b ilas = S @ dE s
DI ARG, WREEBEIE, AU TFTHRXERGHITER. A PHFE=REaH T —RK
B SEBG VAL BORER, X SEI H shlas = S A RIS A #T T .

H L4885 % X SR ik, HEMEEADRER, BaKERKKSHZE. RE
Mk, ARG, R eI B aLaE F RS = ah. HaIf o i = 2EE
MEZ#EENEEF A RE L, FSEFIEENERANMEMNELEN . 75— 7R
L R AE T AN R X £ VR BE N ] iz A B SEPR TAE S, HFEFEEMNHIEET K.
HEE N T e (Artificial Intelligence, AI) S PuE g, HP P25
AP HR BRI FIAR . IRl [7) A5 1) PR 2 {A] B 1 N X PR R R i, 108 T Ré
i ER AN TR & Eirh 7 @M Bl #= I 3oR, A TR KNS 1. FER
I RAMY BE B 518 AL L W R BRI B s, T B AT ABh L ITIE H B SR RTE LS5

—

lizmlt

—ZABEE, EENEKIBRXEEIERIT F8T « 458 X ( Lars Kotthoff )




iF A K

IR, NTHEBHARE, W8

CREREROR, (ERAC

HT 2. KRBy mRlfE, A-
TiEVISR R ENE R ILEFRGEARFHNER, AR Z K% XL/ KER
NS X RBA “FHe” -
RBORHR, KZEHE-
o BARAHERIAZ
XHEANTEENHESeTEmR. EA DA

fE. JTHZREEANLTERERN K

G TR EE A AT E @SR E

LR RE DR BRI RN D BRI “ &

CRREIX — N

%, X Rk AR 2
EMAR, ik
%J‘?’

CERENEIFEMMLE, R—ER

BT “ANTHEBERAFR” MEEEMZBE. EANTERERTIVISESLH “ KA
FEAGR” , A, F—AATREGEMIAN REN JFMEE.

Hahplds ¥ > (AutoML) , iX— AN L& GEH AR
RN T BEBORAI I I, AT KA
ATHEERX— “PEIR” 1) “FR” SARZERAANT]
iIEATHERE “CAIFEEUEX" . ATEHAKNE, EAEFEEARKKR)

MEERE, Baplass I WmABI . BRZEORH BTEFL
EREEE R BAEKES, HEAEE, RZEER TR L
MAANTEREE F A
ff T ALEBESRIER. LAE

| -

FARML, —E#ES VS FEANRRE, KEAHEFOANTEERAR. BigEH

Bixsg, B L TMmMKRE!

IR —E KT

%, Drekaiil, BE5KKE, BEAL

) (S

FH a2 I R

%, 275

PN K TE A, R R
L8 AE B9 B AT E & yE

%

H, HMRAE {2
1 — 8RS, A9 1)) SE 5Ly
&SR B E A
CE S ME R S, iR
S, AR TSR
LR REZ AT AR, {2
LENE, AMERIKTERRE, Baf —FH N,
KWRRIAT, HINEANTLEGE— P —PEIS K. FERRBEBEELZHAMAE 3L

D=5 TR UALIEE IEE (B3Il

Hi AR, FRAEZE — B B ZER B . B0 BIPLEEFE IR TE. R



VI Bapilgg=3 (AutoML) : TiE. ERSHAE

giApbhetl FARE AL HEmpnd, TEE=MEE BRI THIWEFEA, H4A
FEMARS, #3)7 BV FE IR K RMER, W5 T 8k
L NKIEHRH T HBIPLEEF . ﬁ—%%ﬁ’ﬁ%fiﬂj”i'ﬁ%ﬁ%iﬂ}:ﬁﬁﬁﬁﬂ%ﬁ%TJ?]’H

ZUt

KA, WAEBT
PER A E, FR5 X1
T S Ae 05 1k AP SO 3 R R i ) e AN 2 2] b

=

KT HRIIZEFE.

Z e

P FME N FZIF AL H CRI BB F S R4, HIEEE BIIXA A
LR B 56 — B A B R IE H K
b, N B BIFLAR ) B KON R

Hﬁﬁ%:ﬁﬁﬁﬁﬁmﬁ%_

EXE, BRENEERFAHRAEXFERE S RIESRmE TS TR ESANFHER, &K

TR o4 [ i_%lﬁﬂ%ﬂ_?ﬁﬁ%$ﬁﬁ%ﬂkﬁ}%, R AL R X N5 IR A iy
SCRPANFE B, Rl B B A FE B B AR R I SCRF A9 B

RIE !

Nt

FRAVKFAR, ABEBRLEPRREERT, Bif & 6Z IR FEEMIT

{aT BA
b=
2020 % 4 R




%
I

“RIEBEMANEE, BERRAA T RZEE. 7 £k 5 5 H Al S 5 ot
EAF, BAILETRXa1E. TR, X FILeas% ] % F 3208 R0 REE VI OR
fefi 1 HEhplas 2 S SUR I RE R e . TIXA 572 H 8T B hHL4e 5 S U 26— A48 &
PEdE T 45, ARHEENE RS AR

M 2014 EEATHI HBIGE T IH B3 LR, A NE—E X H shHl 4% 5 > U8 78 %
ERIEMANG . H, HBHERNGEWX ZIU e O 55O, 1EYLEs 5% S FEE

SHTR A TRRERESS B EhL, Bl BOEEalcE. S0 EERI, iR EEhEE,

BRREYE HBNIEA, S E s MR, SR ESIRER. IR, TR RIEE )
S, BZEINEL, BshiEl, EREAHREMREEAIRNE. EFRZREZ, X
e— MNERWYIR, BRATNIZR A RerhibixX — #2818 5 shit.

wEERNE, BRRAeENbREdER R, FiRE— N KE TEER, =
SChr b, BEINEAER T RE: EAEHERSEIF A, 2 EIEFEEHIARN TERE.
MESLI M, RINFEFRKEFERERG TR, ibVR%EIENRGL CHAEL
AT REMERIERM) , FHEHEINRR.

BABATEER A LI E ML LR B, BERXEHFRASGZIEEFMER. MA

A€Fx. BEEBRIIEH

SAREFE N . 1E [

AT HZ— AT,

"'-..

BB FTEIRE, ERTES L, AT ELEFE A TE LB Ed NRILEFE

ZAL A% > DU 7 EE 0T 70 S S I RS ORI H, X FiES

!

1k, BaWlLasE >] BAA 2 A2 W55 18] R 15 8% o<1 E A FL AT

1IE ¥ B [ FAS 10 55 5 sl 28 2 > B AL, A58 & —

AR A I ST E BILER S 2T B A
A T RN 2R EH S8 %2 S SR o SEHBOR, W@z R, el




X B@tz=Ed (AutoML) : Bix. ERSHE

MM ZIRERF. SR, ABEXHIAE Bl KT 1 iRER,
FXFE 2015 FE LR FEZE BN F 2 RAE— RKRIZEFR ERRISEAT T 20 HE5EE 1M
FPFAd . F Tk, FERZEFALAA E TR AutoML S HIHL 285 I W 708 B 2415,
A IS AR SR AR 2L T R H LA E X TRE R AR B ) SEERFH = I A 5.

HE M SRE

SIFKFHIZ, Al KA SGIEA, Uber BIEaERIZEZRK
el SEIT

2018 &£ 10 A




BYU

111

i

LEL

K, ANERHLEFFETHKIIMN,

JERBIT, #OK T BERAMK., THRR

FEF 2], 1R 2 N A U AN IS 1 O BEYE R, Wit FEALALGE 185 AL EEAJERK -« 2R1

2 B 38 5 2 T ERI YERETE AR KRR AR T ik & AR BY v SR B
W E R AN P S] . EREE

¥ € 1 AE

% L EUAGE

] EERu, wmRAR]
IR RIMERE, PR ERIEFMIZFEN I NEEH . FITRE, 1

X530 FHE LLEL
CFRITAR B 2 P 2% T

PR

!

WL EREZE. Bt BEEFSHIAR, TEMTFEES FRERE. FEWHKE,
B2 ExK, £ MRENSWEE L, UFELTZRIEAMRE S K AR
FIMBECEZ R, BT E e,

EH AL 2% ] (AutoML) S1F

E UL — P AR IR B . HAs R LB At

G T VESE L B

Rt $es52, AP R EERMAHKIE, AtuoML R4EEEEHE A sh2% ) B E 5% M L

R A
R 5k 2 L 58 2 1 VR UYL A R 0 U A
yg_.

MERERINL e 2 AL . [Rt, H3MlL2s5 > et ih AP A8 E A
1 Bl B HT ML a8 2% SRR,
P2 IR FE4, Bl AutoML, A A#EEIRE E Sl 1 Bk 247k &8

IKHE I 28 27 ST R A

kT

I8 > VA {E

XA LA,

IEWAHFrEILE], B3 AL AR L5 AR EEF ] T XS
, HEEFENR, Baiplass BRI LHERAS

RLEsF T oK. R ER L,

mgﬁiﬁ%ﬁ*ﬂ_f ‘tﬁ%ﬂr %#ﬁdkﬁﬁﬁﬁ%r ﬁﬁﬁﬁJﬂ%%ﬂﬂWUEﬁ%
RKEMEMEER TR FRAFEMERE. BaPLEFEIRZMIEEEREIEEFE K

l,

AutoML &%, TERFAKZ, LV IRFMNEF TR EHE T

-

NS SE

+)

i

L JVERRIRRRT, T HJLE TR IR A 7 HAET

Vi

R H B
HIR ) H Bl %



XII BzzE=E3 (AutoML) : HiE. ZEaSPkik

R4,
j::

mARE E A 7 B &R

SXF IEAERIE & I B Bl 4852 I JUEEAT 7 BIEN A . EREHKNZE, HETK

FEAEHE RIEREF >, FBURZ WA E GRS B s P18 5 > FIpP 22 P 28 2 4y 18 R
(NAS) H ET%5. WRRESEXAR, /RS THR, NAS RE B2 —
MRAEZRB], T E ShilL2% % > SEPR il R B NS A 1k NAS. AR $5—J7 i a] LAY AR LA
o B OB shilés s 2] FEN R A RS AR MR A 55— A Ly AR L
B B 3L 2% 5 > N R B SERR e 8 Sk B R A AT FH 1) AutoML R4, X TS
ZNEHIVBREAWHREMS, LB LIRHEE— AutoML BH 70 Ak AN 2 8 1
M. IBIEEINBXEIRERAE, KABEESN=ARE,

FEoREENEWEREIIFERITNAE, — T UOFH FRASmE B shila8 %3]
iR, —FLUCAFHIWSEILKRNARERIESE . BEUT.

1T 2L HRRLAPAL., BINBFIPRAXERLRBGFME, RN
EFEMFGAINEF I T &, FARLBARAALXG T ZHRTEIN B
PLEA .

F2F T BNBATFLFT, Rolme, wfTAHARFENMIEF IR Fay22
A # BRI F I ik, IHENERTARDMA—AINEF I HF
W — /LS F 3] F RS, R RS EIRE NGNS F 34
Z- L3k 4F A 2GR 64 BT E B 1) .

% 3% £ L4 NAS Frik. NAS Z AR 53 Ak P m L9245, B
A A2 M &6t E MM E E K LAY S W 269 2 XGREMEAAR . R & NAS 48
X O AF AR BRI, AR ARG A AR L, A A — R A NS
B9 i NAS 518 69 #7 5 ik

FREENE THF WA UERA KN BSIVEED RS WRIRE SR EERE
Pl F A RGN HEH CRERRRE L, AJUERE]ZRE. I—RPHET AT
TEREHEPLSEA RS, HERIEmE N XERFGELMESTHIRIERES 1 E
WHIARA T fif. BARIT

HFAFNBE—NABHIINEFT RA Auto-WEKA . iz & %4 = & 3% F WEKA
MEFIJ LA, $HERIFsEF E 9EFFEAFHE L, R FF5Ea
MR FIXBEAKIEAH LT, A X4 7T vl A48 i3 WEKA B %



R pRE—4 s kR, RNERZ—IATRAD,
55 F E RGBT scikit-learn 1E R 89 A AL E F 3] A %——Hyperopt-sklearn,
BB 458 T & T A e T4 Fl 1% A& b9 AR 41

B 56 =B E A T scikit-learn T E L,8 A AR 53 2 4%

gl 5 XIII

Auto-sklearn,

Z A %R TE Auto-WEKA £ M egtkibm &, BIR3E e T — gt dobt st
AL B Fh 6 L5 3] Fv B S S Ry ik, LI,
L% ¥ 5] % % Atuo-WEKA % Hyperopt-sklearn # 1 4k . £ AR E 8B A L,
Auto-sklearn £ A H H Z B TN 6 B SHhILEF

BT ENBRGABEENERNEENREGADELETT RS

% 6 = b4 T Auto-sklearn #= §

5] BeER IR L ARIAT T s R Gt

Auto-

Net, £ BB F I EFE L, —AFHmAY Auto-Net FT ARG FH — N8 F
73] AP 2 W LG R I AR AR T AR F RATIRTAgARE R,

a BﬁﬁﬁTME@ﬁ%%ﬁ%ﬂ%M%m%%?a B AINBEF T 25—
TPOT., 8BmH L, X®ZF AahF I B FTEN ZEHRABHL TAHAEARE L
iﬁ%ﬁ%ﬁiﬁ%ﬁ%@&mp F 3] R,

B RIOFNBAFIARIT AL, ZAARD AL R—NEARESH . TR AR
ST RAER MR IR T ERER L, LATERNE, ZARRBLAARIES

09 5 X AT & Rt AT &K, BUFHE AT 3E

A, H=FK (BIZ 10 F) X H 2015 F LK

MEF3]HERGE K,
H sl s % 2 R G < PRk 3R 1T

BRIk . /A EPRAZER B 1R d Ak F e v vt A SEPRAE 55 RIS B4 FF e %
MR Z &ig P Hk R ERE R T RATTE. B 10 EFMANAXEREZE, UMM

AN R ER S R B 5 a2 I E SRS .

R E, ZRE-AEENEEINBEFEIRGENH Y, FEATEIVEF

AWTTE LR R EEPLa8 % RGN H R
&% B 28 AutoML R GtHT & KIE s AR ATTEA,
FAREFTHENVFELA RGN FEHAANET. B3

M kbl . A< 45 BE W8y SE ER # fR At
A B 3 it AE w6 PR S F 21T iz I PLES
HLEsF IR K EIE—HT &,

AN BB LI A PRGN AR Z HERETHRNRE. FE, RAOHEEMEE

RERS B XA, A H & H KH B 3485 > AL

C

1

L)

O BEE: ABEVRRE-ALENBEINNBEI RGN, EFFHIEIES, F - EARHR

AR, FFE e .



X1V Bapflgg=3 (AutoML) : TiE. ERSHA

2059

B A BT HIER, WA AT Tk AT e, Z B evE R R . [R) B, /B« RR
AR 2R 2020 BF AT & GBI H 7 AARBRTIRAEF 3 HFF (3527 ERC B34, %
&S T16721) .

BEEHFEXRFERIR, = * T4
EEFEAKREZEHE, - BFEX
M=REERETIXFEMBHR, £E - AH=
2018 £ 10 A




sl 2 pLds > Jrik

1.2.1 thfesER7TFE: Em5H%M e b
1.22 % HAFthAL
1.3 BEE#EshL
1.3.1 #RAHEESHMT ZE
1.3.2  TUMFETAE AL oo 8
1.4 ZRAEEN A
141 ETFIHE&FAHEEE e 14
1.4.2 #-F Bandit 8% # % %
143 BEEHENMEER . e,

1.5 AutoML HJFHIR N FE

1.6 HITERHE v, 20
1.6.1 FEMRAEEER o,

TR B AL oo

#####################

1.6.2

Jiy

165 1EER WG B E oo,

2.2 FEBIPEAE A 2
221 BT TFAALHEZE e,
L b S
R 2
224 ZESITH B e
2.3 (RS F
oL 1
ETHNESHB M TE e
TERET oo

2.2.2
2.2.3

46

iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii




XVI Bapilgg=3 (AutoML) : TiE. ZRSHA

241 TS s 5 %3% mﬁmggggmggg .................. 68
242 Sx i ZEMEHITLES] e 51

243 IPNEERZES] . 52
244 FETFEBFT e, 54

3.1 G|l E i, 68

H 2Bl 2] R4

g%‘ 4 %" Auto-WEKA oo 86 53 Scikit-l.earn ﬁﬂjﬁ% ............... 103

4.2 VEB TAE e 38

422 BHEEA e 88
43 FiERFSHESMMNES G

(CASH) oeeemmemeeeeieieeceieeeneen 80 S 6= Auto-sklearn--------ooiiiiinn 116
A4 AUto-WEKA - eeeeeeeeeerieeeieeeeeeeeeaaen 91

4.5 SIS IEAL e, 93

6.1 G|l E oo 116

6.3.1 TTETHE oo 119
6.32 EREEFHHE i 121
6.4 Auto-sklearn ZRZL - oooeeeverrerrnnnnns 121
6.5 Auto-sklearn FXf ELiRES oo 125
% 5 & Hyperopt-sklearn-----------...... 101 6.6 Auto-sklearn {0 PEAR - 127

6.7 Auto-sklearn ZH4IVEAH 53 #T 129

5.1 G| e, 101



= < XVII

6.8.7 ’fﬁﬁﬂ }T}"ﬁﬂ ........................................... 134 8272 ﬁ%%ﬂ:‘ﬂ‘%%ﬁ 1627
6.8.3 Auto-sklearn %ﬁﬁ .......................... 135 8723 ﬁ:{t%ﬂ:‘ﬂ‘ﬁ&j%ﬁ 163

B TLRR oo 136 83 SEISZEEL ..o, 164
84 MR 167

I R e vevreeerrnereie e, 168

7.1 GlET i, 140

1
JUY
{e
il
T
&
%r-l_
=
.
~
o

73 AUtO-Net 2.0--eeerererereierereeenenenenns 144 0.1 G| oo, 170

7.4 SELG oo 151 0.2 Hzahg it HBFEALER] ... ... 172

741 HBIFA e 151 9.3 MHAFFFEEK ST 173
742 AutnMLﬁ%_bﬁﬂj%ﬂL ............... e 152 031 ZEEEWEE e 173

7.4.3 Auto-Net 1.0 5§ Auto-Net 2.0 &7 %t tb,---- 154 9.3.2 FHERMIFALAE i 175
7.5 BALE e, 155 933 AR EARETENELR 175
S 20 | TSNS 156 034 HAEILEL oo 177

0.4 HABBHBNGITRG ----ooevvvvennees 178
9.4.1 FLHE o, 178

8.1 B = e, 160 0.4.2 AFHEER oo, 179

H 2Pl a2 BE AR 2%

S 10E Bk E ST --186 1024 HEAHEEEFE .o 193

L

10.1 G| T eeeeerrrrrerriiriie e, 187

10.2 @A FIRER oo 190
10.2.1 B BABY FEE o oooveeeeevereeeeiieeeeniineeeee 190

10.2.2 AFAFEEE oo 191
10.2.3 BBHEALA oo 192

10.4.1 BRI FEFHEZKIE oo 201
10.4.2  FAHRAE —oooeveeeeeeiriireeeeeiriieeeeeeinnns 202
10.4.3 & 3£ 2015/2016 F By & ok Fa B ... 205



XVII Baptlzg=> (AutoML) : Gix. EFESHkK

10.4.4
10.5

10.5.1
10.5.2
10.5.3
10.5.4

ek 2 2018 B oo 206

Pk 8 FE 2015/2016 E 94 oeeen 207
PR ZE 2018 LBy 45 4 --vvvmerenneneee 209
BAEE /SR e 210

10.5.5  TLEES] covvrveerreeseesineninneenieensee e, 217
10.5.6 Bk KR FF R By 7 ok e 219
10.6 D18 eeeermmmmreeieririiii e 294
10.7 B 2726



s
Hilt#2F I Bk

@ e
* &
. [ ]
[ ]
. ® *
[ ]
L »
o
‘ .-l l. ..
» L ® .'
® ® o




G - I ) N 4

ChNOIIT « h @, JB il . R

Bik: HFER, REERAVERFEEZERGONSZIRBERG TERFERFONARERE, W
EHEFIERMREMENE, TRXUEAFEANAERZS, RETRESMKMA (HPO) X
— R BERA R, AFERNEWNERNBSRAUEXREZHRTNE. RETEF, AFT XL
R ETRBRA TN HRAHERRELN T E. R, REIAFNINBFINAFEK
ENIHERE, RARNEARMTEEZRAMBREE A A THRIULTE, AEZEHTRER
NARGXRESP RHBBURENSRAEMRMT %, ZF 2SO IFEHBS RN RERN
MR wa, RFERT S KW I BT I F] AR R K T W o

|I|n1

2L b, B MIEFARGEH2ABS, IERKEE LSHEHREBS LML
P REVE RE N B 8% 5 2] Sidsiim A 2Rl B ZEHE S5 . JCH 2T 2 48 F IR
FEME Mg, HAAERRAKH T ESrEEE, N, IENMESE IR 5%
H 3 Z L4 (hyperparameter optimization, HPO) TESEPRESS A — LI E HE KM
FHAME, Blan:

s HPO B AR EMMBEFI ML EGAANINEZ, XEAHINEFIFLA

TR,

m HPO g i JhL s 5 3 F B 8o E R T F 7 P A 7 i A48 & ka9t .
BA7, SRR (4o Lk [105, 140] ) £, A—SF BB F T L L
it XAy RS ERAF T #e e R,

Il

© LBFLH - ¥ XD, =5 - Fh
EEBRERNFZTEIBFR
Y HEFE: feurerm@informatik.uni-freiburg.de.




F18E B2 3

HPO #9832 A F om0 A AT, 2m 5 0, HPO WA A3 &y 5 0,
TReE RS, HE R, HPO e 3t Sy At F a5 e o -F e, B A BN -F bt
BAER—/NFEMERB FEGHL S, N~ Fbiasy X iz X e 5 i 6 o
kIR AT B AL AR 14 13

HPO Ja] 8 18 57 8¢ 5 0] LLIE 3 3] 20 tH22 90 AKX (nZ=2% 3wk [77, 82, 107,
126]) , Bk T HPO WA E L NARKBEEEEELLRTFNESER. M@
ik HPO 38 A 1) A2 8 B 2147 7€ 19 B A s b S i 2 — AN EEBGE AR A B0, Ban 4>,
R AR AR5 38 A 8 & i 0 1Y 8 2 1 6E e 08 8 Tl AL 48 5 > PE 3R 1 BN s B O 1

-ﬁb [100, 116, 130, 149]
. o

HLAS 52 >3 E Tl 7 19 b FH Y BB OR B , A543 HPO B 26 2 1 e Mk 4B tH BOR #K,

E TN R ME RS EZE . 226 =, HPO AR LA
R

Rt

T H W, ji B HENLZs 23] =

e

EANAFIHCHER
FHI—&fr © %, BE HPO H S 2 —Fh

% 19,

ARIENHIE, HPO B & primim i) — 28k 32 HPO Hv UL 22215 R & X .

Xt 1 3 AU R 11523 1] LA — 28 [ 15

ERROGER (wREFT )  ALONBFIFEREREEE L, JHK
a5 AARMBALE K,

RANBRAETRBFTMeRAALLLEERS, BAREFELES, wiE SR
B, EANBB A SRR, BH, EEFRLAFY, RAERA A HE LML
m%ﬂﬁﬁmﬁﬁﬁm%ﬂﬁ,maﬁﬁﬁﬂﬁ iX 3k B Z AR R ) A2 B A Ao )
T AESELE o IA) 0 B2 JE e dfE

— BT, REHEERABARE B EIA, B, EZBREALAR T,
Bl AR 200G — Se P XE VA AL R B AR SAARAL, de R RAG O A R

WO, FIETINAHIEEGIE, EEREA P, £k HBEAAR RSO,
LAt HPO 25 3CHR, 25 3CHR (64, 94].

lI

ARELEWINT: B, 1.2 950K HPO #h e \1tk, FX0F HAH SRR ZRKFHAT T 018,
BTk, 1.3 WEENARMHPO m@) BEMNAESE: ME, 14 TTEANAZHRE
FEoR L, ZEEEE R IYEN T iEmAE SRR VR TR B E R T HPO

38 FE

uHE, ¥ HPO HEizHBlEHEMAMERIWER . A7 ikEEzExt HPO F—

PNENEEMINA, 1.5 a7 —EREERES I RSE AutoML L 37N K

PRI .

e, 1.6 X — S FF RO Al AT 1 iR




4 BuflzgZ3 (AutoML) : TiE. ZRSHkik

1.2 @ @& & X

P ARZR— N RA NMES KSR FE I FIE,

WS E T B A A=4 x4, x---x 4
B4 AL 28 22 2 VA H A, %ﬁT

M E RN Z, FER: LHTE, MEIE,;, BA
B8, —{HZE, 54 HETEILER,; KT E, miiibas iR, 7F

RS MRS IER MR T RA RN, FALH IS 12 1. 190,

itk 2 b, A5 R 2 6 th T A
AR, B MESAEEL. RS, &b
I, KUEESERE, WEEDEEHIESE S TN, RRABLE

, ISR ESEE
-2 [A) K AT B oA EIR RS o TESE PR

Fn NS HE SRR RN 4, ITF
. SRR —HERERTAREIcd, HSE AL

UEE_: ﬁﬂlﬂéﬁ[ﬁ{]
SERRES

T2 1 H & BUR

L FE AL 28 272 5

ﬁ(ﬁﬁﬁ:ﬁﬁﬁf*ﬁﬁﬁ%%ﬂi&f@ﬁ, XK SEREE (FMS) A& FHIEER

5B MRAL IR (CASH) 10 3¢ 88 140

IS, TR R R E
ESHIEZ RS A

Nan, FEARE RN 2
2,

LEBEE D, HahEZA BisEa:
J =argmin E Dy Dog D V(ﬁ A.D,_. . Dm,d)

AeA

HRIHA,

Hr, V(L.A.Dpy D) EEARGRAFBS 2 MHIE AL
8 D, BB FESZPRTAES, REF,

KT RAEHE V() e i1 4% 2 i 8 o

TR R BUHAT IR ZETH R (iR K ELH
RO FHEAT 7 MEEAR . 75— 8%

EXHLES S AT IR 0, B E R

) o fE

= E PN

] &jﬁfiﬁg&lﬁ&ﬁ;

ZE I W AFE R AF 28]
MAEAMERERERTHETIEN, i)

Ml

(1.1)

=I5 D, A5G E %L
1B R EEAE D ~ D EinfeMiit (1.1) B

1 P45 E ]
[16] =, Bischl SEX} 55 1E 77 = HIAH
FH SR BEAR VA B 1] (X SR, RAERE X BRI 14
B8 1) R 0 BV AT B AIE U8 102, 17,

{1

N ERMB D AR, ARt REEN AR E, 1.4 TaHAN AR

98 PRAd B 18] B S PR RIS o I — 2855 -
BT 5N A BAR A 3 B S R B AR (1.1
T HPO WAL 2T, AN 7 B4 X

A B LR —MENE]

X L BT
H bR 24 S I 25—
IR R,

~ZAESS UL M R Z YR U4 1N AT, RE
% PRt R BRI (5 R B
TERIMPIPLAS I EA, SR



F18 BSMH 5

1.21 RUBRBEER: SR5SBEMK

K AR ZBZFR RN BRFEARRKRMEX (1.1) B, —&FTEXR)
KAV ESFEAFIEA. RTHEAR (1.1) +
/MY B IS AIE T B AE

BRI T RIS IR EIA.

ELbRF RS, FRAREF - DESE BT AFE IR T RIFME [E, JTH

1 Z HHEZ &,
H ) argmin ¥, AJULEEMWE —1 He%
4R Al bR BB X 2 AT IR > (SRS ISR AL 2 R A
BT o ARHK Guyon S TAE B0 K Hodr () 228 T AR AR A deias B i iz 77 220 DLty

e E HPO BL K AR Z WA BCER . TR ENSEEGMR—1BAE, i EERT =AM

g oo, 5 2

;E:

IR TCAA R

SR I EE R 10 9 .

AutoML R HIECE 256 (40 FMS 8t CASH) 5&% B KR,

- BINIFHIECE I e 3EH 21, AR EER —EEE L
NiHE—BIFRFHAMRE, Automatic Frankensteining!!*! & 4% H| K

HPO AT HPO 4 BB R % B 25— B s &Y 16, b f5 SR AE S 4
B BRI R AT HE

#IH AL, Frvh e iER 27 HPO BB F 2 G IN FHERK . BIRTELFRMES T,

XL TTIRRE S

IX AP B A

£ R B 4

AR TR RE, (HREEARA N ERETI . FEE,
ET X EAR R BT LA, REWS S R B B A SR BT vk 7

B Ja, RN DI RS, W] PLE X LA S BRI S AT R
i AAL B8, DU RS2 B8l ) SR pr M B 56 DU Jy 10381 S5 05355

1.2.2 ZH#U

[

7E 5K R N A

= AR—

77T VA B 33540 R 29 RARAL 5] 4

o X REMARIBIFHMMR (e AFHAEYZKMA) S,
1.3.2 % ( Metdifede ) & B ARt dm T HEAT

A L E

% F Ak

1, ZESHH—MIEE, TEXNZANEHRSITHE, mEEMERE
TIRTHFE 69 (58 3 |mMSHATNHA) , RERBNRERE L), BRTRE—BRAEP.

2y RALFE
n BFET, F M, TR S B AL B F R TAT ARG b BAE 3T, B —
ERRATFH S BARBLE e, T TMEARLWNE POET—EE,
RELED —ANBEBERDEZIANKALE A7 LK TZREGHE L., FETITHRG

A4

% B #7694



6 BahthsE=F3 (AutoML) : 5. ZRS5HEK

M RFEMEZE, TUAAEAMB LW EPRIR—/BAIEA % B AL B E

st R RS ARG iR E, TUARA i AE LEk [53, 57, 65,

1.3 EREEShit

— M =, AT — AR E A TTVEAR AT LARY,
B FiFEE RN FE. AL, USRS EIER D =Rk E
RECHE IR FEM. PR, ATEENARERNES

AR E N A TT %

1.3.1 RERENEZSMHALE

R 18 & R B N AL T HPO J7 %,
HNESEEBUEM A RES

BEREIE “ 45

e 1 BR B B = AR R 0

FEALE R 130 BT DLAE N A48 28 1) — A ] B2
FIRNMFENERMEMARNNIE. 3 —SESHE
EX AR 1 6D, B

XME B FHEAT K E
LS EN (RESHZAFHLL
2411 = é’%i@ﬁﬂrﬁ{k#{ﬁB SN EONN, KAMBHEERE,
A6 2 B B9 A R U

”““ﬁjjB,ﬂL%'i%—

IR AN E
25, BEE MR R VP X 24
RAE” W, FRAREPENRBERBEELREST
2R BRE K. MREREMmIEE A/ HE, BFEEES S BIE

REYB . WEFR

*Wi‘%iﬁ%‘b N b

HRH
#Hﬁ“lﬂ%@ﬁ

E EWWH ’ __‘"L
RINEPEFEE B ASIT BT
LR, F T BL— LR R B R T

aﬁfg

L5

1BEPER, &
L R R ABENLE RN EST

1% HPO [\ | . e

134] .

] AR ) AR T

RABTS

AT it 1o,

SEHL,

=

] EH /D

HPO 7%, M Ja 4T

HEmE, Bt
EHE R IR,

ZTCEE N,
8] 24 & 1 38 0
R T,

ERIERET

A@?ﬂ;ﬁu

1PN

&

pit

B4 B S, BELE R CARELE 7
T 2L R A —
AR R

DECE A ES

i3

HIAN[E]

<

1.1

FEAL % R B — P KL H e B & LB AT AT R & B =R

O fEFLERG, XBERAREIER .

e (workers) TEIZATILREH A5 HAh~

A FRaR, 1SRN 0] LT 371

EEENMILR, a7t

C e TS BYEiE A
THIsH; RHA, T7E
E—NBE L




BRI, MEEIERNEFRIREBORTE, [BXF5EME DOE R 2 MR R

i

FEESN

e —

[E3: ALK B brR s MEEHE —

FEALEE R 2 — AR
AR R, HIESR 2B RIFERAR T, BRI %Tﬁﬂ?ﬁ e RS I L

=R BE AL AR O Al B N R IR AL SRS &5 5 7 — 2R 11 HE 9% R UEIR1S — /b

PRSI R

e

o
BSH

H

ll‘“l

—

E1E BSMHLMHL 7

BEALFE R
“ O
i o ©
L
BB

B 1.1 MRERMEEIE R L =G

A I ZEHERE R,

NMEZSIN— PN EEZS BRI R B ZERIE T2 30 [13] 1IE 1.

RN FEDLE R A X IEERA L2885 > 5

ISR, 5 —J7 RN 1 A %Eiﬂ%?ﬁ*”ﬁ%?ﬂﬂf?” O, BRILZ A, FEPLIER

BoE — M ARE R H T ERZIEVSRNR TR, BV RAR RN BN E S,
Hae Rk EtRaEESEE. R, BIERBEESE &AL, TEREMERT
BFUEERTE, BIERKE —HAEREENESEEREE R ELREZ N E. %

glims, SN—PTEANMiIREES (SR FEBUE, HEBESMR I REE )

¥ B B 2 18] P R AT AN

ZN_I '?kﬂ ﬁ;ﬁﬁ! ﬁn%ﬁ%f

Bie]: H%, EiR—APEEFIRET. HiX,
) P B8 i B 45 R s

B2, WRMERES IR

FERS, N T IRBISIUE, BEVLIEZR & BOOP G B9 E R BN

15, RS RKI N ESIE A FTFE N + 1 IRR B

R THESHETES, BRES A IZ
IREREERA [ R, W E AR,

RABIKAFTEN 1 REEOHEE AT KB RN E. — KNS, EEFRENETH
R HITE SRR ITER BRI TRV R 7k 1 14 33, 90 158,

FET R (i R RN TR I BIESE) AT PAZEd — AN FhiE
, FEEMAZR BIEEIE M3 MEAFE# 21T

(Bi— R E LS

lizmlt

LH) FFBRBREEHOH —AMHE (MRLEFNESEERE) . IEHTEMELE

BN, FF BREWS A EEA RSB B . PRILZAh, ZE TR JTE R LLIFAT P ia 5,




8 BmitxE=3 (

T ﬁﬁxﬁ

i A e
) — S N

=irwES Il

VR A %X AutoML

1.3.2

Nt & — Ay R E R BT £ RSO R AIESR, Tk
NERZ I FEAIES T (U
=T LS AL B i 3

HPO #isk 52 2 3K153 7 KE i,
TR A 2 1E = AR 105 )
MEEER., Bz, MRS AR R SR EEE T Z1&E

Jg— A B N AR R BT BLIF T
S R Y7 2 AL AW (CMA-ESS!) R 3%,
SR M — 1 5 76 6 7 5 AT R

— AR AR B BT

AutoML ) :

M.

M ERE1E

A

% ZGS5Hkbk

=N Gla% B BT PR o

H
-

ifi0E~ S

53 BN AME ML LR HE R _ERIAE RN
BB A B A R B R

& I IR A

F I

&

TR ER AL RO BE R, AT DAAF 2 1) B2 SCRR [135] ATSCHER [18].

(1.47) .

R,

£ DU AR A O — S il it

EANT, B IH TR ZE A, St
R VR IR ok A4 G B A (B A 29 RGBS (R )

—1

ra

irh, OAER HI

1. N HEr 4L & o

Nt 2 —Fh A WA R ERIIERFEE: SR AHEERERE R
CEHATRE P MEHEEIE R . S
A B AR R H B MME AT I E . BEJE, K3
5E /A [E) i 328 K A ) B8
KEE R Z R DL S
SRR B, (BT

KEREE

2

AR PR,
RE

, ]

AT K4

ED) 12,

%t

NP Ib )
F ) i Tie &,

RH

AT 15T -

SR BERI TR
, ZIGE WA ME
E#ITE#H. A4, CMA-ES 2k H =
+ FREMAZEMEN K (BBOB) HrhkFE 1Y,
PO TT R4, AT LAZ25 S0k (28, 138].

AASE

%ﬁ% [140, 141]_‘
Ze M 25 BT 1 i
1. BEIRA

%, et wESMAE T E

s R A S DS

-
=

Feis i,

SRR TR AA
HERTH

)

BB 2 X SR A 2
) T 53 A1 R 1R
BIFEEEEE KT
KA B NS -
TR E R B W EE & (Expected Improvement,

JOé&AAﬁ%ﬂﬁngﬁE
T AN NI GF 2 ) MESEES M DMt 15 19,
sz 5, M- Hr it 1R 2 it B

ﬂﬁ%ﬁ%$~

RERHFEIZRZ

AN, 1.5 7

o o5 8 H

WeSliR ik

—
-
L=

ZE:l

H .

5

125
AP X HPO #4704k, 1HR] BLE NE 5 b
13| HPO Lk, Wi RERZE. FrZERE. Hr R A8 IR AT L] 5



F18 B2 9

E(1(4))=E| max(f,, -».0)). (1.2
FHEFFEET, WRERKTNE y £RCE A LW RIESS A, IR DU
=T EL

B(1(2))= (o —ﬂ(ﬁ))@(f ‘“’“f_f (A)Jms{f mn (A)J (1.3)

]

Sorft, g() MFREIESERL @ () WS EEG S, N2 ATRAF R
J9 T AL R DU AR AL — A LRI, [ 1.2 4t T DU AR AR — A e
.

JE A E R

Bl 1.2 B4R MR RE

Ed: Hiridid s AR ERE (RMMKEXE) RiELHRRH BEHS) M REERE (W
WAL, SELRBR KX BERRAHENE) - BiEms, L&, WG MR R ER D,
BN IR E B BLE TN R BUE B B E B AR S FE, SR8 IE r 2 5 8 A7 12
AN TTZ, HeAWEESEFEER, F—RKERET DEFUMERAGWEET: THE, 524
E bR KA TP AN AR A EE, HE5ER B ErNiE, AW % IRE s R FUHIE T
IRV S AL AT .




10 Bnize=> (AutoML) :

T

2. KIE{= A

—mE, WX,
Hid 72 BE 98 1R 47 Hh 55 1
i A5 i A2 1 1) 22 4 v B 0 A
Hid 72 G(m(2).k(2.2)) FE
SR, s

- fi i

ZI, j:__@fr

43|

R E— i E

i RESHkix

TR 9 A A AT SR A
i H bR R BT A, BRI RE .

(BRI B m (A) AP T7 ZFE R R E ke (A, A7) R o %EIE
XA NFER. TREFET, ¥

p(-) 77 ZTME o° (1) KTt E 7 E T B s

sl

T )

H-

;E,Irgr_.

TG 0TS R 120 e A R R AT A
AR s L
AT AR

u(2)=kK'y,
o’ (2)=k(4,4)-kIK 'k
b, kR AN 2670
FFE; y R LI ek B

(Markov Chain Monte Carlo, MCMC) #3433k 15 140,

HAWEZN R EERT
B _ERR I 1 A v v B A2 1
ALTE
ML E A iR . Xy ks AT,

BOP LR E.

MIRBAZHEE K .

Bl

= ]

AV S s R(ENE

i

SRES . R

rﬁ%z

IEIE?KJ

1K

| R IR B 5

BT RE WS AL AL BEAL SAT KR 28 1= % 164,

77 THl /& AN E
ﬁﬂ“ﬁ [104, 154] .

HA e 1 = H ol A2 19 55 A1

[IEGEISCEANEN

E*z [40, T75] %

w R HEAYT
FIRFIE SRR, R i Ja B2 0% H AR D DL B e i

RARA ) T AL E
R, I BE LR AE B A A

[153]

v FE BRI B B 25 1) B

£ T4

FEBERAEFS
HE b, &

] TRAE

(1.4)

EZIEIEI"JW%T%[?%- Kﬁfﬁﬁaﬁz{ﬁﬁﬂﬁﬂﬁﬁ}ﬁﬁ
10 ¥ 77 Z2 1% BR U 7& Matern 5/2 #% BRI, ﬁﬁ{fﬁ’]ﬁ

SEE R T 7 ZER% R EL
_% R BERBESR AT R

R — M ERTHRESEHAREL T KRR, IE—ER
I 3F

1TI8 H B =2 PR B LATs /D R

% 1) i AR I e A] LgE e iz A 2,

— AN LR KA IR E. BT,
L AA REBZEREZEHK

VBN RRIEU e m g e, #
X 28773 SR E il AR 59 UM Er R Ak 3
AN i XX SR AL T
AT IRHEE AR, R—7 mAX bR HPO H&)

F& 2| B 2 1201
WAAEE — N, —
RS Y E RSV Al il

=
B JE M P SR 1) SR i 1]

]

IR A e, BEAER M A E &

TR ZHLEE % SRR AR L i FE 58 B RS A a] 3
B TR IZ &L 4822 S J7 R B B I Er iR A2
BV 7. BONTE &

A

JETE,
B,

KA KERHFFR L
RS 2 ) 4% 52 — 2R 3E

L) — MUE L T VA R R e g AR D AR E A

A R ek B 1, Bt —25, AL



Ny

AN

{8 /]
T

Y 2% 28

1 BEHLES
Z— DU Hr 2 M4, &G 7V BEWS 62K
LA R
RIS, ML SR RIS
1% DL Hr AL IZ 4T 7E
B aR E A rmA (I
PLE.

H, KZT

[—

- K

ENR R

ARCAG A2

AR

B R E

B2 E. fXEFESK, TPE f#
[12, 14, 29, 33, 143, 149, 160] %BE:I{{%T Ejﬂ:ﬁ{];riﬁan

i

.

i¥a

, 1

CBEPLARAR T VR T T

L
- b

U RS TR
b mA s bl PV <)

AR

IR

E1E B2 HL 1

Z 2
2 S RA B RGeS
FEANERES L, AT
H G LEC B D) AR R SEH
E R SE S R & 02, 0T 2 YR DU i ik, 3
- & AR RS B s, oAb, Z A

R HE
E R AR 2 5 B Bl ok A 2
=, FEVLARMRBIA R ST E B 2 & 70 %0, Rtk 4b, BEVLARM I THH B 4
TEdndiE. BEmsE, SaMmi o84 a7 Z8, sinndErE
O(HE) i O(HE) , T FENLARM ) B % B 50 708 O(nlogn) A1 O(logn) o 1
HA XL, (45528 -8t fb i) SMAC HEZE (- TFRENLARM) BEAE 4%
AutoML HEZE Auto-WEKAMIC HAK P 25 W5

HERE
Estimator) &y% 1214 43 5| %
WEN 15%) , ME

p(dy=a)

Pl

- AR

%ﬁ! I:IJ.-'

5 4 %) H1 Auto-sklearn BYCEAR P 25 L5
B A S 2RO IHE y FIBER p( y|A) AFEIAZ, TPE (Tree Parzen
FRB p(Ay<a)Mp(Ap=a). BEEED
MERTWIE. B/, K

[0 28 ) B R

[

LS KR
A i, BE)E

% R 52 FF R ¥ (Hamiltonian Monte Carlo, HMC) 777 1 SR E £l
] DL 3 7 v ok Ak B
= 250 IR BVH L Z I, AP I 450,
NHITIEH . FRIEZ AN, T
% L. ZHmME
FIEHING I
i T R A
T3 AL 11200 fy e 2 o 48 ZE R ] DL B 22 i £
1SR @ vk CASH [a] i 1921,
SEIL DL S LA ) i — M RT B AT R R BENL AR 5. A
6] b 29, e iy i AR B RCR A

7E 11
g

%

) e B 2
2 ) B 2 (]

ERIRAN

LR gllbS
- 72 FEHLAR AR BT

=

56 ),

booff GEE
]—2 Parzen

iPea

-

= BT

{2 Paren {1t &, £ 2558401 HPO +55 &
®Mms<Z, TPE Ak A &R E

A]FFAT

FMFA O, Btz A, TPE W2 AutoML HEZE Hyperopt-sklearn ® (HARHNZF WL 5 F)
B e Rz OHEE.

e, Waefal iR e, —SARENE M St ve XA R WAFEAE . i,
B F 22 P 2% (1) 368 2

1
X,
B

£ 225 3R [67]

EZ 2 (IR [52] H

H, Hord F/E#& ¥,
1, Harmonica /& ¥

i)

18 %€ I RBF AU ROR I B iR
s A 15 RSB R 22 2T R,

52 N 2% 1)



12 BafgE=®> (AutoML) :

3. B E =g

w1, DL
REHLAFFTF
LAk v 7 & A2 A0 I 18 BOM ) 75 5L
RS AE:S UL TN
i R & I

BiE. ZGSHkbk

:%J

142] 7 AR 38 ik ¥
AT, A RBAENAIIEF 3% H
wEUANZ, EXLREE—ANHE RS
TERIZIES], AERAIE P EEAY R E 2
it Ak TPEMY, %5 RE08 N Xt
of T B R FI12KE H)

AN, RN % R B AR A AR 21T ] B IE A E

H AR
GRS

IR AL FE 5T

N2 0] Z % Sk [58] [ 12.1.2
A AN AL 2

MxXmE, FHEEBSIIRRZE—

YE,

- -

HAELL (any
MEZmME, EERFRI

?

[113, 136]

1 G 20 F
IR B

eIV

IR KR ERE N R B SEE R 2. AR, 7
S (INME N2 15 2] R E SRR EAL
#an, M 0.001 3] 0.01
EA R TPNEE

Bl /5 22,

W

TELCHER [4

ENHEHR BEPL S F I RGP KBS

AE 8 R 4f i Ak 2
Al A B AT 5

Lt E

kR 2,

E{J*ﬁ%ﬁ 4, 12, 63, 70, 92, 96, 146]0

4. SRR

SE Fw ) N
WU ) () 141 431

-—

ZNHLERF >
2= pRUE SR A] LUTE

BEANEHE,

AL

] HPO WA W],

UYL -k 7 v £

1 R P HFEE ST FERIZE, WA 7 HFE 139 149,
T Za s Y RS . 141,

A

H #5 iR BV 58 2 J5 4 e

ARy it

L

i)

AEIRTS

*":é 5} [43]

£ 5%

DA K #5 N ] .

T8 2 R 2 5 0 2 10

A N S TR B AL

2 [6] [ b 2

— MR ERE RGBT 2R,
B[] B4 1491 (35 4 BRI

Ml

MEETERBIB FOSE, 55 EME
k. B
an B AL AR AR 59 A1 TPEN2 &5 073k, AR,
2, BTUE RERNHTEST

H ) L

S BR AR
AL L ATBLE
AL 0.1 51 AL

X F
Ji:

EHWANSE N

iﬂﬁﬁﬁﬁfﬁﬁé
1 PR HTE XA R, A
. BRItZ A, WRTLLK
ST RN IR A
AT R IR AL
] 315 FE ) DLt
o AL, B ENLABENL AR SRS

Tt

NEE AR BT B 2

I

v [18] 44 3 -

B 5 B 2
5 6 BHLNAXBANE) .
A TR R KA. BeE 2, WL AR AR RS, R R TE
WP, SCHF I R B

Il RIS AR

Il 5[] 11490
LSRRI 5 1
S b, LR AT CATRT AL Bl — > gk CRIRRZI BRI HRL 2L & B8,
, BN LR 2 R R A 2 N AR L AR AT (8] 29 3R

1 SCFF IR

10 A

EER
R R

&

6 HEA =R
WIS, REEE
HT =il 78
8] W T B

]

i

M7 H
K NTE B AR > i,
18 5 1 BV A

i 18]
&= 1]



EF18 B2 13

i 8 29 e 15 80w 2 W RN T B 7R 2 e X— AN ETHE (B FEERME T
MM RE—FEED , FHHZEEFENRBEET KA & B 45 %9 199, T B A 2K
MTEREERNBER NS AR RET R, R SRR R R 22
AR KA HIESECE 1 * 1 %,

BiAE A BB RERE, MU AEZR v LLREAS H A5 B 0P Al A1 20 SR PRA
BT AR B A ME T — IR A R (RIZRECE PR ED 3 1, JEHZTE H Ar ek £
PRI LIRS % B BT BT H B A E R BORR, WP EERITHEMEE VRS, Wik
FEFR 2 P 28 [ PEREVEAS AT A 77 o B PP AS 3 BT 7 BB 8] 22 57 BN .

1.4 ZSEEEMRW

AWK R BB B R ERES IR R E MR, FAE1{ER[ HPO
R B EHREEHARN B/ E R, 4, ERIENEIESE LR R 2 T —dEsRE
2k, 1R Z it JL/NE 2 TR BR8] B9,

IR N RN 3 B ) — FhE L R 2 AR /NI ) s 7 4R 0l i R R AL T BORIR
ZEBSGES R E, P RIIZERREL. WD FEE E . R — LA XSGR .
Sof BT T RAESS . T 25 PR B T V08 i 0 B S 2% R B (1 R B B AL ik AT e /b
e 5 K X 6 5 R S #e 4k N IE SRR VL . SR IX el Al v Ak i Re FAE AL B 75 18 17
IFIEEAT T8, HESE b, sZ&RANEITINEEREESETIEIRE.

KNTABEMEWT: B, ARWXEEEEINGRIERE P B 5 > ih 22 2T X0 Hr i

A U E W T s 2 AT R BRI IT A A IR, X NG EH
GBS BN A RES PIRE—MEESESEE N RE T E#IT R e, AT
WETZREEFE#ITNA, XL ERY 3 e IR 2 R EE S B R it
HEEEBWRERE. R, B2 FBME3IEUNZREETERT TIE. K, 52
EVTie T WIS HIEEMAZREE AL, 8 3 EMiR TR ITMAa M2 E R
KR H AL TT




14 Biptzd=3 (AutoML) : Bix. EZESHAK

1.4.1 BEFFIHETNRIRIEE

£ HPO M ZREE HEF, BIEEL M —F k. ZHEE B2 HPO
AL FE 1) 52 2 T S B AT VRS AN AR 82 123, e X — e e HESEE 2 /A
W TIRIE 2 E ISR FES TR R . Lhr b, FIMEHE M, WEPT KIIEEHE
R, F—MESEEEIISGSEF RN, X, fxd—PNEREEmE, %3
] LR BRIERT M EEERRIL (R HE RN B AE R, 7T LAk feit
H—IKVERE)

% 3] i 2R AN HEYE T B R OR BT M ML IR 29, Z T e S] — AN RE O R E S
B0 2 WL b 28 AT HEWT I 22 2] AR R, RN ZEC B AE R TRV SRS FE H P e X
SRS ST T, o SR P e LA B B BT IR I AR AL TERE, (E 1R 25
A, BRiEME, BFFIJMEHSBEEER —1KRE 11 DA RFE =S 2 508 £
RN G . it MCMC J7 701X L pR 2 1 S BUMABLE 1T K0, DL/ METL & 3847
WL >t 2 4 R E . BEJS, R — AT An, 1% 0 A AT R0 RE S5 B )I 2R 55 3 Re
S G A R EE R R R, #mE TR R E 2 S F LIRS RE. EME NS
forr, AR T 2 RN S ST & S, MR TIA MBS N B i, T
M2 BN IR\ EMBEIRE. FHIME, xhERBRINER RSP, JHHAe
%75 CIFAR-10 Z#E4E (A AT HIRIG R ERIE) R 2 ZHHT1& P50 B 22 N 25 15 7Y 1261,

SR, EIRTETENAFESEEZ EAE BT HE, EXHIEARELR. F
SE b, R 2 BR BV E D DL S 22 I 4% i 2 BY, ATSEERA R S ECE 2 RIRIAE R
=, #m, FTLHMEEESEE RN ZER BRI S EONMAEFE TN, MINEeEIR1E w8
W2 g . Britbzbh, AT DL E NG 2 A 2E S 2o /E 0 R B W 28 @Y. BARSELS
HREEAEEMRALTHREM T EEBR T LR ENSEEE, ER-RTIF
T ZE R BIX A F L — A E RS

G—k DU Al 18 B e Sl i 2 e S a3 DU A @ s ALE g iR . 5
BEEZILENMESEEN IS REMR, H—rt i g e AR D REERIRECKR
WEER, BEEAZER I TER (T “B%7 , 8515 . K, NIk
e MARZ EF ISR IPLas = IR R e 35— AT “Rifb” , B4Rt TiIl%R. Hsb,
ZTEWM KB LIRERRRERT BN —NHNESEEH#TINSG. BEmS, H—
i DS Akl i SR & E o WS BRI E RE AT B, R E I AT RN T

pjlit

4

(L




EF18 B2MMK 15

TR I R B R IR T 7 Z R A, KA S22 ) i R R B FE X 5 > il Zedt AT

1.4.2 EF Bandit BYiE

’IEFERE

B

AFFEEXREBNG ENREGRES T REFFENTIREIT A, XETy
EEERETHEEERNRAEEDLDORETHRIER: &5, A7XEENMEE KK

BEH AT 7k,

At

H i VE SR T Bandit SRBS B 2SR EZJH Y (successive

halving) A7 Chyperband) , BINXLELARAKRFIEFEIES Lk, THEEERFREFEIHIE
Pt B mREX L, RN TTEBENAR —BEM B ESXFZ ] g TEE, H2KX
Lo BV A e it B 1 BT G B Y 7 s

5L, BENALZHREE
T e /D B HE 7 & EXT & F
77 % B R HIEREIEE KL
i R 11, s KRB R TR —HBESEE ), XNSFERMNET

R — SRS R 1,

RIEEL, HFXHESEET

:#A'—j{“‘

ﬁ]ﬁf[f%UEﬁ 1491, %}:: E*ﬁﬂ]in f]‘*ﬁ‘F‘ [69] %El!___[r:jﬁ %E‘ _F.ﬁ:%}\ 176] ,—E}

f 2 ST 2 A B AT AL

BN LR —

bl

Ja, ZT{FIMFEENIPHEER,

BRI jE R T —AFIEAIE. AT ENENHL 1R E SN J7 IR 1 B AR

zath 7 BARR

O WSS, SRRk ey T—

EPEEERI KBS . 2000 4, {dFH 7o 7E STk [120]
BT A R — R O (E BoE AU B E B
SEZAEE#ITHIFR, WS EERIE FE LRI

—

fil

B EFRNERE LA T E R R i Hik

[128]

FAGE X BAE S b F TR BLAFRT, 17T LART %

A

it J&

P4
o FZ
2 e
4

fa] A= 2 R EEIRFETTIR, W2 B R4S 8K H 1
SREEEFTE. AAME, ZHREERGENME MRSk BB
M EREREIRE—ERNENEE; BTR, KA
MAE P ERIRE PR —FFELE©C, FREEK—FRUNENTHZ, ERHLTRE,

2

U

fREmEZ, BUATEHEN 2 ~ 3. BEANER SR 00,

% 1.3

, RE PRFIEZENTEN LRI 7. X9, N



16 BzhfE=®> (AutoML) :

3 ¥IEN 8 AN EEE/ECE, BMTER 18.

i, RSPk

iy
1S \
S
0 12.5 25 50 100
THE (%)

Hemes.

B 1.3 EEXTEE E R

WRIFEZE, Sk —L0HE, RE TR

SURFRANIE /RIK T 109 3 JUAP % W1 Bandit 853547 T HuE, SEEERERMA, AF

e fE T SRR S Lk 21
IR SRR, B

1 LT >

ERT R KU SRR [R] B, RS 7 RARL T BTk st
AT SE RN R, Z7%E

L T18 % % 4 1Y) Bandit EB%, #1 UCB 1 EXP3.

BRSNS =
HRELSMEE,
& & =l B e B U R &

fif e 38 AT 2 THI Il — € 19 1) AL o
gzl ABITEESTEEZHIE, a3 —2EZNEEBITH RBKIMKRE A

B -

S
ﬁiﬁﬁmr %+?§%iﬂ:“gﬂﬁﬁ§! 5
IRr &

PUE:

Hrite, 7

7H ¥

=5 |,

ERE AR

Tk
(TR B IO T, Rt
IR ).

—:E‘—_F+ 57

i as

FFIET5

CHRBRAEMR R, BEX

Rl FEmENEESE. REmME, 3

1P 7 BAR AR E 2 N E

TMETERDPIMAEUZAEZHNEKE,

PMECERBEIARARZHIHE. EXLBHFEST, AER

MERE

ARNTEEDHTRE, AR S EdTR

7 0 JE X RS SRR R FEN LB ER P AR ESEEREN TERE. A
INEETE” WAS, BEREDHETH: B,
B ZANRERE. BAXNHRIEESERATAE Ma
AT TR S B R 2w — B T

FEVHAE 7R, AHEE Tl bE L = A R & U
SFEMRFE (REMZMEREIEE TR b, @




S AL H

BB A i BE WS AR 4 M N FH TR BE A 2 X 4%

E Ot BN

B ESUERAFIAESUITT 441 YRR (A RSSO (1 BRG (R CFE ( BUL.

FA 3 R B0 . N FR S, &35 477 BO
ITTENGA: MR VIGRI, B RHE

E18 B2 17

(B & H AN 52 PR T % UK AC B 1T SR g
HB1331 %t D1 - S A A0 AR 7 16 25 B A0 # ik
T AR B VRS 5 v ] SEEL T R B

MERE, IR T I B AL R B e UL A RT3k 15 B O
He. FRitz4h, BOHB tEAG A 7 HATHEIE, FHHBEBNINER — B2 NNESH
] /@i, . BOHB 1) U1 H-Hr 46 2044250+ TPEN,

ES SENCI S NE T )

&2, BOHB K% —MEMAE TRRKREERIEG, HEEREF#ER, HEAEKIZK
BRI ETERNREE. Ad, BRENELEFIEs—EETREEE. &% EF,

BOHB 7ZEALAL L FF R EAL. 4 4% .

SR AT g R Z 8HE B B, #R

T )LF B er ek B SRR, B4h, Sk [15, 151] g5 7 85 A DL - Erik 4k 1)

H—DEGT R

17 HPO #AE KIHTIG1E

AC B/ DB 45

EEEEN2, ZHREE WA DLEDHE
SH AT RIFEERERREENSREFEZ BT, WRLERGEERN £
31T HPO #1EUIBRB RIFHESEE, BEBIREHNESE BIENERBEIEE L]

. [EF, N7 Itk CASH

ftn 77 5 HPO M45 & . GACHR [152]

1411

u

) AR SR R, AT UARIE SRR K S

ERRIEFIR, B4R

1.4.3 FEERIEMNEIEF

ML B 25 8] P AT 5 FR 159,

EE/NTHRITA TR E R RS E WREEAR . LR ESF, ERE

AETs T 45 E KR MME R i HEENREE, PUB SRR EER TR R,

ZAES -l M R £
B Esh SRS Z BRI A, 2
LREBTERAA . [KIRE
F=HL b, AT IR, Z TR

1“-..

27 v V) # 2 vm pl A 1) B B 25 18] _EREAT 04K .

AT R A . BRILZ AN, Z4F

R (EZHTHTES 2 ERENED) .

TS EmAE IR EEA RS RS, WA T
SO BRI (E BB R R A, AR5 MR
EHAEFMERA . BREER HAMES TSV #.
EAR A AR S5 EIRRBCE A 18] i E AL ) T &R 70

BUAMT, ZIERLED T —FHE

55 DU S A8 At AT BLF SRA%R 335 22 B AT R AGAE 55 B AH 5%




18 BaifzE=*> (AutoML) :

7E SE 7R

FE%H, AR
AURFLRE. AT, FioeRE— AR

e ZAE 55 DL Er A4
E L
LR E

FEFERERIF ™ 8,

A, 7T

% R A,
SAEHIIR E K REUE =~

ik RESHEK

%4,

HIK, AR
IREE RS
SIS R

IR HCEE (AT fE

337

AN

E TR

(IR R Z AT A TR f S BE —
E—ERAE: B, MAEBEN —HRE
EHEAR, B8%
TIEE TR .
0 A 2 B B AT VAR, A

e 5 MEEED,

—E, &

DR 578 BEE SR G FF W B Oy — S B o EOoREAT R, X n, {5 818 A vk P /&
FiF 18] AL 1781, Oy 1 7890,

SCHR [78] AR THEME T —NREIRE
PRALBIX iz A B AR A 1514

S5EEHIRRERBERL, T EFERE
K& R B N Hr it ae s )
MFGP-UCB™! FFE 156 € L iR &
H#l, BOCA ik &8N,
XA LR EE K HPO it
Re® H R E

— I =,

AEEIN, HEAEK.
= eE Y IS NN RICH

EAIHATRERT

AT AR

- AR E

15

3558 1]

Lk o5
He 52 12

T

—p

1%

il

FE TR SRS A7 7]

1.5 AutoML BItHXMNE

A4 %t
B — 1t SRR

20 tZg 90

S Bhplas P RO EE N —
I T LR AT 41

FEA, PIFEIER U 107 g
A28 22 5] T H I 4R L RF AR 4 2% 1991,
Fe B o R B A i R 109,

SN ESERE

UG 1E

A% BREL. FHEE
HEEE 3RS 10 ~ 100

11 AE 8 % BB SR 1Y 2 BUE AR B b T 3% 0 i) s AR
R E R, 2AE
e HIOC A N

% DLt S

[X [8] (Upper Confidence Bound, UCB)

REB|ZREKE T,

o
AE 2=

L ¢ 1V
W 2 [ A RE AT

- SC R,

B2
17 HPO HI3& MR AL T7 7% 2 TR

l‘lfl

e

AVAS s

BARE —/NEF UCB ) H ik
&, {HJg4H) BOCAM Fk Bk w e R HE .

Z A . A{EERER HPO B FiH,
¥ ) B2 R A5 R B 2 1 5T
1 7 i AR
HEEERER R, T
fRUERIA K (InEk = 2%
FE VAL B K2 0 (a]. 1 H, 7668 PR HlZ 2 i T
R1F B IFHIPERE

= 1.4.2 FPT T & T Bandit B EE
AE L R T G PR B
P 2R 504 s B AU A ULED)

34T H 3k

, 1.4.2

LS RGHAT A, FEEXESL

. 32002 &£, —ibEHj

AL

“BVARHESEE. B EX#ER

FITEREIL TSR R . £ T 5EVE, &ITih (2004 &) #H T4k RBF-SVM H )i

-1 AR FARE S UL RE B 1

52 /b [ B 18] PY BTG BE 4 1



FRER. FFE, HRPFTH
X (BIZESED KRG EFAE

Fi G B N Z R .. 52281,
PR IEFTE S 31T

CMA-ES & FE-#
o N\ B &
FUIEE R H,
22 X £& I 1911,

A7 NSNS visk 2 7 RFN

E18E B2MLHL 19

1L Bk B 3123 SVM 1 3 ANARFEZ BB AR T

MNASIE T4, BHEREY, HEmRZ RIS T
SCHR [129] K FH 8 4% Sk B B X6 SVM Bl 48 ) 28 A 7Y

| TSR TE 2005 4F B8, FEHRMA SVM ES: C. y.
—HENIFEAE L . TR REMAGERFERE. &, CMA-ES #3417 HPO Lt

YHATAL (FIRFIEATEE 30 4 GPU £) —4EEF 19 MBS IR E A

IRl 5 X SR 2 2 B R Pl A%

1A ER AT N A
=T s

TEAN 5 2

I AR 2 B

CMA-ES E.&#id 1 Zu0 s a1 N Er it T A .
2009 4E, #HmErR 245 B0 HPO o) Si4h B iR AL S B ) /B, BJ [] B & Tl b 2
REBNTEMRKES . @id{#H HPO, ZAERBETIA

FAEIE. BRI RERFEE LRI, AT EE

FAR] AN R BRI 32 T RHARATTR O vE N 2R Bl S B, o BRI RS ERA T AR

o, F4h, EMWEIWﬁ?ﬁﬁﬂﬁ%ﬁ%(%Mﬁ

KR TR 2 REs & TR A E 2 E] . il % PSMS 5—4H & X

m%m%%(WﬁTﬂﬁm%ﬁﬁﬂﬁmﬁmwﬁﬁﬂm.Tuﬁﬁﬁﬁ%ﬁEHM%ﬂ

EHEERTS

Hike

:<]IE1

E{] ﬂ‘zﬁﬁ []45]

FEEATFT RN, DM Hr AL AE

TR TR Y] 2 RICACELE B E B 19, P BLJE R I PSMS
KB AL TR R E B EH, TR TR R RILE R EET

F HPO B2 — AN F 2 7E 2005 4E, Bl 35 % | #5 FiE /R 189

fFREL SIS EM El £ 48105 kM4 SVM S . ML THRRE R, £— 1 EF
w8 F3RAE T 10 5mE;, £E—NEFE3IANNESHEIE RS ERE T
100 fEHIINE . 7ECHR [84] H, FHEZE AR FH N H-Hrii b k2% 2] B YL 282 2] Bl

2 MBS IR

K173 R B E

7E 2011 &
P RE b [F) B AR R T

FES. BEmE, A1)

FNZEHIALE

I—/NE PSS EE, N REBHES (AIEEK
) AT

G, DLRAG SR 5 121 SR S0 D SR 4 B2 A 21078 B #0228 X 2% 1) 24k
FE R MBENIIE R . A, MATEIER T TPE FiEMMERE R T E T

FATE R T . ERE AW RAES L L, TPE 772 BEHL AR UL
A T VBRI T BT gE 14 106]

R DL
AR T B

- S LAk S A 2] HPO |

HE —ANEEHER 2012 FiiE &g e 10, Zig

F Spearmint R4 F

ﬂﬁﬁ%ﬂﬁﬂﬁ%%}%ﬂﬁﬂﬁ HPO B T8 15, B T Ix




20 BiWzE=3 (AutoML) : Fix. ESESHE

JE 22 X 25 A K o B HESE R
5B EFEEAAFRN S —%% 2, Auto-WEKAM (HARNBERE 42) i
1) CASH (HEEFEANESMAHAE) B, £ CASH @i, 9REEREFH

BEERRANEZE, FiAESHEERFFRERE, ME TR I Hr et & 4t

SMACPS = B & T T Al 1) 786 ZERC B 25 8] X S B #HT B &AL

TR, ZREETEZFEREMT, TES2EREFEIY. Bk, BEXHAW
ETHETHE. FIET S ERFRZITREHMRREEILLUTE, @ 0 R

R RE N H IR E, BARENH I EERRA R X R IREE
2018 &, FEIEANFR R B N 7T —MRE. &8 2T NSt 5H 0  4
A7 % —BOHB. %7 EeWBaEAZ AN E L2 2E i AR N i ftie, &
FEXFFRENL & AR B2 W 28 K nmAh 2 ) BESE

Bk, £HXHFE HPO W SERRM I FE H RNOE F A A B T R4 Han Pt

1.6

AT

o RE R T SREE (B R 2 U AR AR B A7 B EGE T80, AR

B R A B AR RGeS T B AR R BAE R B4 X ) , A1 BOHBB

A, Sal. @A BT AT 6 A S ARAL 8 — FR BN T 3,

R RER T SREE.

— R e P AR AR A FHGF B R LT R BB R, BHEMEAAT
o Aid F269 W et AL T B, 4o Spearmint!149;

— 3 TR FHARE TN M, EFEA L TREAEKEG SMACET 3
% TPEM ik, B ACAMNSEX FALH5 LT BAFag k&I 29,

— st T4 R T E) B A EARG B AR DS, B4 La R
L& R RAFE, EF4EA CMA-ESPY

B S REE

FEXF HPO #H47 THITMEYE, FH B HPO BIH UK B B, 478 5 1)

R S P TE R FE P b AT B ie, 1 Rews it — B B HPO, HPO REfGRiE—P K&
w BV E R, B ZHON EE A E TR R E R RE), EARZEIFEA XN EAN
AT . FNEATR TIuF AR, 3 2 EX eI T BARTHE A E R




F1E8 B2 21

1.6.1 HENRNFNEZEE

H25 7€ — R FIE HPO AR, 8 TR EMPIZ WA EEANJ7E S B RIS H
NT A PR AR F HPO Fik, HIWWLEE 4 X T ZE & ok I i 8 — 48 F 1 2 1
MK,  ARE 8 1R 4 Hh vV A Bl & B 18] T B 508 B9 HPO 224k, B REFEMI. R~ T ik
BEE XA — N ERHIAIR, XEREHES 4 COCO (COmparing Continuous Optimizers )
F&: COCO Fa NEZMAREERERENEM o THE, BREE—EH RS EE
Mk AR FE (BBOB) M HFEF & . #%E HPO X%k, HEICEL™4 THESIMHE
HPOLlib 2 F1gFxf DB fb 7 s 2R AR 20, HE, RXMEE KA RS COCO
& IFERIR 5] JIFEZR 77

F Ak, a&*n%%%ﬂiix%%%%t@.ﬁXEE*i%, M 24 8 11 o2 AN A B TAER
AR EER#E. SEEREANERN, FEHFS TS BRNEEEREETRIE
ERRFETRE. WIFENMEREE B T ML AL RS 588, BOAH B G T M
iE 5 e B WA B VP L AR R R sl AR S Tl B HERER I, WA B TR AL
EFE M EEE, FAMs SN EEE <m T At ieds, HRAFE RS
A aezr AL BRI EREE . SEEREARE, AI—PFEZHFHN R 25ER
LT 40 W R BOTRE IRBOE 2 2 T 45 FvEh R E . FEERETIHEARES
FC & AT A BB 18] 2 e AAUAC T4, 3t Re 98 I B SE B AR FP B SR /R oK T A& ek
P A A B, RO EHEIA R R SRS R, A TIRE T ESEN, THEE
T 25 7€ VFAd B 18] O BIF 72 2 24 R A — > 2 SE BRI RRCAS

HEEXEENE, BHHEESEAFNELER TN RIEE EERY, XA
2 IWTESE HHT ) HPO 5 iR S i B & AR 19 E SEERAR A 1 5 — AN R R . 2R, &F %
HPO, HHEIE&EA WiRE 2 210 5O 4 n] A B9 2R Al A B s oo 12 0T — R i B4
— MR HA A EEER ] U P E AL R AR —12%, W KKRNE AR 6
B2 XANFEFATUERNREILE RS ABEIEREITE, LT #EFITHRE
EMHE. J5HEMRAFEARRITHERN, RESMERGFHSIMRARIT R, BN
1R 22 B fix 1] B R AR B VE e AT REAN B8 BRAR, At 58 2% B DT -0 44 1) 1] B AR A 25 7= AR 5%
%E{J:f&ﬁ% [79, 140, 142]n

it

I| I'r'




22 BufgE=®> (AutoML) :

1.6.2 ETFHEHERIKK

55 € 51
il Z N 1B
i #=3K 1T — A e B KB
FESCHR [99] H,
Z LR ER T, I
25D TEBEAN I S50 2 A Xt B
HZ, XNEMKEZS L

b (N /N3

i

4/

JZ AL E
EHTHIIN R IES
Fi 1) 52 55% 2 188
e B it AR
ﬁ?ﬁ%% [5, 10, 36, 37, 93] _

H A% T eeE A —
MM IR R) BRI
. REHTH
ALY IX —Z

K]

iy,

1.6.3 Ay EE

REZHRE

/

] DA 4R AC B 25 8] 1) KD,
&t %} ImageNet 3% £ 127 [y
ImageNet #9855 _F Il 25— fij &

IR EES . ILiEE &
EF. MEEENL, EENIZGERES

LR (i B
H T2 N
F RS EE R
TS fd18 HPO 153 21 S i 14 st

(EIRYE

BREBFHE (NM14THEBHE
1 1.3 T E S A

TCFEATE) REEk L

D RESHkix

1

RN, 5RARSRATRE, 1
[ BT A 2

(SRS AWIIES:

&

e FFEENL. MEML) , RIGER PN KT

-1

EREYRE A

LN AR, BEENER HPO |
Z I MHRFEANNRD T —M it HRIEEREL
Wi s E RIS E TR (—MHFETANFRE
AT I A A% % ﬁﬂi—
e it 1 ET e,
IR E R RIE fﬁ%%%kﬁ%?%%ﬁﬁ
HPO 4k al @1, 4043 50 Ak #0 22 X 2%

-1
REBS FE AR

]

5

ERA

AR

1—f%. iR iEa] AR HE) ™ N
bR AR SR D B, JE R

H| =

] 3| HAth 2 35

LR RS MY A
HE IR, BEEET 1 80 s a1 M Hr it

<

/

FAIE BAEAS T — Ty, HE2
# HPO fE P IHL48 = ) i 3, FIREFR & — L FE B MR T IE. 1
oA Y PRA 1) T
5 22 ) 2% 1) HPO A 5% -
AL P A 28 X 2% 2 1

/

B, Z
C1ES
FERT . PTLLE

-1

EHITT%,
KA HPO 46+

EH@?&T&HE |

- — L

6 B R R AV
R AR TR
E A8 22 ) 48 1 BT A 1

E 5L

5 AL B

-

agﬂ
AN 25 77 i

_.|_||J

il

#) HPO 7 Ae % & H
ERFEIR, bMa g h &
NS Z N 1, o 2 3
AT IR AR R R
K Rv
CAE R VXt 5l Zrid FE A8 XY 8

53 ERKS

PR ERD

N 72

TR 2 i 4

1

TN == 2]
| 2R T2 K
o N T 5k
LG UE EE AT

1 (36

HANH

1, ALz USRI LA N ES

I

VIARFAERZ R

sl S, BRI EAE
FER
- Ja SR LI FE
2 ERENAN
) RIS PR 1] 1) RS BAS TN

FixX B, PR EE
T A
A 7E T WF 18 A2 72

1

»




LE., BRE I ENG T RENES

ln-rrIL

Ll

b2

#EE LR E R, BREERERZ,

% EEIAT I BB, BRI
FEAE AN I AT DU AR AR % (O F 90 T4 02 260 38 40 56 0. 135, v,
O 4 2 R s 041, T Ak 8 — RO T L B A
ARG, (A3 F HPO i, RA—AMGIShE RIh L,
TR RO 4

b, BEFMERTEIRERE BLIE G E
Z T LT W@z ihik.

E18 B2 23

H A 22 O] 28 ) S B ER N
HN R AR+ 2570~
| RIS

]3| ImageNet %

=B RE -

=S E k. BARERICE
BT 1.3.2 /NFiA
CAENL B, REXET

1BIRE ML ML PO, SEfR

CEP B 5 & B BE A

MR ERENMAR T, FEZSWAESMANENGHR.. ENETH BT

%, RBE—TRHESY RAENGE. ENFGiE

1.6.4 JiSFZCE

[ Je) L

GBS — DI R R 1.2 W REMA S, @EXHAAR
BT EARACAR I BT A B 5 iz AP
TR, ERRIBIERESE L, FFEEA

BENEIE SR AR AR R, [E
S5 2 E a5 E L2822 Fik 0T se B BT

REREBSHINSX—HE. LW CUEHRX— &, BIfE

%%ﬁj:‘m& [20, El]

Jek /b 3 0 B — i R B SRS 2 A X B

A4 O

A PR 50 E R £

FHEE

Pl

1A [B] B I 25 F0 56 IE 22 Xl 70 T

. BAh, LIS EAFHEIERAEY (hold-out) VEMAS Y IESF IR A8 A IR SVM

AR A T RE 10, T AR 9 DL m-Jr Ak A e 3 I AR AR 2 ) dse /N TR 2 4

%@ﬁﬁ%m@ﬁmﬁ, 33— o 4R T B ) e 99,

B —Fh 7 = K s B A BE B SR VRl HPO Brdk 2l
fﬂ‘m#ﬁ%ﬁﬁ%@%é‘ (108, 1591, FsE b, ANFEFZ A BRI LME
AWEARERIA, ARPEXFERIESFECCRFREILR HPO 1717

i A /N L AE

WECE, DL 5% hc & W )

SRR TR A 109,

ik () 3 5% 150,

i H A 1 5y — P L 2 TR B B bR BR B AR e s DU T AR SR B M B AL AR 1A, X

it 2 KR MBI 4G 2 B3 S DU B 3 1) R B

TR &ILE, B2 KR MINA o o3 i AR BT i R AT

éﬁ%ﬂ:

(K1 2 N

O 3 FESERN AR T #0248 4R 8 2R 0] R 2 T Fh B 7 1%

H, X FREMERLAE,
12 —AFr i H R



24 B@flzE=E3 (AutoML) @ A ZRSHkK

DL i g £
Fr i EHLE HPO ftikr

= (R 5

O B, R RS
TR RAEARK KA B L

W L H-Hr Ak T A S BB E LS B S 112

MRBEFEE P HBERIE
Fik. A% ENA BRI R, Tl KTE
E%7 € HPO [H@ £, WA R AT R MR BR T
F RIS A AT fE = AN [F]

5L

f£5, HPO [RIBAFE, #H

1.6.5 FEREREEMLE

e
i)

VRPN

N TE, &

ZRBERARK . X7

) 22 AR IE TiAL 22 5795 9F g

b

n @, AJLLERES
2 &R A —
1. SBIRUE, 7ESLPR

L T B,

R X

7] & ITI] 5 o

TORE TRz ERE. BN, FEXX

EHE G, T

ERCRVE AT 1.2.2 A5 AR DU 2
LR AR

H BTNk, WS FTE HPO BARE & BUE ML AR % > & 18 i A A PRI L &
LB ST R (A

SR 2 e EEN AKX
BT 0] A By R 2 A TS N X L 5L 2

10, BARN, AEdESECRT AERZE, #HmEBEHSENTAHERA

FEEH

CYSE

FF (&

Ny

AN

TEH:E
% TPOT iX3

PRAE 55 F

2IH AL,

KB T A RS

NS BRRHERERA
LESHD DLKF?
LEZHD .

— Ml AT HE R T ZEXK
optimization toolkit) [, #4F I3
1384 JE R 7 V5
16, TPOT K,

12 T RV I B R 22 A

ol

I BB TT VR

8], 3 3 FEaHEARSEM R R KA R TTE

EXD) i s -
.

e i

= 51 2

=]

5 8 FH | RIBIAEER)

e E

C H B BN T R A
b, (H R HE DL SR A

I PERE .
JZ 2R FR K ) 7 T )

:

=

.i

AT EERE R (K
R E AL AR

IPPRE B T H A [TPOT (treestructured pipeline
TEIENHEFE, TPOT £
B ECR AT RE B E S . BRIz Ak, DN T G i A A Rl
1% B AR E & %
SEEMETTEZIN, EFE—MET
ORI T RIFEERE. 2501 S, AR ML-Plan A% 101 1081 5 3 5%
Sz, KT\ TRARS

o FESL
| ZRAT

IR RER I (FHEE T Auto-WEKA! F1 Auto-sklearn®¥)
AR TR

E KR AutoML R4, A E

FZPEREE. R, MHEMBRMERETAERER

SRRV, fily » T HTRE L o SRR SEGNRI AR AE « RSN S

A E

1!




E18E BSMH 25

SE 3R

[1]

2]

[3]

4]

[5]

6]

7]

8]

[9]

[10]

[11]

[12]

[13]

Proceedings of the International Conference on Learning Representations (ICLR’18) (2018), published

online: iclr.cc.

Abadi, M., Agarwal, A., Barham, P., Brevdo, E., Chen, Z., Citro, C., Corrado, G., Davis, A., Dean,
J., Devin, M., Ghemawat, S., Goodfellow, 1., Harp, A., Irving, G., Isard, M., Jia, Y., Jozefowicz, R.,
Kaiser, L., Kudlur, M., Levenberg, J., Mané, D., Monga, R., Moore, S., Murray, D., Olah, C., Schuster,
M., Shlens, ]., Steiner, B., Sutskever, 1., Talwar, K., Tucker, P., Vanhoucke, V., Vasudevan, V., Viégas,
E., Vinyals, O.,Warden, P.,Wattenberg, M.,Wicke, M., Yu, Y., Zheng, X.: TensorFlow: Large-scale
machine learning on heterogeneous systems (2015), https://www.tensorflow.org/.

Ahmed, M., Shahriari, B., Schmidt, M.: Do we need “harmless” Bayesian optimization and “first-order”
Bayesian optimization. In: NeurIPS Workshop on Bayesian Optimization (BayesOpt'16) (2016).

Alaa, A., van der Schaar, M.: AutoPrognosis: Automated Clinical Prognostic Modeling via Bayesian
Optimization with Structured Kernel Learning. In: Dy and Krause [27], pp. 139-148.

Almeida, L.B., Langlois, T., Amaral, J.D., Plakhov, A.: Parameter Adaptation in Stochastic
Optimization, p. 111-134. Cambridge University Press (1999).

Amazon: Automatic model tuning (2018), https://docs.aws.amazon.com/sagemaker/latest/dg/
automatic-model-tuning.html.

Bach, F., Blei, D. (eds.): Proceedings of the 32nd International Conference on Machine Learning
(ICML'15), vol. 37. Omnipress (2015).

Balcan, M., Weinberger, K. (eds.): Proceedings of the 33rd International Conference on Machine
Learning (ICML’17), vol. 48. Proceedings of Machine Learning Research (2016).

Bartlett, P., Pereira, F., Burges, C., Bottou, L., Weinberger, K. (eds.): Proceedings of the 26th
International Conference on Advances in Neural Information Processing Systems (NeurIPS'12) (2012).
Baydin, A.G., Cornish, R., Rubio, D.M., Schmidt, M., Wood, E.: Online Learning Rate Adaption with
Hypergradient Descent. In: Proceedings of the International Conference on Learning Representations
(ICLR’18) [1], published online: iclr.cc.

BBOBies: Black-box Optimization Benchmarking (BBOB) workshop series (2018), http://numbbo.
github.io/workshops/index.html.

Bergstra, J., Bardenet, R., Bengio, Y., Kégl, B.: Algorithms for hyper-parameter optimization. In:
Shawe-Taylor, J., Zemel, R., Bartlett, P., Pereira, F., Weinberger, K. (eds.) Proceedings of the 25th
International Conference on Advances in Neural Information Processing Systems (NeurIPS'11).

pp. 2546-2554 (2011).

Bergstra, J., Bengio, Y.: Random search for hyper-parameter optimization. Journal of Machine



26 BiWlza=3 (AutoML) : Fix. EZESHA

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

Learning Research 13, 281-305 (2012).

Bergstra, J., Yamins, D., Cox, D.: Making a science of model search: Hyperparameter optimization in
hundreds of dimensions for vision architectures. In: Dasgupta and McAllester [23], pp. 115-123.
Bertrand, H., Ardon, R., Perrot, M., Bloch, I.: Hyperparameter optimization of deep neural networks:
Combining hyperband with Bayesian model selection. In: Conférence sur 1’ Apprentissage Automatique
(2017).

Bischl, B., Mersmann, O., Trautmann, H., Weihs, C.: Resampling methods for meta-model validation with
recommendations for evolutionary computation. Evolutionary Computation 20(2), 249-275 (2012).

Van den Bosch, A.: Wrapped progressive sampling search for optimizing learning algorithm
parameters. In: Proceedings of the sixteenth Belgian-Dutch Conference on Artificial Intelligence. pp.
219-226 (2004).

Brochu, E., Cora, V., de Freitas, N.: A tutorial on Bayesian optimization of expensive cost functions,
with application to active user modeling and hierarchical reinforcement learning. arXiv:1012.2599v1
lcs.LG] (2010).

Birger, F., Pauli, J.: A Holistic Classification Optimization Framework with Feature Selection,
Preprocessing, Manifold Learning and Classifiers., pp. 52—68. Springer (2015).

Cawley, G., Talbot, N.: On Overfitting in Model Selection and Subsequent Selection Bias in
Performance Evaluation. Journal of Machine Learning Research 11 (2010).

Chandrashekaran, A., Lane, I.: Speeding up Hyper-parameter Optimization by Extrapolation of
Learning Curves using Previous Builds. In: Cec1, M., Hollmen, J., Todorovski, L., Vens, C., Dzeroski, S.
(eds.) Machine Learning and Knowledge Discovery in Databases (ECML/PKDD’17). Lecture Notes in
Computer Science, vol. 10534. Springer (2017).

Dahl, G., Sainath, T., Hinton, G.: Improving deep neural networks for LVCSR using rectified linear
units and dropout. In: Adams, M., Zhao, V. (eds.) International Conference on Acoustics, Speech and
Signal Processing (ICASSP’13). pp. 8609-8613. IEEE Computer Society Press (2013).

Dasgupta, S., McAllester, D. (eds.): Proceedings of the 30th International Conference on Machine
Learning (ICML"13). Omnipress (2014).

Desautels, T., Krause, A., Burdick, J.: Parallelizing exploration-exploitation tradeoffs in Gaussian
process bandit optimization. Journal of Machine Learning Research 15, 4053-4103 (2014).
Dewancker, 1., McCourt, M., Clark, S., Hayes, P., Johnson, A., Ke, G.: A stratified analysis of Bayesian
optimization methods. arXiv:1603.09441v1 [cs.LG] (2016).

Dombhan, T., Springenberg, J.T., Hutter, F.: Speeding up automatic hyperparameter optimization of deep
neural networks by extrapolation of learning curves. In: Yang, Q., Wooldridge, M. (eds.) Proceedings of the
25th International Joint Conference on Artificial Intelligence (IJCAI’15). pp. 34603468 (2015).

Dy, J., Krause, A. (eds.): Proceedings of the 35th International Conference on Machine Learning



28]

[29]

30}

31}

[32]

[33]

[34]

[35]

36}

[37]

[38]

[39]

40]

EF1E B2 27

(ICML’18), vol. 80. Proceedings of Machine Learning Research (2018).

Eberhart, R., Shi, Y.: Comparison between genetic algorithms and particle swarm optimization. In:
Porto, V., Saravanan, N., Waagen, D., Eiben, A. (eds.) 7th International conference on evolutionary
programming. pp. 611-616. Springer (1998).

Eggensperger, K., Feurer, M., Hutter, F., Bergstra, ]., Snoek, ]., Hoos, H., Leyton-Brown, K.: Towards
an empirical foundation for assessing Bayesian optimization of hyperparameters. In: NeurIPS
Workshop on Bayesian Optimization in Theory and Practice (BayesOpt’'13) (2013).

Escalante, H., Montes, M., Sucar, E.: Particle Swarm Model Selection. Journal of Machine Learning
Research 10, 405-440 (2009).

Escalante, H., Montes, M., Sucar, E.: Ensemble particle swarm model selection. In: Proceedings of
the 2010 IEEE International Joint Conference on Neural Networks (IJCNN). pp. 1-8. IEEE Computer
Society Press (2010).

Escalante, H., Montes, M., Villasefior, L.: Particle swarm model selection for authorship verification.
In: Bayro-Corrochano, E., Eklundh, J.O. (eds.) Progress in Pattern Recognition, Image Analysis,
Computer Vision, and Applications. pp. 563-570 (2009).

Falkner, S., Klein, A., Hutter, F.: BOHB: Robust and Efficient Hyperparameter Optimization at Scale.
In: Dy and Krause [27], pp. 1437-1446.

Feurer, M., Klemn, A., Eggensperger, K., Springenberg, J.T., Blum, M., Hutter, F.: Efficient and robust
automated machine learning. In: Cortes, C., Lawrence, N., Lee, D., Sugiyama, M., Garnett, R. (eds.)
Proceedings of the 29th International Conference on Advances in Neural Information Processing
Systems (NeurIPS’15). pp. 2962-2970 (2015).

Fischer, S., Klinkenberg, R.,Mierswa, 1., Ritthoff, O.: Yale: Yet another learning environment —
tutorial. Tech. rep., University of Dortmund (2002).

Franceschi, L., Donini, M., Frasconi, P., Pontil, M.: Forward and Reverse Gradient-Based
Hyperparameter Optimization. In: Precup and Teh [122], pp. 1165-1173.

Franceschi, L., Frasconi, P., Salzo, S., Grazzi, R., Pontil, M.: Bilevel Programming for Hyperparameter
Optimization and Meta-Learning. In: Dy and Krause [27], pp. 1568-1577.

Friedrichs, F., Igel, C.: Evolutionary tuning of multiple SVM parameters. Neurocomputing 64, 107-
117 (2005).

Frohlich, H., Zell, A.: Efficient parameter selection for support vector machines in classification and
regression via model-based global optimization. In: Prokhorov, D., Levine, D., Ham, F., Howell, W.
(eds.) Proceedings of the 2005 IEEE International Joint Conference on Neural Networks (IJCNN).
pp. 1431-1436. IEEE Computer Society Press (2005).

Gardner, J., Guo, C., Weinberger, K., Garnett, R., Grosse, R.: Discovering and Exploiting Additive
Structure for Bayesian Optimization. In: Singh, A., Zhu, ]J. (eds.) Proceedings of the Seventeenth



28 BuWlza=3 (AutoML) : Fix. EZESHa

[41]

[42]

[43]

[44]

[45]

46]

[47]

48]

[49]

[50]

[51]
[52]

[53]

[54]

[53]

International Conference on Artificial Intelligence and Statistics (AISTATS). vol. 54, pp. 1311-1319.
Proceedings of Machine Learning Research (2017).

Gardner, J., Kusner, M., Xu, Z.,Weinberger, K., Cunningham, J.: Bayesian Optimization with
Inequality Constraints. In: Xing and Jebara [157], pp. 937-945.

Garrido-Merchan, E., Hernandez-Lobato, D.: Dealing with integer-valued variables in Bayesian
optimization with Gaussian processes. arXiv:1706.03673v2 [stats.ML] (2017).

Gelbart, M., Snoek, ]., Adams, R.: Bayesian optimization with unknown constraints. In: Zhang, N.,
Tian, J. (eds.) Proceedings of the 30th conference on Uncertainty in Artificial Intelligence (UAI’14).
AUALI Press (2014).

Ginsbourger, D., Le Riche, R., Carraro, L.: Kriging IsWell-Suited to Parallelize Optimization. In:
Computational Intelligence in Expensive Optimization Problems, pp. 131-162. Springer (2010).
Golovin, D., Solnik, B., Moitra, S., Kochanski, G., Karro, ]J., Sculley, D.: Google Vizier: A service
for black-box optimization. In: Matwin, S., Yu, S., Farooq, F. (eds.) Proceedings of the 23rd ACM
SIGKDD International Conference on Knowledge Discovery and DataMining (KDD). pp. 1487-1495.
ACM Press (2017).

Gramacy, R., Lee, H.:Optimization under unknown constraints. Bayesian Statistics 9(9), 229-246
(2011).

Gretton, A., Robert, C. (eds.): Proceedings of the Seventeenth International Conference on Artificial
Intelligence and Statistics (AISTATS), vol. 51. Proceedings of Machine Learning Research (2016).
Guyon, 1., von Luxburg, U., Bengio, S.,Wallach, H., Fergus, R., Vishwanathan, S., Garnett, R. (eds.):
Proceedings of the 31st International Conference on Advances in Neural Information Processing
Systems (NeurIPS'17) (2017).

Guyon, 1., Saffari, A., Dror, G., Cawley, G.: Analysis of the IJCNN 2007 agnostic learning vs. prior
knowledge challenge. Neural Networks 21(2), 544-550 (2008).

Guyon, I., Saffari, A., Dror, G., Cawley, G.: Model Selection: Beyond the Bayesian/Frequentist
Divide. Journal of Machine Learning Research 11, 61-87 (2010).

Hansen, N.: The CMA evolution strategy: A tutorial. arXiv:1604.00772v1 [cs.LG] (2016).

Hazan, E., Klivans, A., Yuan, Y.: Hyperparameter optimization: A spectral approach. In: Proceedings
of the International Conference on Learning Representations (ICLR’18) [1], published online: iclr.cc.
Hernandez-Lobato, D., Hernandez-Lobato, J., Shah, A., Adams, R.: Predictive Entropy Search for
Multi-objective Bayesian Optimization. In: Balcan and Weinberger [8], pp. 1492-1501.
Hernandez-Lobato, J., Requeima, ]J., Pyzer-Knapp, E., Aspuru-Guzik, A.: Parallel and distributed
Thompson sampling for large-scale accelerated exploration of chemical space. In: Precup and Teh [122],
pp. 1470-1479.

Herndndez-Lobato, J., Gelbart, M., Adams, R., Hoffman, M., Ghahramani, Z.: A general framework



[56]

[57]

58]

[59]

60}

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

E18E BS2MLHL 29

for constrained Bayesian optimization using information-based search. The Journal of Machine
Learning Research 17(1), 5549-5601 (2016).

Hoeting, J., Madigan, D., Raftery, A., Volinsky, C.: Bayesian model averaging: a tutorial. Statistical
science pp. 382-401 (1999).

Horn, D., Bischl, B.: Multi-objective parameter configuration of machine learning algorithms using
model-based optimization. In: Likas, A. (ed.) 2016 IEEE Symposium Series on Computational
Intelligence (SSCI). pp. 1-8. IEEE Computer Society Press (2016).

Hutter, F.: Automated Configuration of Algorithms for Solving Hard Computational Problems. Ph.D.
thesis, University of British Columbia, Department of Computer Science, Vancouver, Canada (2009).
Hutter, F., Hoos, H., Leyton-Brown, K.: Sequential model-based optimization for general algorithm
configuration. In: Coello, C. (ed.) Proceedings of the Fifth International Conference on Learning and
Intelligent Optimization (LION'11). Lecture Notes in Computer Science, vol. 6683, pp. 507-523.
Springer (2011).

Hutter, F., Hoos, H., Leyton-Brown, K.: Parallel algorithm configuration. In: Hamadi, Y., Schoenauer,
M. (eds.) Proceedings of the Sixth International Conference on Learning and Intelligent Optimization
(LION’12). Lecture Notes in Computer Science, vol. 7219, pp. 55-70. Springer (2012).

Hutter, F., Hoos, H., Leyton-Brown, K.: An efficient approach for assessing hyperparameter
importance. In: Xing and Jebara [157], pp. 754-762.

Hutter, F., Hoos, H., Leyton-Brown, K., Murphy, K.: Time-bounded sequential parameter optimization.
In: Blum, C. (ed.) Proceedings of the Fourth International Conference on Learning and Intelligent
Optimization (LION’10). Lecture Notes in Computer Science, vol. 6073, pp. 281-298. Springer (2010).
Hutter, F., Osborne, M.: A kernel for hierarchical parameter spaces. arXiv:1310.5738v1 [stats.ML]
(2013).

Hutter, F., Licke, J., Schmidt-Thieme, L.: Beyond Manual Tuning of Hyperparameters. KI -Kiinstliche
Intelligenz 29(4), 329-337 (2015).

Igel, C.: Multi-objective Model Selection for Support Vector Machines. In: Coello, C., Aguirre, A.,
Zitzler, E. (eds.) Evolutionary Multi-Criterion Optimization. pp. 534-546. Springer (2005).

[hler, A., Janzing, D. (eds.): Proceedings of the 32nd conference on Uncertainty in Artificial
Intelligence (UAI'16). AUAI Press (2016).

Ilievski, 1., Akhtar, T., Feng, J., Shoemaker, C.: Efficient Hyperparameter Optimization for Deep
Learning Algorithms Using Deterministic RBF Surrogates. In: Sierra, C. (ed.) Proceedings of the 27th
International Joint Conference on Artificial Intelligence (IJCAI’17) (2017).

Jamieson, K., Recht, B.: The news on auto-tuning (2016), http://www.argmin.net/2016/06/20/
hypertuning/.

Jamieson, K., Talwalkar, A.: Non-stochastic best arm 1dentification and hyperparameter optimization.



30 B@fleE=E3 (AutoML) @ TiE. ZRESHkK

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

78]

[79]

[80]

[81]

[82]

[83]

[84]

In: Gretton and Robert [47], pp. 240-248.

Jenatton, R., Archambeau, C., Gonzalez, ]J., Seeger, M.: Bayesian Optimization with Treestructured
Dependencies. In: Precup and Teh [122], pp. 1655-1664.

John, G.: Cross-Validated C4.5: Using Error Estimation for Automatic Parameter Selection. Tech. Rep.
STAN-CS-TN-94-12, Stanford University, Stanford University (1994).

Jones, D., Schonlau, M., Welch, W.: Efficient global optimization of expensive black box functions.
Journal of Global Optimization 13, 455-492 (1998).

Kandasamy, K., Dasarathy, G., Oliva, ]., Schneider, ]J., Péczos, B.: Gaussian Process Bandit
Optimmisation with Multi-fidelity Evaluations. In: Lee et al. [87], pp. 992—-1000.

Kandasamy, K., Dasarathy, G., Schneider, J., Péczos, B.: Multi-fidelity Bayesian Optimisation with
Continuous Approximations. In: Precup and Teh [122], pp. 1799-1808.

Kandasamy, K., Schneider, J., Poczos, B.: High Dimensional Bayesian Optimisation and Bandits via
Additive Models. In: Bach and Blei [7], pp. 295-304.

Karnin, Z., Koren, T., Somekh, O.: Almost optimal exploration in multi-armed bandits. In: Dasgupta
and McAllester [23], pp. 1238-1246.

King, R., Feng, C., Sutherland, A.: Statlog: comparison of classification algorithms on large real-world
problems. Applied Artificial Intelligence an International Journal 9(3), 289-333 (1995).

Klein, A., Falkner, S., Bartels, S., Hennig, P., Hutter, F.: Fast bayesian hyperparameter optimization on
large datasets. In: Electronic Journal of Statistics. vol. 11 (2017).

Klein, A., Falkner, S.,Mansur, N., Hutter, F.. RoBO: A flexible and robust Bayesian optimization
framework in Python. In: NeurIPS workshop on Bayesian Optimization (BayesOpt'17) (2017).

Klein, A., Falkner, S., Springenberg, J.T., Hutter, F.: Learning curve prediction with Bayesian neural
networks. In: Proceedings of the International Conference on Learning Representations (ICLR’17)
(2017), published online: iclr.cc.

Koch, P., Konen,W., Flasch, O., Bartz-Beielstein, T.: Optimizing support vector machines for
stormwater prediction. Tech. Rep. TR10-2-007, Technische Universitiat Dortmund (2010).

Kohavi, R., John, G.: Automatic Parameter Selection by Minimizing Estimated Error. In: Prieditis, A.,
Russell, S. (eds.) Proceedings of the Twelfth International Conference on Machine Learning, pp. 304-312.
Morgan Kaufmann Publishers (1995).

Komer, B., Bergstra, J., Eliasmith, C.: Hyperopt-sklearn: Automatic hyperparameter configuration for
Scikit-learn. In: Hutter, F., Caruana, R., Bardenet, R., Bilenko, M., Guyon, 1., Kégl, B., Larochelle, H.
(eds.) ICML workshop on Automated Machine Learning (AutoML workshop 2014) (2014).

Konen, W., Koch, P., Flasch, O., Bartz-Beielstein, T., Friese, M., Naujoks, B.: Tuned data mining:

a benchmark study on different tuners. In: Krasnogor, N. (ed.) Proceedings of the 13th Annual

Conference on Genetic and Evolutionary Computation (GECCO’11). pp. 1995-2002. ACM (2011).



[85]

[86]

[87]

[88]

[89]

[90]

91}

[92]

93]

[94]

[95]

[96]

[97]

98]
[99]

[100]

[101]

F18 B2 31

Krizhevsky, A., Sutskever, 1., Hinton, G.: Imagenet classification with deep convolutional neural
networks. In: Bartlett et al. [9], pp. 1097-1105.

Krueger, T., Panknin, D., Braun, M.: Fast cross-validation via sequential testing. Journal of Machine
Learning Research (2015).

Lee, D., Sugiyama, M., von Luxburg, U., Guyon, 1., Garnett, R. (eds.): Proceedings of the 30th
International Conference on Advances in Neural Information Processing Systems (NeurIPS'16) (2016).
Lee, H., Gramacy, R.: Optimization Subject to Hidden Constraints via Statistical Emulation. Pacific
Journal of Optimization 7(3), 467-478 (2011).

Li, F.E., Li, J.: Cloud AutoML: Making Al accessible to every business (2018), https://www.blog.
google/products/google-cloud/cloud-automl-making-ai-accessible-every-business/.

Li, L., Jamieson, K., DeSalvo, G., Rostamizadeh, A., Talwalkar, A.: Hyperband: A novel bandit-based
approach to hyperparameter optimization. Journal of Machine Learning Research 18(185), 1-52 (2018).
Loshchilov, 1., Hutter, E.: CMA-ES for hyperparameter optimization of deep neural networks. In:
International Conference on Learning Representations Workshop track (2016), published online: iclr.cc.

Lu, X., Gonzalez, ]., Dai, Z., Lawrence, N.: Structured Variationally Auto-encoded Optimization. In:
Dy and Krause |27], pp. 3273-3281.

Luketina, J., Berglund, M., Greff, K., Raiko, T.: Scalable Gradient-Based Tuning of Continuous
Regularization Hyperparameters. In: Balcan and Weinberger |8], pp. 2952-2960.

Luo, G.: A review of automatic selection methods for machine learning algorithms and hyperparameter
values. Network Modeling Analysis in Health Informatics and Bioinformatics 5(1) (2016).

Lévesque, J.C.: Bayesian Hyperparameter Optimization: Overfitting, Ensembles and Conditional
Spaces. Ph.D. thesis, Université Laval (2018).

Lévesque, J.C., Durand, A., Gagné, C., Sabourin, R.: Bayesian optimization for conditional
hyperparameter spaces. In: Howell, B. (ed.) 2017 International Joint Conference on Neural Networks
(IJCNN). pp. 286-293. IEEE (2017).

Lévesque, J.C., Gagné, C., Sabourin, R.: Bayesian Hyperparameter Optimization for Ensemble
Learning. In: Thler and Janzing |66], pp. 437-446.

MacKay, D.: Hyperparameters: Optimize, or Integrate Out?, pp. 43-59. Springer (1996).

Maclaurin, D., Duvenaud, D., Adams, R.: Gradient-based Hyperparameter Optimization through
Reversible Learning. In: Bach and Blei [7], pp. 2113-2122.

Mantovani, R., Horvath, T., Cerri, R., Vanschoren, ]J., Carvalho, A.: Hyper-Parameter Tuning of
a Decision Tree Induction Algorithm. In: 2016 5th Brazilian Conference on Intelligent Systems
(BRACIS). pp. 37-42. IEEE Computer Society Press (2016).

Marcel Wever, F.M., Hiillermeier, E.: ML-Plan for unlimited-length machine learning pipelines. In:

Garnett, R., Vanschoren, F.H.]., Brazdil, P., Caruana, R., Giraud-Carrier, C., Guyon, 1., Kégl, B. (eds.)



32 B@flsE=ZE3 (AutoML) : 5. ZRSHkK

1102]

[103]

[104]

[105]

[106]

[107]

[108]

[109]

[110]
[111]

[112]

[113]

[114]

[115]

[116]

ICML workshop on Automated Machine Learning (AutoML workshop 2018) (2018).

Maron, O., Moore, A.: The racing algorithm: Model selection for lazy learners. Artificial Intelligence
Review 11(1-5), 193-225 (1997).

Mclnerney, J.: An Empirical Bayes Approach to Optimizing Machine Learning Algorithms. In: Guyon
et al. [48], pp. 2712-2721.

Mclntire, M., Ratner, D., Ermon, S.: Sparse Gaussian Processes for Bayesian Optimization. In: Ihler
and Janzing |66].

Melis, G., Dyer, C., Blunsom, P.: On the state of the art of evaluation in neural language models. In:
Proceedings of the International Conference on Learning Representations (ICLR’18) [1], published
online: iclr.cc.

Mendoza, H., Klein, A., Feurer, M., Springenberg, ]J., Hutter, F.. Towards automatically-tuned neural
networks. In: ICML 2016 AutoML Workshop (2016).

Michie, D., Spiegelhalter, D., Taylor, C., Campbell, J. (eds.): Machine Learning, Neural and Statistical
Classification. Ellis Horwood (1994).

Mohr, F.,Wever, M., Hollermeier, E.:ML-Plan: Automated machine learning via hierarchical planning.
Machine Learning 107(8-10), 1495-1515 (2018).

Momma, M., Bennett, K.: A Pattern Search Method for Model Selection of Support Vector Regression.
In: Proceedings of the 2002 SIAM International Conference on Data Mining, pp. 261-274 (2002).
Montgomery, D.: Design and analysis of experiments. John Wiley & Sons, Inc, eighth edn. (2013).
Murray, I., Adams, R.: Slice sampling covariance hyperparameters of latent Gaussian models. In:
Lafferty, J., Williams, C., Shawe-Taylor, J., Zemel, R., Culotta, A. (eds.) Proceedings of the 24th
International Conference on Advances in Neural Information Processing Systems (NeurIPS'10).
pp. 1732-1740 (2010).

Nguyen, T., Gupta, S., Rana, S., Venkatesh, S.: Stable Bayesian Optimization. In: Kim, J., Shim, K.,
Cao, L., Lee, J.G., Lin, X., Moon, Y.S. (eds.) Advances in Knowledge Discovery and Data Mining
(PAKDD’17). Lecture Notes in Artificial Intelligence, vol. 10235, pp. 578-591 (2017).

Nguyen, V., Gupta, S., Rana, S., Li, C., Venkatesh, S.: Filtering Bayesian optimization approach in
weakly specified search space. Knowledge and Information Systems (2018).

Oh, C., Gavves, E.,Welling, M.: BOCK: Bayesian Optimization with Cylindrical Kernels. In: Dy and
Krause [27], pp. 3865-3874.

Olson, R., Bartley, N., Urbanowicz, R., Moore, J.: Evaluation of a Tree-based Pipeline Optimization
Tool for Automating Data Science. In: Friedrich, T. (ed.) Proceedings of the Genetic and Evolutionary
Computation Conference (GECCO’16). pp. 485-492. ACM(2016).

Olson, R., La Cava, W.,Mustahsan, Z., Varik, A., Moore, J.: Data-driven advice for applying machine

learning to bioinformatics problems. In: Proceedings of the Pacific Symposium 1n Biocomputing 2018.



F18 B2 33

pp. 192-203 (2018).

|117] Paszke, A., Gross, S., Chintala, S., Chanan, G., Yang, E., DeVito, Z., Lin, Z., Desmaison, A., Antiga, L.,
Lerer, A.: Automatic differentiation in PyTorch. In: NeurIPS Autodiff Workshop (2017).

[118] Pedregosa, F.: Hyperparameter optimization with approximate gradient. In: Balcan and Weinberger [8],
pp. 137-746.

[119]. Peng-Wei Chen, Jung-Ying Wang, Hahn-Ming Lee: Model selection of SVMs using GA approach.
In: Proceedings of the 2004 IEEE International Joint Conference on Neural Networks (IJCNN). vol. 3,
pp. 2035-2040. IEEE Computer Society Press (2004).

[120] Petrak, J.: Fast subsampling performance estimates for classification algorithm selection. Technical
Report TR-2000-07, Austrian Research Institute for Artificial Intelligence (2000).

[121] Poloczek, M., Wang, J., Frazier, P.: Multi-Information Source Optimization. In: Guyon et al. [48],
pp. 4288-4298.

[122] Precup, D., Teh, Y. (eds.): Proceedings of the 34th International Conference on Machine Learning
(ICML'17), vol. 70. Proceedings of Machine Learning Research (2017).

[123] Provost, F., Jensen, D., Oates, T.: Efficient progressive sampling. In: Fayyad, U., Chaudhuri, S.,
Madigan, D. (eds.) The 5th ACM SIGKDD International Conference on Knowledge Discovery and
Data Mining (KDD’99). pp. 23-32. ACM Press (1999).

[124] Rasmussen, C., Williams, C.: Gaussian Processes for Machine Learning. The MIT Press (2006).

|125] Rendle, S.: Factorization machines. In: Webb, G., Liu, B., Zhang, C., Gunopulos, D., Wu, X. (eds.)
Proceedings of the 10th IEEE International Conference on Data Mining (ICDM’06). pp. 995-1000.
IEEE Computer Society Press (2010).

|126] Ripley, B.D.: Statistical aspects of neural networks. Networks and chaos—statistical and probabilistic
aspects 50, 40-123 (1993).

|127] Russakovsky, O., Deng, J., Su, H., Krause, J., Satheesh, S., Ma, S., Huang, Z., Karpathy, A., Khosla, A.,
Bernstein, M., Berg, A., Fei-Fei, L.: Imagenet large scale visual recognition challenge. International
Journal of Computer Vision 115(3), 211-252 (2015).

|128] Sabharwal, A., Samulowitz, H., Tesauro, G.: Selecting Near-Optimal Learners via Incremental Data
Allocation. In: Schuurmans, D., Wellman, M. (eds.) Proceedings of the Thirtieth National Conference
on Artificial Intelligence (AAAI’16). AAAI Press (2016).

[129] Samanta, B.: Gear fault detection using artificial neural networks and support vector machines with
genetic algorithms. Mechanical Systems and Signal Processing 18(3), 625-644 (2004).

[130] Sanders, S., Giraud-Carrier, C.: Informing the Use of Hyperparameter Optimization Through Metalearning.
In: Gottumukkala, R., Ning, X., Dong, G., Raghavan, V., Aluru, S., Karypis, G., Miele, L., Wu, X. (eds.)
2017 IEEE International Conference on Big Data (Big Data). IEEE Computer Society Press (2017).

[131] Schilling, N., Wistuba, M., Drumond, L., Schmidt-Thieme, L.: Hyperparameter optimization with



34 BiWlza=3 (AutoML) : Fix. ESESHAK

[132]

[133]

[134]

[135]

[136]

137

138
139

[140]

[141]

[142]

[143]

[144]

[145]

[146]

[147]

factorized multilayer perceptrons. In: Appice, A., Rodrigues, P., Costa, V., Gama, ]J., Jorge, A., Soares,
C. (eds.) Machine Learning and Knowledge Discovery in Databases (ECML/PKDD’15). Lecture
Notes in Computer Science, vol. 9285, pp. 87-103. Springer (2015).

Schilling, N., Wistuba, M., Drumond, L., Schmidt-Thieme, L.: Joint Model Choice and
Hyperparameter Optimization with Factorized Multilayer Perceptrons. In: 2015 IEEE 27" International
Conference on Tools with Artificial Intelligence (ICTAI). pp. 72—79. IEEE Computer Society Press (2015).
Sculley, D., Snoek, J., Wiltschko, A., Rahimi, A.: Winner's curse? on pace, progress, and empirical rigor.
In: International Conference on Learning Representations Workshop track (2018), published online: iclr.cc.
Shah, A., Ghahramani, Z.: Pareto Frontier Learning with Expensive Correlated Objectives. In: Balcan
and Weinberger 8], pp. 1919-1927.

Shahriari, B., Swersky, K., Wang, Z., Adams, R., de Freitas, N.: Taking the human out of the loop: A
review of Bayesian optimization. Proceedings of the IEEE 104(1), 148-175 (2016).

Shahriari, B., Bouchard-Cote, A., de Freitas, N.: Unbounded Bayesian optimization via regularization.
In: Gretton and Robert [47], pp. 1168-1176.

SIGOPT: Improve ML models 100x faster (2018), https://sigopt.com/.

Simon, D.: Evolutionary optimization algorithms. John Wiley & Sons (2013).

Snoek, J.: Bayesian optimization and semiparametric models with applications to assistive technology.
PhD Thesis, University of Toronto (2013).

Snoek, J., Larochelle, H., Adams, R.: Practical Bayesian optimization of machine learning algorithms.
In: Bartlett et al. [9], pp. 2960-2968.

Snoek, J., Rippel, O., Swersky, K., Kiros, R., Satish, N., Sundaram, N., Patwary, M., Prabhat, Adams,
R.: Scalable Bayesian optimization using deep neural networks. In: Bach and Blei [7], pp. 2171-2180.
Snoek, J., Swersky, K., Zemel, R., Adams, R.: Input warping for Bayesian optimization of non-
stationary functions. In: Xing and Jebara [157], pp. 1674-1682.

Sparks, E., Talwalkar, A., Haas, D., Franklin, M., Jordan, M., Kraska, T.: Automating model search for
large scale machine learning. In: Balazinska, M. (ed.) Proceedings of the Sixth ACM Symposium on
Cloud Computing - SoCC "15. pp. 368-380. ACM Press (2015).

Springenberg, J., Klein, A., Falkner, S., Hutter, F.: Bayesian optimization with robust Bayesian neural
networks. In: Lee et al. [87].

Sun, Q., Pfahringer, B.,Mayo, M.: Towards a Framework for Designing FullModel Selection and
Optimization Systems. In: Multiple Classifier Systems, vol. 7872, pp. 259-270. Springer (2013).
Swersky, K., Duvenaud, D., Snoek, ]J., Hutter, F., Osborne, M.: Raiders of the lost architecture: Kernels
for Bayesian optimization in conditional parameter spaces. In: NeurIPS Workshop on Bayesian
Optimization in Theory and Practice (BayesOpt'14) (2014).

Swersky, K., Snoek, J., Adams, R.: Multi-task Bayesian optimization. In: Burges, C., Bottou, L.,



E18 B2MHL 35

Welling, M., Ghahramani, Z., Weinberger, K. (eds.) Proceedings of the 27th International Conference
on Advances in Neural Information Processing Systems (NeurIPS'13). pp. 2004-2012 (2013).

|148] Swersky, K., Snoek, ]J., Adams, R.: Freeze-thaw Bayesian optimization arXiv:1406.3896v1 |stats.ML |
(2014).

[149] Thornton, C., Hutter, F., Hoos, H., Leyton-Brown, K.: Auto-WEKA: combined selection and
hyperparameter optimization of classification algorithms. In: Dhillon, 1., Koren, Y., Gham, R_, Senator, T.,
Bradley, P., Parekh, R., He, J., Grossman, R., Uthurusamy, R. (eds.) The 19th ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining (KDD’13). pp. 847-855. ACM Press (2013).

[150] Wainer, J., Cawley, G.: Empirical Evaluation of Resampling Procedures for Optimising SVM
Hyperparameters. Journal of Machine Learning Research 18, 1-35 (2017).

[151] Wang, J., Xu, J., Wang, X.: Combination of hyperband and Bayesian optimization for hyperparameter
optimization in deep learning. arXiv:1801.01596v1 [cs.CV] (2018).

[152] Wang, L., Feng, M., Zhou, B., Xiang, B., Mahadevan, S.: Efficient Hyper-parameter Optimization for
NLP Applications. In: Proceedings of the 2015 Conference on Empirical Methods in Natural Language
Processing. pp. 2112-2117. Association for Computational Linguistics (2015).

|153] Wang, Z., Hutter, F., Zoghi, M., Matheson, D., de Feitas, N.: Bayesian optimization in a billion
dimensions via random embeddings. Journal of Artificial Intelligence Research 55, 361-387 (2016).

|154] Wang, Z., Gehring, C., Kohli, P., Jegelka, S.: Batched Large-scale Bayesian Optimization in High-
dimensional Spaces. In: Storkey, A., Perez-Cruz, F. (eds.) Proceedings of the 21st International
Conference on Artificial Intelligence and Statistics (AISTATS). vol. 84. Proceedings of Machine
Learning Research (2018).

|155] Wistuba, M., Schilling, N., Schmidt-Thieme, L.: Automatic Frankensteining: Creating Complex
Ensembles Autonomously. In: Proceedings of the 2017 SIAM International Conference on Data
Mining (2017).

[156] Wolpert, D.: Stacked generalization. Neural Networks 5(2), 241-259 (1992).

[157] Xing, E., Jebara, T. (eds.): Proceedings of the 31th International Conference on Machine Learning,
(ICML’14). Omnipress (2014).

|158] Zabinsky, Z.: Pure Random Search and Pure Adaptive Search. In: Stochastic Adaptive Search for
Global Optimization, pp. 25-54. Springer (2003).

[159] Zeng, X., Luo, G.: Progressive sampling-based Bayesian optimization for efficient and automatic
machine learning model selection. Health Information Science and Systems 5(1) (2017).

[160] Zhang, Y., Bahadori, M.T., Su, H., Sun, J.: FLASH: Fast Bayesian Optimization for Data Analytic
Pipelines. In: Krishnapuram, B., Shah, M., Smola, A., Aggarwal, C., Shen, D., Rastogi, R. (eds.)
Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data
Mining (KDD). pp. 2065-2074. ACM Press (2016).



R - AR ©

*EE: jﬁ%}j, Xﬁj‘b “%}jﬁj‘]%ﬂ”

—MMAGRAELEANBFI T EEFRFIES L

RANHF, BAAELBRATEELNFT, TFIRBULEMTEERMTERFTEFIES

TG 5 2 A AR B2 Aok A g_ FHAILES 5 X S £ A W BT,

7 fe 4% LA i B4 W 50 07 A FT AF

AWFHF ERRBALRITWE R, AFERFENFX LA BLFB R E NI K A Fit & o

ANREZIIEER, RD> (BREEF) BEENFFIG. KZHEFELT, Hilx
MBS A RAESS 3R 3 BRE T 44,
RREIEE A ME R = .
2> P B B 7S B AN 23R BB ok D

G HZRM, AN IMREEFHEN SRR, BERaHE
2308 E AR HLER 2 A AR B AR GEE

BIZEF VAR E TR o

ToFE AR FEEZ AT

MBHZA RN BT AERETAEE

-
=
—

limmli

bEE T RENIZR T S, FE e ) B2 15 ks

E - anal F

¥, ARTS, 8% ENRBZ A0
ST BRI T T SRR R K HERA
EH (T

2 ) 2% 25 ﬁ ﬁiﬂ%’[ﬁ

WZRE) | AE5E & 1Al
WEHEAT¥ ], PISRIFRE%IE TR R

© B -« A oD

—F ARG

I & <, ANRAEW X BT HEAT B51E
FHRAESS 1
fB D) , DM oy & & )ik 7

—

RS BRI A E T NS R 25 -

fof = IR A E R T K Bh R
H-FHEfH: j.vanschoren@tue.nl.

NWHIZEBEERR, REAESRE. B
FEFYIZRETE]D | MRS (& T
EREME (BFHATTFE) « ERK, {ENZERER T
FRUBEFR. AR EESTEHN G

55 152 21 AR 1) Jo B e e AT WSS

(Bi&

AT

£, IX

2 AN



I TC52 2 J7 %
TUFE A X — BT 3 KV

B, REZETREE

it
M
i
ol
Nk
\4

At A 55 I 2 B 04T 5 S B 7%

# AT LRGN R e 21 ja ks . ZRI AR SR, REEAI F B n e R il 2 . 21
Bela], WAl XAESS Z BT EIER = e i — 22 kb . Z2L5EH, F1EH

I A5 B 15T, 188]

MiZFEF R Fieg, £
R EAAELRRESFSTEIRE ZEMAEENIRRA.
IRARFAT D RNA, EEETENPME
M N — AL e B R R AL B e ONAE S AR I e R R Y. B o, 2.
T ] . RERORE FRIERIEE A H K EMEC EERZH,

ZNE S AN EP S v e I

7 25 3 IR A

A MRS R

TEMIKREESH REMILRER, ZaiE%

PLSEE R, RS AR S TR ZE LRk, X

1 o PR LAY,
2 WEEND T

L K NGB EARAAHOAE 55 Z [BiE B AR BEJR, 2.3 it 1 anfal 2 il £ 55 74 RE 8 BE 4

R IAAT S5 Z B I ARALE:, - ELXT RE M8 2 ) BOE 45 M A 24 2] 1
THE®R. &5, 2.4 500w T e 7E A B _E AR AT 55 2 18] 4% 5 I 25k |
L ZHMF R ARFIE . B SE N IIE IR &F I # #2225 W F/NFEAR 2 5] (126]

R SEEN o

Ao, ZAE

Vi AL A a2

FERBNE, AEHNET

FRIE AT PAZ B SCHiR

2.2 EREEWFEPFES

BB AT LLT ) A Z BT HIAESS ¢ e T ( TRRE BAEHMES LS FHXS R H)
ACE 0 cOREXMFEIAFE, K

£, :P(Q.,rj) ’

RRME 0,7/ % 1, LITA. P, JTER

%23 (AR
FHEEAMER) B BTS2 REHTE S, Tl Ti1E B

HE 8] 5% R ) Je AR R AT

ISR 2%,

FRIE AT BIMERFE] (FEFR—MES

Ao MEARAE S5 1Y

BEERETITHAS AMIKE] — R SR TR [176], SR

, ORI EE. EERBRSIEESE,
S WE. BENHRE T B L MRS HRER T . 4 P ETRPR (I HER
FE) MEREBIPEE R (s XEUE) , P ARTA ZHiFRETH LIRS

e

o BEARHAMITEN

t%t,, EFTA SV B,



38 BaiflzE=*> (AutoML) :

IE )
,‘-":'h H L) ﬁ%
H:

o &

% M ICEL

H;J-,

TR EZ
L=
8 77 fik e -

:[%HEIEZ [174,

=EH

|
4

2.2.1 IR FESHIHET

i3

B 7%, BR&ILiEV eS¢, KFE
[:OxT {6, k=1,

!_

LK,

— /N IeEE ] #R L,
FEETUOEIEPUPL, BT, BEMES, PREERIKE
TCEABARE G PLERR T2 H,

177]

© rﬁi‘fzeui
HoAth 752 Fr A2 A P, VB 2

Bix. ZGS5Hkk

H AW ALt T+

PWIGHIE (RIFVE S .

R — @M TS5 1, WHEFRE. e, E

ijﬁiiﬁﬁlﬂﬁiiéi ();mﬂ o

af, BY
H

Wﬁ”ﬁ%%: muﬂew:ﬁn %F%r iﬂ%ﬁ
£55 1, LR

Lo I HEREICE 6, BEAT VR, IARERIIRIFNRE, SEENE—SRATTE (o

2.2.37F

6. (WHHNEREBEHE) , FF
—NHE4, W

Elmf

T,

%R

8]

F IR IR

TR R TTVR) |

e L
IR

EiRTTIE

Y

[21, ]34]

Hi 1) &

A

it E A ARSI AR T %Y,

ALE @,

NTESS (0)=P,, BEET T HESCR

5

Z BirsEF (BE)

Ny

AN

P A R B

BE 5, 15X LL AT

JEIEA E
BMES B L EREFRCE K 15
N T 25 AR I 14
IV & 51 RAKIKAE
AR BCE R B 2 B FE
KIBCE T
NELEE

B 1 TREN R AE
f£5% 1t BV
, fET]
2 I 1]
VLRI — /N SRS I B gE 1 8,
ERTEREARB B —MTERL, BERNRED

RINEE 0 15, RINFFEFREES 1
B4 B T35 3 DU A4k 75 2

5 (70, 173 B H

33 BHIME -
™6, 1HE
] K1
FRIhZ ., AUC 80 34!
FIENBHE RS E, XWERAMERZHIIT
FHHFZERER—1 2
JatEAE By, AT EAE T Z Al
— MG PERE B,

[21, 34, 85

i B = W 2

AR — A
iR

0

PMZIEZ SRR . SRR

BRI N IR AL

%. RS, BHAK o BERE
T ¢ REAT IR . TR, £Hxd

i) [1, 134]

AE S BB RIS BT S LAY

i

A

BURA

Al TR AT
ISR

L -
L]

RELTFFAES 1, AL

-

—HxKIEE &
{5

-—n.-l.i'—l-

I:I

Hiz 4T
I 2RIt
HE 4

FIECE 07, —Fhia] s i) pE RS 772 R E#E top- K
TMECE. JXRGERKE. %€ E

’ ﬁf‘

B 1] B[]

, [FIRY RES

%t ERTA SERT TR IS —
FAN S AT 55
N ERIECE 6



2.2.2 BECEZEANZIT

Se R Bl AT LA

MR X . U
2 2 R L BRAT B ) —
—Fh AT

JE R BE BRI/
I a 1, (BWe A
BT ERNEAT

IME. & TR,
e, X E
RIFHIERE AR N ZE S HIE

A E

LR EER

N EEE

ﬂ%%j N

=R R T

BN E

PMEFHEETRE 0 . BR O FFMSL TS 1,
(HR M LLEEMREMEENIHEE, DIAEEIHEIEFT AR REETEHTEN

#EHE EHEAT T 500 000 ¥k OpenML SE5

{E TRk

AN

&Ja, &

H AL 51X B T RFAE Y ] £
S TR

[183] H, HZERIAE
Witz B2 BRAa R . XE

H. SWMEAE

(19 ik

LRRAL.

)52 I 18] A B SE ), T dE Bk A A 1
MMEFT S, AT K ANECE IR b = 1 G BLAE 0 B
STURFE (AT ZRSEGI BRFIE D B, AT BLE2 2]

OpenML S5 % 1% 77 15 L it PEA

2.2.3 EEIF®

1 AR B S AR % 1, 4R
FL X — BN £
B, LA P .

e, ZAETSEE, MH o E&Luiti 2 sl

NEERZER B,

EVZ BRiRZE T (ANOVA) 187 b,

RERKE 7 Z RS SHIA N

Ma, 7F 100 MRS
H—MTERE RE N

AR L6 Be 5 i R 25 8 AR 55 ) B E
FEL . SCER [136] X EET TIRAMEGE. Bk
s b, X 3G E N REERAT T 250 000 X OpenML 325
— MNERIMEES GROARE) , MRS ZES N
BTG PR RE Y 25 8 OB S BN EEE. K, B A RSWRER
FRRFERNSEBEZEE. BEAMS, B4
% EXHRr E BOEAEE R AT ISR, UG F I HZE R a8 1ER

0 &N BE AT RN, WAERTE RS 3 RS i B EAE AT
L (BRI AT VY, LR A% 2=
E AR . SCRER [120] kB 7E 6 ANEEA 38 A3

N R, RIFEEEENSEZ (H—HEBZS) MiARE

i

7R B BE 1 R B Gt T AR 1R € 72 15 e 98 % = LR B 28 2 HU BRI E

ILTE 59 NEHREM 2 NEE CGIFFRENMBENLARAR) E#41T7 7 118 000 {k

EHIORE, HABETM L, SENES 2
R R REI I £ (R R
BTG P 5RO B BRI, AR

CHIREAL)

-2




10 BmpiE=®> (AutoML) :

S PEUESE, AT LRSS ¢

k. RStk

E5F b, A ERFRPART . 2T AR

i—4

N E.I‘];Jxﬂll-—; II:_J

HE45 W E S 1,,, TUIHEFERC HLAE O, MTE2 3138, BESh, WTBLRHEEANASER) 0], 47 1F

{ FF

1. AT ER
17 & AT

% AL 1 2

R S5 RSN E] By,
I fER IR LS AE 55 22 TR) A skt e AR ABA RS o

S — M

fric (relative landmarks) 3,

RL,,, =L, ;— 5 ;-

FEAAPE AT S, FF

1Iml|.

TR, HE

EFIA L DAL Bk R b

FEEZ N aiE S BT
2. KERE

T

FHAERTH

H USRI T N . EEREF
AfReEk e, W “THFE” 0.,
&M, ¥ifE 2, Rl & ET
e, HUERER . fEE, MEE 6, 1T FE (&77f
R, FEERNZ, ZHEFD
flrid K ARLEEC & O,

VRGP B3 T )1 45

limlt

e 4 5 AT
 f B AL F

= 3T VR 45
E—E

JHE AT 22 7 1 3 Bl 7 72 B9,
ACE (ARSI 2.2.1 ) fEARENWIGE (EN6,, ) »
, Z A I TERAUMTE
N5 R VRS I B EC B AH X = S ER RN A AR,

%1 B 1, ERIAD, AT
RE,,

S A DASCER B8 2 R 50 1 UE S, 3E 1 RE 8 BE 4 3

BAVERTTE MR IAEN () Z5, ROV
%t EWABCE 0, 1 6, Z 8] VTl 2 5

HAKM S,

% FBA
NS
%t

) K AHE

%

R, Bl REE%

— B R E A8 B0 7 R BT (0 6 AR 25 1 BRI 5 (6)= P,
ijE, TTET s, (6,)F P, ZHEMRERE UL
U 0 AR 5 1, FRERR TR, TR 1 FIAES

t A _ER AL
ZEUERT 0.,
ESCHR [187] H
A, JER

B T Je i HI1E

K THE. b, §MESH
U SR EAE S ¢ F e, AR

R, BIfEm Tt AR

1 ) £

MAEE. RES t FIARE
Pl%ﬁiﬁ =R,

31:%5‘“

, AEHTEIESER

1 (1

Ezi@{ [45] HH, 5

] W FE SR SR g S AT
B B EANEHE B — NI FR LD
ot HIIAUA. T p, AL EE R
DLFEXT 22 5 1 [
=R R EMAUEE.
L2

)R R F TR

"H..

H
-

5 L

f A E SRR TR A AT A S,

-5t AR ER
L u NEA
] Nadaraya-Watson JIAUAZ
BRFIR, HXEK
t% ¢t 5¢t,, B, WAE

a5 I (RIERNERE 1 &) M

(K

4y 5%
] Epanechnikov —{X#% B
s {6

(FEERRE Y=gl



A
%, =

F

f

R T
- E,new J:E

&

A

SRR E
3. RB TR % 1E

A RN E BT AR . ALE
= EURR R X2 AP BE A T SR X T 2% 13 4T A
TCHIEWM A LLE
=P, o £ HEATY
AR SR T 69 A
a] LA T ACH

)

Y

A

B

SLIE
FF 3]

KEERE (A

] A H

1%, T F—"FvF

RS Z R AT

fiE. SR [1
5. (93)1 ﬁﬁﬂﬁ G-

Mmig. HH,
AT I

SN
A,
E55E

i %

T 5% 53
T Ui K BR& GP A8 kA% 3 A
IESFZEIRRERIR. ASLEEMS, e GP K]
ISL ) GP A, 7

14] $2H7E

ZPERE

R T
125, FEMEERIEZ RS IAEr

HIECE 00 Eilg—A
— N RBEIAENIRACE oY B
. HHh, RE
UNPEAL NN (6,) P28 3Rt —A> R4 R JT

B % HE A T P

:I

FRAELE] o
6]

(.

Al K

{

4 E

L

S #/Ix,,j,—

TI—E_!

CIE LG

AN GP

Lt 3R

ZREHL 9 3R T A F 3K
%t A —F
GP D1 Hr f 4 25 1) F50 0 {E
HE¥eMs5,  ERIAE ST

T 55 2 [8] 72 I
5T R . P e, T4
L, TEE XTI FE R

ﬂ; [166]

FCER [161]

AEAFERIRZ, BEMaREF2ERLLRE
FIRERVERT . MEFREEE _ER UG, ARATTRI 7V AR 2 HI
i, KIS CFHRE

% t A MR 1) O 1% =2 R,

e (anist[a)

TETE’JEEEQ

ﬁﬁ%ﬁiﬁﬂ%ﬁﬂ%ﬁ j':'j% b EIEAR ST, HES
SR P, ORI

1,new

o, i ME

LT R TR R R S B 3R

E2E

R b HEATIE R 1,

HK 4

i

P& [H]
r 3 I D1 i B 2 R 2% 22 ST AT

2

~RECEH 7 HLIEE

—_—

A

]

4 ’T"’"

FHh=

»

-HI:I

I B|'E Z Rt

T% ¢t SRR
e, HiEFE—NREELIEST (P XEe X hET
FliRZE. 1z 28 5805 551

|:|c:|

EYE bW

1

:

%

% 1, ()7 1,

B E

%t KBS

TR T IERITR G . 1
) HHXRE. BiAME, BhadsiMME
I3 E R ZRE
IIEPSE

t5% ¢ SR E
i, GP BIAZ T 48 O R 1T iz /)

T F

==
-

AL E

A

M 2% NN (6,)

3

bEfe, il
%t Mt ZEKELE, e
A I EE X

T 5% 2 8] ;2 AF

=2 AL

41

H 1) AN 5E 1 D13 5 7

Lo, AR
t@ﬁ%ﬁii ﬁmﬁ:@ﬁﬁ
AR . SERTATE i [5] FF

eIt &R 7 1

1T 848 P2 — PN RS RS R
{55 A0 5K 1 DL By 2 %
1) HI A 22

R AR 2 e 7F OpenML JoEU4E

)2 10 {8 38 4

%2

¥t

)

g
< H
FZ

=ik [58]

%1

TEHERE.

m|

?

LR R



12 BmpfEE=x> (AutoML) :

F1— € AR SR 5 12

BRI A ply s BEIETER A pl, A pro Z 18]
XN & IR MR ED AT, I
A IR TR A E

7 5AMES) .

w5, MRAHEESE P —Fh 8 52T
FHIAREEME, ATLAFkt 51
T P fe s 2= 1 X 8. 51 Fx
o, 4E R B S E A 2 T 5 /R SR o< R 2 )
Hrh, BHE/RERMERREC
RIFHIECE. 6, IHE P Z (Bl ) B 8 /R FE R AR REL

2.2.4 FIH%

)

— k¥ M.
RAEE . oA, #2
TS ., EI’J%AEEEE
THZHFEARE,
fT. FEjE, FRIE T

‘H..

2T HoAt

NIRRT
iR

P IX B 7

IEfESE 1

H _Lj‘jg-lt! ﬂﬁ%f\%

gz b, WRTBLAIIZGEEE &
PERE A DGR T . W R BB IR s, KK
A LATEP IR s, 2 Ja il &

AT % ¢, LECE 0 1ItERE P(6,.1,,

T B AR LR

] {9 AE AELBE SR E X7

e i, %]
4 915 BT LU
T, AL
SR .43 L0 31 ) 3 3

T &= AL % 2
TR Z ERIERS: dist(z,,t,)=f(P,

Bix. ZGSHkk

IR EUCEE,
Sl gt 2 B
5,)=F,
| 22 A] L)
£ Z B3 AT A& 33

EREE ER RS (r<t) BEIRIZEFRE,

| A BC B AR BRI
H RIS e e Bk a1 T )45 . 1Z 7R DLEZE IR B

15 NN AZAAE
F ooy ANFAARIAESS £

& B e K7 FRRAE U I B 1RG B, B3R
1) KL #E B0,
12— /N RERE . ZRERBEWE TN T —
CEAS SVM B S IR B T YR (fE

INECE. SJZEEMME

fEjE, s, (0,)iHHE T o
X 35 J5 , BT LN IE S U ie B 148 RIEE . 75 30k [185]
TS ARAAE R B R S ILIX — 712
CEITRPRMH P RENEE 6 W AEH P, BT

% I SRR RN, AR
ERF 0 18 N ] e 2R VI 2R 554
P..r.r“ ﬁiﬁ}ﬁ, ﬂﬁ%ﬁl‘lﬂﬁs,

BFR, BTG

IRINES: EAE 5 RIS

o B, ETEHDFEAMEZ

a.t’? EJ}J) °

;:\E:I’ I:]-r'“:r“ %T%

ST PR B4Rt kMR MRS 1, FFE FIEATH 55 5 25 5T i 42k T AC B 7397 1

SERBIEE LRGN FEHEIE
R KT E R, MR “&iE” F575EE
ZH RIS 3 S

&

= 204, 1861

Origdeit, ZITIARER A IR TR AL I 52 S 3 134,

2338 e 21087 O 840
RILZ Ah, =1,

b AT DL EE BT B A O A L AR 43 il 2
|2 b BR e 2 84 H A,
1B &N ZRIS [ E A 192 B AR PP




F28 TwHF I 43

HEIR, BR—EEEETRMANEEHEE AERELE 3 &) it
9% ST, (EREA L, K T ER B R 2 BT E ST % B B 2 T 2.

2.3 ESHHERFES

fr 17 2.2 IR B VAL BN, B —FEONEE B BIE RIE & F LA F IR E
GEHEIE) « BT S, SMES 1T ULEH KA TOHAE m,, € M {18 & m(1)) -
(- m, ) RFom. Horbt, MFBRHTE DRCRHE RS, BE, 3T 7oA E 1 i
m(t) Fom(t,), PIRFRKLEAGEE B 55 FE8 7 2R tH AR S Z MR . 2T, A8
Wk R NMHUMESEETBR TS, . BE, BIEEEIMIEEERP, 7T
WIS TRACE 0, FEBT4E% 1, PHERE P, T2 TR L.

S

2.3.1 JTHHIE

K 2.1 MR T EHPIJUHRHME, FHEH TEM AR SRR MR EE B, BRik
ZAh, R21WRATREHE T BT E A BB SRR Z % SCER (26, 98,
130, 138, 175].

A TR R om (1)), TERBAE— P IX L TRAE. 7E OpenML JGH
IR, SR CR PR T N A S U1, K2 HOTiFE K 3R BUKR B T 8.4
FRAEERE H &5 e, |WE#H—PEILIC gt (&/ME. mAME. v o I AEL
q,..,) BETEFATRS 1, E3ER [117] F, XEMT#ET T RGENRBRANMES. &£
THEARS AR, X AR TR AEEAT A —40 O X Jehe R EAT ik 172 B0 TR R i
1TRE4E T (4n PCA 75 2R EEMN . JF I uERE, ATLCRAX Rty 48 1
Bl & 2T R vk 63 T 9

B 7 R AR L IE A B TR IEZ AF, B IR Z BN T AW JURHIE, X REE R
i EURFAE ) 13 BT 6] I P 48 °T CATH 5L B R O SR Bl [m] A B g g = 17 12 M )
F o0t e B 1) AT LASR FH A 8] 1) 05 1200 BE R AT SR 2RI 0 5828 45 R i J@ MR g AT 42 HY 1991,
Ao, EIRZSEPRN A, B LL7E 725 RS ANUR) B A5E A 5 i 45 B 109 1561




14 BupiE=> (AutoML) :

2.3.2 JTHFERIFS]

=, JAREH
HETFHRETEIE P S M > M X ITHA
e XHECE. 0.1
6 o, IR &
THE 6, #MATEm (1)=(m
HE (a,b) FIMMPI TN, FE
R AE S HEEECE 6,
Britkz A, AT LLSE 45T 1)
2.3 WL, RATELR)
AR Candam A\ # 2 H A A
RHIEFIRAE, ZB M Mg 1, BAEm S, BN R

EFESF

£ 2.

b T FahE X o ez 45, &)

fifE

=T ZRIAE
E&._.

i,
A~ Z i)

5. RSk

Jjua,b?

m

j.ac’ _fbr:

Al LU ZAME S5 5
% W JUFFIE MY, i—iﬁ“ﬁ%ﬂﬁiﬁ{ﬁ%u}?‘]?ﬁﬁﬁﬁ%ﬁ M’ F oA,
AT ST o FINVEIE VAR 1165] 3
ERIRIR LI Z T %
KU Em, ,, eM',
) e ATT

H—HERS RAE -

Joop—Fily ok

itV — 4

] T 78 25 52 HoAh Ju A

A 7 R

: ﬁﬁﬁ}ﬂiﬁ%]ﬂﬁ% [114] %ﬁ}ﬂﬁ_‘{f%u s T
%mﬁ%ﬁkﬂﬁf‘*?f#@%m,

.u%%mﬁgmi %%ﬁ
_‘ﬁ mnew::b ? Ay‘j': —-Rﬂ_ﬂaﬁ

(1)) 15T T BUMRCE 6,

IR e P 2] —HBERIE, Blf:PxO—> M.

,_[_f_.

FHAH 5] 1) S

FIREE RS IR ¥

HK TR 4 se AL fE P, Z B E R AE AR S KT ISR, BT RAMZ
PR S AR ZR A K h 2 e e — 1,  Fr AAHAL B4R 55 2 45 e 53 21| BS e RF 1iE =5 8] 1Y)
IR e 7723 7 th R 0 B 7 )T 443 20 UL 50 25 60 AL, 79 R0 22 48 B 2 2,
Fz 2.1 FHITEIERR
4 1iE n I IR P12 T (Vi
SEE = n . Ay M p/n,log(n),log(n/ p)
FFIEE & P 24 BE ¢ A 199 log(p), KA L
KA = c R A B 10 /M2 RAHE
REERE m J B §2 e 170 BRRAE A 7 bl
FEERE 0 B e s 1141 oln
Ui &£ E(X_E‘”f) AL IE 25 199 min, max, 4,0, q,, ¢
Ox
e B E(X_f*"') AL 1E A5 1 109 min, max, i, ¢, q,,¢x
Oy
R Px,x, ¥ 1E AE B 4 199 min, max, /(,0, pyy 1%
%= COVy x, FRFEAH AR T 199 min, max, i, 6, COV
E R Ty x, R AH BRI 72 min, max, /1,0, T yy




BER
S 71 ~ RN R E T K
i i BE sparsity (X ) E R el min, max, i,c
51 77 gravity (X) KA BRR RE
HEM pE Py, FFIETUAR FE 0 Do, 8
5 R K ™ B bRt SRR s
A ,
PCA ». 1 —AFE [99] 1 g9
p*‘1 11—,11 % = E}Z%E{]jj% ZI},HI [99]
PCA flJZ B FE R B 18 PCA U BF 18l
PCA 95% dimj:%"” 2 JiF 4 ¥ 19
RHIBEZ P(C) R A 19 min, max, /,0
R H(C) FA T 0
bR ALK H(X) Fe 5 1 min, max, 11,0
log,n
HER MI(C,X) FFAIE B A 199 min, max, /(,o
A b R A MI(C. X) FEE 5 4 0 i, max, 4,0
H(C)
FRE H(C) A 4iE 4 iy 1001
MI(C.X)
{5k B H(X)-MI(C.X) F 115 7 199]
MI(C.X)
BT H5) (#e = #r) Ko\ o, FTHBIE o4 S0 (641
ﬂ-ﬂ'l _JEE
EBEE Kl orAn EBFERE © Z |5 SR [64]
B ER £ 55 B A usol Z ) SCRK (179, 180]
BAE— 3 B i = Z |5 LR [76]
AR, HTFH . v M E A 1 PR ERIVR BE
AR E =B min, max, i,
B MFFIETT REL 7] FFE B B 18 min, max, i,




16 Bupfl2E=*> (AutoML) :

5. RSk

5%
ER: N R - Tk
A4 8 ﬁj KB 51 2 FE 19 min, max, 4,0
T — -%- Ky 434 116 min, max, 4,0
Sy kil FFAIE B E 4 1 min, max, /, o, gini
B3 AR AL 5 P(Opyo1; ) FmE w1 Kk INN [
TR 1 P(6p,.1;) B T 4 4 PR, AR
LR R AT A P(6,,.1,) LRI T 434 LR )
NB $4E 2 P(Oyp.1,) R S s 5 LR S 5 SRR (14, 88)
AR ARRAE £ P,,-P,, PRI A 10
TFREAHHAE 2 P(6,1,.s,) PRI 44 fig 1160
B3 M LB FRKASEHAEE, Git. EER. SR, ETHAMKEA. 88X EF Y
VIEA sy FRIEZEN 0 FTEN oo KBIBRHE XRIER CIIEIEN 7, . FMEN 1, . BEAHE
BN, LEEN 1, =37, WANH(X)=-3rlog,(m,)

2.3.3 ETFHIESHREDMMRCIE

HTHLMESHEINEE, TR

W EHRK TR,

KAk
H

BEEE. 7
545t IR kA4S RiE
Nm (1) BE 17 AME S
15t ATV, IF
/A o5 A
7 15 AR B. Giit MRFHIE AT
TCHRFE S 38 JE B — M e B = 22 e 1A
{HiEZH 2.2.3 75) K24 (BRI

BH. H

%'IJ ﬂ)l H

mME_

=
-

7, 1E

o

1, B
L 4 B B AE
SERFIL. £

H5AN3

ERZR
= OCHR [59.

L A

REXD

IECRA)

(E|

SEYEPS

W [k as

B 25% 5T

i

, KEMFE A

ESCHR [129] F

=7

H, B

?

|

) JCHRFAE

Y I

AT AR AR

X R BB R A, BEE
- 6] & m(rj) e & m(t,,
%t, BEETY
5—'\ St

T3
FFAE, FFK

AN

FHIERM IR L R B — A AR

FEH

iy

)mgﬁ%ﬁﬁ

RELH kAN SR BIAE S ¢ RV AT 5B
N kRS
iZ B0 B RV IE A B A% 48 R JE CRL PR
AT R. BEMNE, 1
AT [ IR FER AR DA L
bR AL B (GALib) o B4k, =
I JCHRFIE) Wk 22ilad, A RIN b b3 T A X R AE

:'E{]E_E—‘/i\ﬂ ﬁ”

:ﬁ%cj ’
| OV

FE 2R (G




R TTRE

TR TR R RS -
25 T — N HE s TR A
& 4 JRFE (3 A E
FP AR ZRARE

SCoT

iNEz]3

A

Bz

UIZRRE

ié

il

1,]

48] H

-

-~

=F

XS J5 Z AT 19

BEIMS, £

SCHR |

1190]

RAEFE

F

ié

A Ja s RE

=R [48]
R H. ZTEXH
Gk FVRFE S cHRFIE (BFEH(C)) , BEfEf#
LR, MR T 2 Al
20 R . Ja S 5 TAE 48

55

EEHI A

G, T

Z A ]

= SRR

i

= AfT

T~ TAEH

WEE
7 RABLSCER [59]

L ICFIE
SR, LA
1T 8RR S b SRR
IR 24 HE PR AL R,
R,
=R [1
b(t))=P,.
oK 41

, MK,

Ft,, 0 E R, %%
5 >
ERIEAWEM, Frlle

T%t,, FHLE SEH
n) 5 2 8] I RR J L E
) . AR H

P L
Hr’

I —NEE 100 N2 EREL

F 1

E R R0 B o EdE RISk
d, A mBLme R
751
A G AFIE )/
PR

ELE3"
t5%. -

5% B

-|.-"

E L

4y T —F

FIRIE 5T ]

H 0, HEFr AR E

HersE—

1R 2 R RO E AR
o m(t)i%Tmfl%‘fE b(1,) —Aj 4l —edR R A &
=R ALL
T

37—

LG E. Adh, P
YRR

.

~ BRI ENVIIRE R

ANET PCA |
1) 6. HEFE

JITCHFAE)
Z Fr LU

}/I:fn %ZE E@%’fﬂ:

1R

Pas
o

i

i

ECHR [9] H
I HEF AL, f:MxO->R.
SRl 25 H
JHEF R 2R AR
TERREZR. A T#T ISiie, &g
ZiR P o EREIX

ol
ik
v

m|

, M

1P f
A,

==
-

1O [

XA s, 0.m(t,),

J=H

ER R
FHME RS R & R .

BN AR A ]
HTAREE AR A

, AE55 Z [B) AR DA 2

L rh

1177 1%

] d A~ N HAEL

T LA,
B, EETEFES CRET
— AR, B R
MESRE. Rl

17 3CHR [48] AT

, BEM

'_‘fi\i:

R Eith

VHE S A Bl D1 B A 1Y BE R
FERTAESS ¢ AT HEF, A
T4

7R A — N E

H

—

1 R~ Tu LB

—

A T4 AL 192

I

4

HT %
LSR5 T 29 1E

CIEN

RlEaBE. 1

Fr A [A]
F BT H
AR, LT ARAS
ERTA LB B ] — N RAREZAS

3]

JZ AP

i
|
—

1, 2Rt

& H 3
H {55
1) e

HAERY B

17 46 />fa] .

RIS IR RIEFF A B I B S E 1™,
17D ABCE 6, (CGREL-
1R FE 7 R BAR R TIAR R P, fE
L, RSO ST I J5 3T

NE

F ) 1 i fE
e, ZARBRERNESHESTES, BfFEHAHE
KR JEEN TR, WP HNBESTESE 6

2]

—=

fic. B K

£

xR

R m ) RIS B 152
MMES
E Z Pk

| %%ﬁ%
N




18 Buifl2E=*> (AutoML) :

ﬁa\ﬁﬁi‘iﬁ%%i ﬁ‘:fa’%f~ rnew FA—EHER I EE.
Hﬂ‘ﬁﬁ{% 1:% Ly Eﬂ?ﬂﬁﬁ‘ﬂﬂﬁ% =

J&??TTTWJ AR

K B R 1 2E A% G T SR

&/ 1 JUHRFIE, F

Bix. ZGSHkbk

NFRG PR, 7ESCHR [189] 1, H%E
SRR ISR P, BIFTIGSE S, FF EX S E K RE AN (4R
G BB AT R S . 7630 (102, 103] H,
,ﬁ%ﬁmﬁﬁ%ﬁ&%F@H@uFiﬁ5ﬂm,%E%F#
- ELiB M 5 SCik [46] AHRIRRAE, F

i A5 FH I AE S SCHRF DL 308 40 18R

RHRE BT, DI — PN EERE 0. . 12715 %ﬁﬁ%ﬁ%%&&ﬁm

2.3.4 JTiEE

AT DA ST — MRS ST AR 4 T

TEL FEHTESS 10,

%Iﬂg [22, 56, 87, 94] ﬁjj:,

JURFAIE M )R8

SEEGR I, ST AR I8 #e

1. HEF

F JCRFAE ) HERR L (72 761,

TEHUAI T L)

AT 25 FHACAE 1 K A <B oA A,

JTERPUT 2.3.3
THEF i) ot Y
#FxM CART Fores

= RCET K N i B I EC B HET .
B S5 Xt X e A ALLAE

WHT I T, B5FEMMRAITETX. EXFERAT, %10

ERREE, AT LMER IR AT B IR 2L

SRS W= vd

1Z A RERHI AR L, AT AT LA

THEENERANEE O, . B, SFEKRKENH]

i%ﬁ%ﬁ% [15, 19, 70, 115] %uﬁ;“j‘- 1:,:'5'4—‘ [4, 79, 108, 158] E;E‘Eﬁ*ﬁiéﬂ
% 7= A B I 1 T

BN AR AR E LR T Fr it

Hoep—Fp 5L 5y B — ) BEu8 T
% LR AR AT © 0,

CAR T JE SR8 171 AR HE A3 &) FIRCR WA RE . T

ts) 0163 & AR IE HE P A 1 £

= H EBOIE B E R R IR B 2R

WESA “WER” Jufrbimig, {£15 80 n] H 1St 55 1R D i AR se s R 4 3 TAE .

PRtz Ak, il

R RN 5 BUR P [ EC YRty

Fonfdt:. 7ESCHR [116] B, H3hEE

3K B ZE T XGBoost W HEFFH iGN 243 TAER (B3 4 M RIRESES) #H1T7HF,

KR NFER
HZEE .

2. T ge o

E25 E JURFEHTRT$Z R, oA LLE

FEE 140 OpenML BAEE

T AR 7o AR B 0 — 2H 357 1) 2L

S 146 S JoRFE_E X B S AR ARVEREAT Tl gk, 7ESCHR [93]
-2 s B R B TR AE N B A R HERE SVM

BN EAES PR BCERTERE, WHER




"H..

FEEIZRET <, i#E T AT LATE
T TAE EERA L% (e
FAN R HERF 14 7, FESCHR [61] HF
728, BEMREWSFES E LRSS 1,
SCHR [130] 71, R RSFAERE 2 1 o 8E il g5 —

U Bl T U i [

f. TAESCAR [32) o, IRAENTSRAI T H T2
b g
T B A2 5, SR BLYIE— A B

ZRET JURFER) SVM [a] 52§ 179,
My A A R 2 T S B AR IR B0 1) 22 T B
e ft 17— R T I A [F) S SRR s 1T B 18] [

REZHUBEBE RS ERAE TN E,
ABXEECE . Mk, TIAE R H T3R8 38
MR EEHE .

—

ipI it

BR T MESFS TR IEMEC B YERE Z IR R Z b, b AT ARy —
)5, 4Rgkse ] infr g & i e T
IE7E 2.2.3 W pritie
H (ETAEZALNE) , BES 7 H
5 REACLE B PR Ady 45 2R 147 8> 1871

% FHECE MR R AC AR R vo
BAIE S FAFES . ERIRAL AR U 1s, 161 187,
n] B F 45 & B AMT S 10 Tl

=EIA R, BN R

2.3.5 EEGHK

L E TR FE ] EE
IS HEINEE., ELhr TIEY, TTUCKRHE
kEHHE R E. RE, FHHAUE

b — L5 L AT LLE G E )& TE 2P TR IR
ﬁu%}LiUﬁ{i [55, 74, 105, 184] j]ﬁmﬁ& [110, 154] i

fisf 11531,

—

, RRSFE AR

SEfr b, 2.3.3 AT TR R
AR AE B DL ik 18- o0 sl A0 5% 19 1290,

(B AT PABGEAT

H /2 FF
& &

FRETNHES

e

E2E

I3 4%,

P BRI Zx 7 P00 s 6] 1) g =
HH B SEERERETHT. £

RGN, fEAS A
—HEE S ik 1 [E 2 5 1B 45 1
% b B IHETERE 3 DM il 16 54,

3 NE
E3CHR [105] F

REFTHEIE, ZERITVETETE T IuFE SRR AN,

Ay,

AT £

L0 A] DA E

2 1) T
1. BEIRTCRFIEH
H P, MRS

ITEE KN EBEMRIETET,

1, Iﬁt%ﬂt;

T F S 49

FTEMU SRR IHEEANERGAVESSEH. RN
Ha R TN —HBE A E I MERE, RFHEAT
— N REEEINNG T AHME SVM Jtle

BN E T B REEHERE . 1£
AN RAUE) TT =
JZ B ENHLIY JTAE ) 28 R Tl 4y € FE AL &

LA P

9%, an
SCHR [189] H,

3R T EC B KB TR [l T hh, HRAEEE 8
BESTER L
NS R AES 1 A B R e
HABRALEE AR, #ERe s S Fe oY
CAEER AT LAAR AR A A
JRI |, iXE

1B T BRI
At 2 A

™ HE 9 TRy E A
ELAE B

1SR4

ERBEREITIER

HH 5B H )




50

& BB BT I ZR. FESCHR [18] 5,

Bzifleg=Z3 (AutoML) : HiE. ZRSHkE

AR, BREmS, a8 —1H

£55 t,,, JCRFAE KO BTS2 T TS 8 M 8 & I TRAL B BOR . R0, 7E3CHR [152] +,

PUHL 2R S5 N 25 58 1 70 SR BV TN N, =4 948 37 1 Tl
bR REVEHEESL — Ao, F TS EH

& B SE/RTESEE L 1 RE WS TII T Ak 3 55 25 ] e 2 BS00dt oy S 40 2R 4 1k e B AT B 8] 1 G

B

YRR EEHA RN, MIBRE .

AlphaD3M B8 f§i F 7 B Xt & 1 54k

AERREIE, FEXAERREERAT IR, L

(LSTM) , #ERemikikr=4

A ARMESS B JCRFE, PLSCRFAR 24 I 2% 1]

N37

AN

KB EHT .

2.3.6 AMNSE

AT TER EA RO T BRI

Wl

FATTER, HAHEPIRGS B S E ERER R,

A4 AlphaD3M KA Z4F RIEME R (MCTS)

25 H — AN BE 98 T & & T 58 111258 I3 0 48 X 2%

1T TF—% MCTS HIZH{EMEE . R4, KREMARBEESE

AR5 2] . MAESCHER [123] #, Mosaic [/]

] MCTS FEAEREE. NiLFARKZ, Mosaic £% T Bandits 7715 KiEFH /)

LB ZHNBENTEFERMMARE, 75—

RICEEBI AR« ZRuE R EH T1EL € AR S IuRFE R AT §2 T 2 5 0 %

Rﬂ‘._.
it

T At 2 B {5 75 ZE X SVMs 347 1 AL P
FIBINES (BRI TR 7 K& anfa] i Pt R SEp o1,

2.4 FeaiiRREPRFES

B s

Ao e ) SR EAT WAL 139, [E] B 2 T AE SN B A B A5 00 F . AR E
IR 2 KR TS M, 1 B3 T4 € 2 S SRR ST AL i o &Y, e

fE 45 A 55 I HT$2 T MFEE X SVMs T 5 /2 4

g R LLEIR T BER ARSI BEMENE 5, AEMKESHNCE

Imﬁ@.éﬁﬁn ﬁﬁ%Zr %%ﬂ”—?\t

AME 55 t, el (BT 32 F 22 3] anfa] A 35 AE

H— P TCEA L. %I ] 2RSS E A

Fty MER—AY (32D FE 81, LI M HIL

WM eL. b, CRTPTETRMBMS . TS5 8% HEHEES%K




w={wl} k=12,

2.4.1 IBF

(VS Y
ﬁ‘ﬁﬁﬂ 8, 122, 140]
MM, FEEERK
o) 38 Fe PR AR Y LAY S 2 H m]
INNSR 7Y R
ERMR, WAHRT, 1
P 3% 38 R 2 X A 2 I 28 AT B

i, & TmageNet ™ 2 FKE KRR B R HER L CLBAEN: B4 s TR SRR
A DAR 5 33 78 31 H A
JTEABEAR I b R AEAE R
% b, A B i tERLAE
PLSCRFEATS

fEXE R 23] 170 o
{E R ST L ARAE 2 1, H02
IR %R
O i 47 ) 4. 10

W, %"

IIER o) or 13 20 18, RPAEMZ R4t b, AE R IR N4
VIR & st 8 B AR R B W aade (], BT =2 — - Fitill 2k
= AT

LS KR (B BCE 6 €0 KE N

. BTG T — A BE TS ¢ B, B 5K i e
ORI Ao ST DS 38 F BRRT E 4 M s A 7 T 2

o1, 57
Sy R e
52 ] T

f% [37, 154]

FiREH K, HEimsEREAEZTE Y Y S50

IR U8 Msmfl sz 2] 86 64 gl e G RIN . JCHEE

%t AT I SR04 Xt B AR AL (it — B O . 7 &
T R VR 22 N 4% 22 BT i 76 B LA — e e g U5, T AT

HTT R

Ak, BRI EERR, A EBESFS AL, %

2.4.2 FHAIHENZRITTFES

— /N EIAR u s S T A E
il gadEd, eEfTRE
T 55 K 1 B IX LAY
. Rab, ZZSEA
J& 2/ ]
=[:[IK:

X = HUHT

% o

FH—H

TR0 0 5K 5

175] B

CAER

Q%%ﬁﬁ

LR — AT 2R BB BL 15 4 RE WS 1R 47 s 7% 23 AE

IA—NEAMwE CRE T2 MMHEOMES ERESD

%o FXEHIT R

e B B S AU R332 /4% (RNNs) (149 1501,

RN RS E, FAUEEE HHRE, LU

o PLE

& 7
1S HIsRIE S T515, R KRS 0 Boph R RERT 22 ) 3 B E Ao 2|

5 3T 2 fih R AL E

H o

I | In'rIl

19555 SUR— AN B MR, %S BRI B T

FRREE

N PEERA LA RN Zh v, ANl ZexE EHK

BEWRU, RIAMEFEAER ARKE —Fz 000 ZER, A5FRSE X
LAY R KIS ERN (Bt ) BR R RIfE SR, FABRS

fEja, EZNEAES T, KHAME T EEEMURIEN S5




52 B@iflzEZE3 (AutoML) : 5. ZRSHkK

ﬂHWWiEiHHMFJ B ABR AR K
TESCHR [146] H, FRFET FMH — 101238 55 1 #4022 0 48 5K 5 2] ] 774§ A RS 28 S5 i 70
RAESSH “i8iL” o MAESCER [65] ., B 5 MURs 5

2% = BAIHL .

Sz A, A
%Mﬁ%?@)%ﬁmwd:

B R B 2 X 48 R B AR L S HOR N

T LSTMs8! ) 75 2% > 283kl

CAEMCA AR BT T B . BT E, STk (6] KHPiteds (an
SHERTAESS ) LSTM. Ju2e > 28 (i 3%) IR ZEE i

FASHIREZIN, FRHABBE TRERITE#HITIA. EF—PF, uFEISREL—

S STRETRLHORLER w, | 240 1O 4 R FE SR BR A T O B AR, DI AR H (R

FABPMR . FETAEXNZGERAT T2 @, EEERMAME FRETIENEG R
MR 7 —AMEES, FLRENSTE L 5% >) 28 ok Vg IR 86 B BB B0 T MR OR SCHF o2 > 28 0 2 2
X 23 EAT A -

Fhh, ZFAL By B N saib 2 I AR T

— AN FENESR. ERE

55 AL FEZ A — K 0g, R)FEEA 153 RIS E R T IER RIS #ETE 2 .

JR%E”

AR PO s T WA R R 20T RN (G,

=) L

W 2% 2 S PR TR

BN RIS H R 2 HAh 7%, XI5 ERe s g 14E 55 2 50 AH B 1 f 4
R 28 P Re A RS, anddi B DL - pe Ak el sk 22 5] v (58 3 XTI AT IR AT 8D « SR,

2.4.3 IMFEARFEZ]

TUSE S AFAE — A E ki, BIAE,

SRR RO BAARL H T AT K e Rl & %

S,

PLEsF ] At Re e R & X Fhae /) B2, AR FES B
N-way” 32K H)dl: 7E

FEFEI U AT &KX L EZEMN R

H IR Z B EEHEAZ BB S HielT, BiX BEAFEH#IT 8.

18070 RN 25 S2 451 )1 5 S — A VHE A PP R B 2
H 2 X e mifE 5 A& RERIZ:

B3> (0 U SRS R 2 TR B
ONBEARSES]” L SRTT K 5 A (BRSO R N A ST R ), T DA SR

1T EL B AR M~ & “ K-shot

FrER (k) ez ilgsLp (anEE) MurR T, 2

?%E'—!ﬁ\ﬁaﬁ@iﬂ JLZIl N"&%%‘{é (@ﬂ%%KHﬁKﬂﬁﬁ) Egﬁ}g@gﬁ:j'nmw"

FURIZBIROZ5, LA 51 BT F.5 25
UAEL W, RSB 1, 10015 52 38—/ B 05 B

1, T LA A 75 45 0 5 B 1 .

FIRFERAN . F— B R B S E W
-5 FEAS BN RE, £15




F28 TwHF 3 53

LT INREAR 22 5T 10 T £ B T TR HHORSE 1000 1050, T3 i PR 762

i BB BB % DL — i 2 1 7 RN AR S5 > —
(ESCHR [181] 7, RIE/RHTSE A8 H, %&EIE%&“H@%%EJ%E, 1% S A] HE ML

M EFFIFFIER S o

RAFZHWER (0 ki fB5R) « RARSHHER EBZEMICIZH M, AR 8%

R S HHAT . BTS2 1

JLRC %%, %VLECMZ8 2K 1 LM

IR iZAFNESE. REMS, ZuFEASEAE Tt E B — AN EBER
b, 52T RIZHRARAF IR SEH 5 Cid 2K BPIREATILEC. 735k, M4
REFNMRFEES RA VAR T4 (minibatches) E#EAT Ik,

FESCHR [157]) ., Hr N /RSEFR T T R M 2%,

2 P 28 B o R 7 1 R 2 — A p 4E 1

Rl EASE], MIMES 4 € fn R EI 2 B AT UK B R — i, E@F?JT*”‘%HE*”I‘
JRAL CENYERED o 1 AR S g BIAH R R R B 25, FRRAEEEEN

G v] GE I 6 — > softmax BRI EL. A4, 1

g =2=
FESCHR [126] H, T gEfr Z BOR[d

ECHER [131] o, HEFRZTET BRI

JE T LSTM W) J02% ] 28 NIl i 28 W 4% 1) 27

B STEFIN . 0T ANFIRB], %51 8 A0 A4 24 A b6 BRI SR E58 [H1 4 LSTM
TSR, S TE I RAR SRR S (w,) BT ER . BEEEOR, TE

ax =~ IE TR B e iR S5 BT 25

SHIH T EARE &2, 5ERTERE 6% > 77 (MAML ) BU A X 5 37 #8347 5 2

& B85 SIS H W R E w7, »
&, MAML & MBEFLET {w, | FFaail 25,

A N H e 98 58 0 ok AR DME 55 — At . B4R
IE A 1% B — L e AT AR 55 :TF-?'EI’*. —MEFTE

KA ENZRH R 52 > 28 UL SIS BB AR . BEJE, EaNERZEH

AE 1) 77 1) [ o) A% 4 o6 B DA BE A RO B BT AL {w, } - %z,a?%ﬁZF B
(w,} ATUMEN—A B 7, , RES i HifE A
i, HEMSESCIRE, J[EH AN ERENEERE ReLU M IR €1k, MAML

RS R EDUE . E3CHER [52]

REg It MR S Bk, SER, ilEa4g3, MAML FI#I8E 4G (E 7E /MEA 1 i
L& FEEA M, FHEEET LSTM K HiERZAGEET .

REPTILEN & MAML & vE 1 im 4L,

BAE, BRI EZE A& K ISR

B4R TE

£55 BB K IRIEASHATHEDLEL X T F#
BN ERN T MBS, BEWins, 8ME

FHATREA A IE—HEBAMALE {w, |, T HARRR NG MES R E D BIE — HR A

H {w | IVTSRAALE 77, -




54 BmfEE=x> (AutoML) :

wJa, FATWA LLE T R EHE M KR ]

5

HEom A I

%IJ !
2,

EﬁJz

WS E‘J%‘é%ﬁ

BT R TCZ IR MK (MANNs) It >]28, MANNS

Foi%. RSk

—/NJCFE AR FEOCHR [145] 1, RIEF

=g —PMEA1EL

&

RHIL (NTM) (60,

1ZEREFEA—NEAR,
&) FARNFKHFERE, RN EENLKH ik
i > Phice th AE s BE A M dtE T BT
ZmaE, &
’5%, A 1 OR A

LR E

fF 1 Z U E S B CIL 2 RIMES B R, HBEE
SCHR [101] Frid B SNAIL 48, 2—F T
AZ X AH R B e S 2R 28K . BARTT S, BHE RIS SLZH (F
BR; MREKEBRNEFEMN
FHIREE R -

JE 22 3]0 7622 3 W) A2 XAIE A 2 81T 5 3 B AR IR £,

i SR & B[]

2.4.4 FRUFHEESS

TUEAFA=FRAER K

%, mWsmib2E>] .

f

1= 1EARE

5

p—

B
fae:

Ié

E ik [39] H,
JH P8 5 Jo R 5 2] FVE P §R 5 AT 55 AH o0 i) P s Ak 22 2] IR H Al

Ea@%éﬂﬁfmﬂﬂeﬁ%% THFE . JusmAb S > 77 v 2 A Rl e % B2 SO I E
] RNN.

FRI A BRI 2 18 o U 82 54T

=

WD .

) = I
oA REN.

|, 5% U8 WigH 7%
b — 8] R AT Bl AN 22 Jil ok 5 ) R AR S R 2
% CanBEHL S /R B s
AAEF S G AT
ECER [112] H
> 2% AT LA
S

B B ES L, RS RIhN B & F SR AE
FEAGTHAI B S . BFIFAJLUR L ER, HT
Ak, HAgHE T W RETHER .

BERE 7 —Fhim Bl w22 2] (RL) A%k, ZhEH—NE
, £ =AM
1730 A
TPRZS, 1 RNN

=IZ:I
~

Horr, RNN M4 B 30E RS A tRE RL 22 2] 28
5 FARIE 2 5] SRR RE2E S AR 1

1R B 5 Ak 22 3] 73k I 45 RNN 48, HFER
J= RL 5k, 58S IELE AL
S AR, FHFFEXRET omE HE e E

)

%A o

AT —Fh =
% AL [A) @R AE HI IR
% 2 E0 A0 S I 4% IR AL
W& MR (BIE5RERER) » FHKI

1, WENEEEA (AL B 7 —Foued0rik. RRnE, 25
BRAw. TLFEAMEMREBLFEAIMG, HEH I HBFE
FEFRHZE P2 A — A BES 2 ST B EE RIS SR M 48 . Hrp, 3R
FEh, TUFEABFBSEWAERGES (BIRARICH R KA
TEHBE (RFCEF T IMEE




F28 TTHF 3 5

TESCHR [127] W, BEZENEEMGTH (DE) Wit T —M/MERZES ik, HisZMN
—PMREME T (WMFEFED) HNOERGRT 2 E— DR, &0 H T4 R
ZESHERREGHEE KR R 2RSSR, BESEEXH T 8 RIFREER,
ZEBBEBRIRE DM BANENTNERERT. BENS, JBEXFFMERTHIRMS
K1 (k%) w6l MET MAML F)/MEARZI S, SEZDHA CAED B& Bl
EREAT I,

BJa, LB SE U8 iR 1 RE o R R BN I . AAT3R T — I AEuE ) (FD

L IR E G L 458, TTEMELEMERRmE ] LE T ELSERHTHE. A
MM LTSN SN EFERFREE, tEISSETHSNMNHPIE ;) $EkRE
> a0 ] 1 B i L

Fra XL RS RIGRRW, Mot WA ERE FREH AT it HIEE
> 2R B AT B AR BT B MR B 5 i A2 B A T .

25 B £

e AR RARE 25+, RE S &5 MR EI AR BRBINEZAFEN
— MRS, TﬂEEIJJ'?T % EWIR1G T2 AR5 1A A . fESLPR S,
HMNERE#ER T ENFIG. AR, BINNMNZRGMIIE “FEI2K7 , FNFE
PR Y — B & B[R] RE 8 7 S2 DO 0 B BIHLER 2 > R G, 1T 5 A R0 N X 35 17 7L
BAES . BAPTERIFESEZ . AL, JAFraes A HB K eRTai iz,
REMAE BT 2 S KR ER AR AT ek A, HRAGHAGIEFERFMH LR EIL
i O Kae/s, AUEFHITAMEHXELERME 7T ZH0ls, mE
1A WK 265 S @ A ST 238 h it T %2 . A, XR—1HFEAMER H
P BRI MARARIE S5 AR BEAT 57 2 B T 3ATT B e 0 R i i o Ay € A 55 #EAT 57 >

"'v..

D) s 4/ - ?E}“?*F%EJ LA - SR T2 AL Rl - A S - 22
MR - RBYIE. 37 90 - HWAE « EFRRE 0T REUNA T OHE MMERE.




66 BHuWlza=3 (AutoML) : Fix. EZESHA

[1]

2]

3]
4]

[5]

6]

7]

8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

=& ik

Abdulrahman, S., Brazdil, P., van Rijn, J., Vanschoren, J.: Speeding up Algorithm Selection using
Average Ranking and Active Testing by Introducing Runtime. Machine Learning 107, 79-108 (2018).
Afif, I.N.:Warm-Starting Deep Learning Model Construction using Meta-Learning. Master’s thesis,
TU Eindhoven (2018).

Agresti, A.: Categorical Data Analysis. Wiley Interscience (2002).

Ali, S., Smith-Miles, K.A.: Metalearning approach to automatic kernel selection for support vector
machines. Neurocomputing 70(1), 173-186 (2000).

Ali, S., Smith-Miles, K.A.: On learning algorithm selection for classification. Applied Soft Computing
6(2), 119-138 (2006).

Andrychowicz, M., Denil, M., Gomez, S., Hoffman, M.W., Pfau, D., Schaul, T., Shillingford, B.,
De Freitas, N.: Learning to learn by gradient descent by gradient descent. In: Advances in Neural
Information Processing Systems. pp. 3981-3989 (2016).

Arinze, B.: Selecting appropriate forecasting models using rule induction. Omega 22(6), 647-658
(1994).

Bakker, B., Heskes, T.: Task Clustering and Gating for Bayesian Multitask Learning. Journal of
Machine Learning Research 4, 83-999 (2003).

Bardenet, R., Brendel, M., Kégl, B., Sebag, M.: Collaborative hyperparameter tuning. In: Proceedings
of ICML 2013. pp. 199-207 (2013).

Bart, E., Ullman, S.: Cross-generalization: Learning novel classes from a single example by feature
replacement. In: Proceedings of CVPR 2005. pp. 672-679 (2005).

Baxter, J.: Learning Internal Representations. In: Advances in Neural Information Processing Systems,
NeurIPS (1996).

Bengio, S., Bengio, Y., Cloutier, J.: On the search for new learning rules for anns. Neural Processing
Letters 2(4), 26-30 (1995).

Bengio, Y.: Deep learning of representations for unsupervised and transfer learning. In: ICML
Workshop on Unsupervised and Transfer Learning. pp. 17-36 (2012).

Bensusan, H., Kalousis, A.: Estimating the predictive accuracy of a classifier. Lecture Notes in
Computer Science 2167, 25-36 (2001).

Bensusan, H., Giraud-Carrier, C.: Discovering task neighbourhoods through landmark learning
performances. In: Proceedings of PKDD 2000. pp. 325-330 (2000).

Bensusan, H., Giraud-Carrier, C., Kennedy, C.: A higher-order approach to meta-learning. In:

Proceedings of ILP 2000. pp. 33-42 (2000).



[17]

18]

[19]

[20]

[21]

[22]

23]

[24]

[25]

26}

[27]

28]

[29]

30}

31}

[32]

[33]

Bilalli, B., Abell6, A., Aluja-Banet, T.: On the predictive power of meta-features in OpenML.
International Journal of Applied Mathematics and Computer Science 27(4), 697-712 (2017).

Bilalli, B., Abelld, A., Aluja-Banet, T., Wrembel, R.: Intelligent assistance for data preprocessing.
Computer Standards and Interfaces 57, 101-109 (2018).

Bischl, B., Kerschke, P., Kotthoff, L., Lindauer, M., Malitsky, Y., Fréchette, A., Hoos, H., Hutter, F.,
Leyton-Brown, K., Tierney, K., Vanschoren, J.: ASLib: A benchmark library for algorithm selection.
Artificial Intelligence 237, 41-58 (2016).

Bishop, C.M.: Pattern recognition and machine learning. Springer (2006).

Brazdil, P., Soares, C., da Costa, ]J.P.: Ranking learning algorithms: Using IBL and meta-learning on
accuracy and time results. Machine Learning 50(3), 251-277 (2003).

Brazdil, P., Giraud-Carrier, C., Soares, C., Vilalta, R.: Metalearning: Applications to Data Mining.
Springer-Verlag Berlin Heidelberg (2009).

Brazdil, P.B., Soares, C., Da Coasta, J.P.: Ranking learning algorithms: Using IBL and meta-learning
on accuracy and time results. Machine Learning 50(3), 251-277 (2003).

Caruana, R.: Learning many related tasks at the same time with backpropagation. Neural Information
Processing Systems pp. 657-664 (1995).

Caruana, R.: Multitask Learning. Machine Learning 28(1), 41-75 (1997).

Castiello, C., Castellano, G., Fanelli, A.M.: Meta-data: Characterization of input features for meta-
learning. In: 2nd International Conference on Modeling Decisions for Artificial Intelligence (MDAI).
pp. 457-468 (2005).

Chalmers, D.].: The evolution of learning: An experiment in genetic connectionism. In: Connectionist
Models, pp. 81-90. Elsevier (1991).

Chen, Y., Hoffman, M.W., Colmenarejo, S.G., Denil, M., Lillicrap, T.P., Botvinick, M., de Freitas, N.:
Learning to learn without gradient descent by gradient descent. In: Proceedings of ICML 2017, PMLR
70, pp. 748-756 (2017).

Cheng, W., Hiihn, J., Hillermeier, E.: Decision tree and instance-based learning for label ranking. In:
Proceedings of ICML 2009. pp. 161-168 (2009).

Cook, W.D., Kress, M., Seiford, L.W.: A general framework for distance-based consensus in ordinal
ranking models. European Journal of Operational Research 96(2), 392-397 (1996).

Daniel, C., Taylor, J., Nowozin, S.: Learning step size controllers for robust neural network training.
In: Proceedings of AAAI 2016. pp. 1519-1525 (2016).

Davis, C., Giraud-Carrier, C.: Annotative experts for hyperparameter selection. In: AutoML Workshop
at [CML 2018 (2018).

De Sa, A., Pinto, W., Oliveira, L.O., Pappa, G.: RECIPE: A grammar-based framework for

automatically evolving classification pipelines. In: European Conference on Genetic Programming. pp.



68 HuWlza=3 (AutoML) : Fix. EZESHAK

[34]

[35]

[36]

[37]

[38]

[39]

40}

[41]

[42]

[43]

[44]

[45]

[46]

[47]

48]

246-261 (2017).

Demsar, J.: Statistical Comparisons of Classifiers over Multiple Data Sets. Journal of Machine
Learning Research 7, 1-30 (2006).

Dietterich, T.: Ensemble methods in machine learning. In: International workshop on multiple
classifier systems. pp. 1-15 (2000).

Dietterich, T., Busquets, D., Lopez de Mantaras, R., Sierra, C.: Action Refinement in Reinforcement
Learning by Probability Smoothing. In: 19th International Conference on Machine Learning. pp. 107-114
(2002).

Donahue, J., Jia, Y., Vinyals, O., Hoffman, J., Zhang, N., Tzeng, E., Darrell, T.: DeCAF: A deep
convolutional activation feature for generic visual recognition. In: Proceedings of ICML 2014.
pp. 647-655 (2014).

Drori, I., Krishnamurthy, Y., Rampin, R., de Paula Lourenco, R., Ono, J.P., Cho, K., Silva, C., Freire, ].:
AlphaD3M: Machine learning pipeline synthesis. In: AutoML Workshop at ICML (2018).

Duan, Y., Schulman, J., Chen, X., Bartlett, P.L.., Sutskever, 1., Abbeel, P.: RL2: Fast reinforcement
learning via slow reinforcement learning. arXiv preprint arXiv:1611.02779 (2016).

Eggensperger, K., Lindauer, M., Hoos, H., Hutter, F., Leyton-Brown, K.: Efficient Benchmarking of
Algorithm Configuration Procedures via Model-Based Surrogates . Machine Learning 107, 15-41
(2018).

Evgeniou, T., Micchelli, C., Pontil, M.: Learning Multiple Tasks with Kernel Methods. Journal of
Machine Learning Research 6, 615-637 (2005).

Evgeniou, T., Pontil, M.: Regularized multi-task learning. In: Tenth Conference on Knowledge
Discovery and Data Mining (2004).

Fei-Fei, L.: Knowledge transfer in learning to recognize visual objects classes. In: International
Conference on Development and Learning. Art. 51 (2006).

Fei-Fei, L., Fergus, R., Perona, P.: One-shot learning of object categories. Pattern analysis and machine
intelligence 28(4), 594-611 (2006).

Feurer, M., Letham, B., Bakshy, E.: Scalable meta-learning for Bayesian optimization. arXiv
1802.02219 (2018).

Feurer, M., Klein, A., Eggensperger, K., Springenberg, J., Blum, M., Hutter, F.: Efficient and robust
automated machine learning. In: Advances in Neural Information Processing Systems 28. pp. 2944-2952
(2015).

Feurer, M., Letham, B., Bakshy, E.: Scalable meta-learning for Bayesian optimization using ranking-
weighted gaussian process ensembles. In: AutoML Workshop at ICML 2018 (2018).

Feurer, M., Springenberg, ]J.T., Hutter, F.: Using meta-learning to initialize Bayesian optimization of

hyperparameters. In: International Conference on Metalearning and Algorithm Selection. pp. 3-10



[49]

[50]

[51]

[52]

53]

[54]

[55]

[56]

[57]

58]

[59]

[60]
[61]

[62]

[63]

[64]

[65]

F28 THFI 9

(2014).

Filchenkov, A., Pendryak, A.: Dataset metafeature description for recommending feature selection. In:
Proceedings of AINL-ISMW FRUCT 2015. pp. 11-18 (2015).

Fink, M.: Object classification from a single example utilizing class relevance metrics. In: Advances in
Neural information processing systems, NeurIPS 2005. pp. 449-456 (2005).

Finn, C., Abbeel, P., Levine, S.: Model-agnostic meta-learning for fast adaptation of deep networks.
In: Proceedings of ICML 2017. pp. 1126-1135 (2017).

Finn, C., Levine, S.: Meta-learning and universality: Deep representations and Gradient Descent can
Approximate any Learning Algorithm. In: Proceedings of ICLR 2018 (2018).

Fiirnkranz, J., Petrak, J.: An evaluation of landmarking variants. ECML/PKDD 2001 Workshop on
Integrating Aspects of Data Mining, Decision Support and Meta-Learning pp. 57-68 (2001).

Fusi, N., Sheth, R., Elibol, H.M.: Probabilistic matrix factorization for automated machine learning.
In: Advances in Neural information processing systems, NeurIPS 2018, pp. 3352-3361 (2018).

Gil, Y., Yao, K.T., Ratnakar, V., Garijo, D., Ver Steeg, G., Szekely, P., Brekelmans, R., Kejriwal, M.,
Luo, F., Huang, [.H.: P4AML: A phased performance-based pipeline planner for automated machine
learning. In: AutoML Workshop at ICML 2018 (2018).

Giraud-Carrier, C.: Metalearning-a tutorial. In: Tutorial at the International Conference on Machine
Learning and Applications. pp. 1-45 (2008).

Griraud-Carrier, C., Provost, F.: Toward a justification of meta-learning: Is the no free lunch theorem a
show-stopper. In: Proceedings of the ICML-2005 Workshop on Meta-learning. pp. 12-19 (2005).
Golovin, D., Solnik, B., Moitra, S., Kochanski, G., Karro, ]J., Sculley, D.: Google vizier: A service for
black-box optimization. In: Proceedings of ICDM 2017. pp. 1487-1495 (2017).

Gomes, T.A., Prudéncio, R.B., Soares, C., Rossi, A.L., Carvalho, A.: Combining metalearning and
search techniques to select parameters for support vector machines. Neurocomputing 75(1), 3-13 (2012).
Graves, A., Wayne, G., Danihelka, I.: Neural turing machines. arXiv preprint arXiv: 1410.5401 (2014).
Guerra, S.B., Prudéncio, R.B., Ludermir, T.B.: Predicting the performance of learning algorithms using
support vector machines as meta- regressors. In: Proceedings of ICANN. pp. 523-532 (2008).

Hengst, B.: Discovering Hierarchy in Reinforcement Learning with HEXQ. In: International
Conference on Machine Learning. pp. 243-250 (2002).

Hilario, M., Kalousis, A.: Fusion of meta-knowledge and meta-data for case-based model selection.
Lecture Notes in Computer Science 2168, 180-191 (2001).

Ho, T.K., Basu, M.: Complexity measures of supervised classification problems. Pattern Analysis and
Machine Intelligence. 24(3), 289-300 (2002).

Hochreiter, S., Younger, A., Conwell, P.: Learning to learn using gradient descent. In: Lecture Notes

on Computer Science, 2130. pp. 87-94 (2001).



60 BzWlza=3 (AutoML) : Fix. EZESHa

[66]
[67]

[68]

[69)]

[70]

[71]

[72]

[73]
[74]

[75]

[76]

[77]

78]

[79]

[80]

[81]

[82]

[83]

Hochreiter, S., Schmidhuber, J.: Long short-term memory. Neural computation 9(8), 1735-1780 (1997).
Hutter, F., Hoos, H., Leyton-Brown, K.: An Efficient Approach for Assessing Hyperparameter
Importance. In: Proceedings of ICML (2014).

Hutter, F., Xu, L., Hoos, H., Leyton-Brown, K.: Algorithm runtime prediction: Methods & evaluation.
Artificial Intelligence 206, 79-111 (2014).

Jones, D.R., Schonlau, M.,Welch, W.J.: Efficient global optimization of expensive black-box functions.
Journal of Global Optimization 13(4), 455-492 (1998).

Kalousis, A.: Algorithm Selection via Meta-Learning. Ph.D. thesis, University of Geneva, Department
of Computer Science (2002).

Kalousis, A., Hilario, M.: Representational issues in meta-learning. Proceedings of ICML 2003
pp. 313-320 (2003).

Kalousis, A., Hilario, M.: Model selection via meta-learning: a comparative study. International
Journal on Artificial Intelligence Tools 10(4), 525-554 (2001).

Kendall, M.G.: A new measure of rank correlation. Biometrika 30(1/2), 81-93 (1938).

Kietz, J.U., Serban, F., Bernstein, A_, Fischer, S.: Designing KDD-workflows via HTN-planning for
intelligent discovery assistance. In: 5th Planning to Learn Workshop at ECAI 2012 (2012).

Kim, J., Kim, S., Choi, S.: Learning to warm-start Bayesian hyperparameter optimization. arXiv
preprint arXiv: 1710.06219 (2017).

Kopf, C., Iglezakis, I.: Combination of task description strategies and case base properties for meta-
learning. ECML/PKDD Workshop on Integration and Collaboration Aspects of Data Mining pp. 65-76
(2002).

Kopf, C., Taylor, C., Keller, J.: Meta-analysis: From data characterization for meta-learning to meta-
regression. In: PKDD Workshop on Data Mining, Decision Support, Meta-Learning and ILP. pp.
15-26 (2000).

Krizhevsky, A., Sutskever, 1., Hinton, G.E.: Imagenet classification with deep convolutional neural
networks. In: Advances in neural information processing systems. pp. 1097-1105 (2012).

Kuba, P., Brazdil, P., Soares, C., Woznica, A.: Exploiting sampling and meta-learning for parameter
setting support vector machines. In: Proceedings of IBERAMIA 2002. pp. 217-225 (2002).

Kullback, S., Leibler, R.A.: On information and sufficiency. The annals of mathematical statistics
22(1), 79-86 (1951).

Lacoste, A., Marchand, M., Laviolette, F., Larochelle, H.: Agnostic Bayesian learning of ensembles.
In: Proceedings of ICML. pp. 611-619 (2014).

Lake, B.M., Ullman, T.D., Tenenbaum, J.B., Gershman, S.].: Building machines that learn and think
like people. Behavior and Brain Science 40 (2017).

Leite, R., Brazdil, P.: Predicting relative performance of classifiers from samples. Proceedings of



[84]

[85]

[86]

[87]

[88]

89

90

91
92

93]

[94]

[95]

[96]

[97]

98]

[99]

ICML pp. 497-504 (2005).

Leite, R., Brazdil, P.: An iterative process for building learning curves and predicting relative
performance of classifiers. Lecture Notes in Computer Science 4874, 87-98 (2007).

Leite, R., Brazdil, P., Vanschoren, J.: Selecting Classification Algorithms with Active Testing. Lecture
Notes 1n Artificial Intelligence 10934, 117-131 (2012).

Leite, R., Brazdil, P.: Active testing strategy to predict the best classification algorithm via sampling
and metalearning. In: Proceedings of ECAI 2010. pp. 309-314 (2010).

Lemke, C., Budka, M., Gabrys, B.: Metalearning: a survey of trends and technologies. Artificial
intelligence review 44(1), 117-130 (2015).

Ler, D., Koprinska, 1., Chawla, S.: Utilizing regression-based landmarkers within a metalearning
framework for algorithm selection. Technical Report 569. University of Sydney pp. 44-51 (2005).

Li, K., Malik, J.: Learning to optimize. In: Proceedings of ICLR 2017 (2017).

Li, K., Malik, ].: Learning to optimize neural nets. arXiv preprint arXiv:1703.00441 (2017).

Lin, S.: Rank aggregation methods. WIREs Computational Statistics 2, 5565-570 (2010).

Lindner, G., Studer, R.: AST: Support for algorithm selection with a CBR approach. In: ICML
Workshop on Recent Advances in Meta-Learning and Future Work. pp. 38-47. J. Stefan Institute (1999).
Lorena, A.C., Maciel, A.l., de Miranda, P.B.C., Costa, 1.G., Prudéncio, R.B.C.: Data complexity meta-
features for regression problems. Machine Learning 107(1), 209-246 (2018).

Luo, G.: A review of automatic selection methods for machine learning algorithms and hyperparameter
values. Network Modeling Analysis in Health Informatics and Bioinformatics 5(1), 18 (2016).
Mantovani, R.G., Horvath, T., Cerri, R., Vanschoren, ]., de Carvalho, A.C.: Hyper-parameter tuning of
a decision tree induction algorithm. In: Brazilian Conference on Intelligent Systems. pp. 37-42 (2016).
Mantovani, R.G., Rossi, A.L., Vanschoren, ]., Bischl, B., Carvalho, A.C.: To tune or not to tune:
recommending when to adjust SVM hyper-parameters via meta-learning. In: Proceedings of IJCNN.
pp. 1-8 (2015).

Mantovani, R.G., Rossi, A.L., Vanschoren, J., Carvalho, A.C.: Meta-learning recommendation of
default hyper-parameter values for SVMs in classifications tasks. In. ECML PKDD Workshop on
Meta-Learning and Algorithm Selection (2015).

Mantovani, R.: Use of meta-learning for hyperparameter tuning of classification problems. Ph.D.
thesis, University of Sao Carlos, Brazil (2018).

99. Michie, D., Spiegelhalter, D.]J., Taylor, C.C., Campbell, ]J.: Machine Learning, Neural and
Stafistical Classification. Ellis Horwood (1994).

[100] Miranda, P., Prudéncio, R.: Active testing for SVM parameter selection. In: Proceedings of IJCNN.

pp. 1-8 (2013).

|101] Mishra, N., Rohaninejad, M., Chen, X., Abbeel, P.: A simple neural attentive meta-learner. In:



62 BiWlza=3 (AutoML) : Tix. EZESHAK

Proceedings of ICLR (2018).
[102] Misir, M., Sebag, M.: Algorithm Selection as a Collaborative Filtering Problem. Research report,

INRIA (2013).

[103] Misir, M., Sebag, M.: Alors: An algorithm recommender system. Artificial Intelligence 244, 291-314
(2017).

[104] Nadaraya, E.A.: On estimating regression. Theory of Probability & Its Applications 9(1), 141-142
(1964).

[105] Nguyen, P., Hilario, M., Kalousis, A.: Using meta-mining to support data mining workflow planning
and optimization. Journal of Artificial Intelligence Research 51, 605-644 (2014).

[106] Nichol, A., Achiam, J., Schulman, J.: On first-order meta-learning algorithms. arXiv 1803.02999v2
(2018).

[107] Niculescu-Mizil, A., Caruana, R.: Learning the Structure of Related Tasks. In: Proceedings of NIPS
Workshop on Inductive Transfer (2005).

[108] Nisioti, E., Chatzidimitriou, K., Symeonidis, A.: Predicting hyperparameters from metafeatures in
binary classification problems. In: AutoML Workshop at ICML (2018).

[109] Olier, 1., Sadawi, N., Bickerton, G., Vanschoren, J., Grosan, C., Soldatova, L., King, R.:-Meta-QSAR:
learning how to learn QSARs. Machine Learning 107, 285-311 (2018).

[110] Olson, R.S., Bartley, N., Urbanowicz, R.]., Moore, J.H.: Evaluation of a tree-based pipeline
optimization tool for automating data science. In: Proceedings of GECCO. pp. 485-492 (2016).

[111] Pan, S.]J., Yang, Q.: A survey on transfer learning. IEEE Transactions on knowledge and data
engineering 22(10), 1345-1359 (2010).

[112] Pang, K., Dong, M., Wu, Y., Hospedales, T.. Meta-learning transferable active learning policies by
deep reinforcement learning. In: AutoML Workshop at ICML (2018).

[113] Peng, Y., Flach, P., Soares, C., Brazdil, P.: Improved dataset characterisation for metalearning. Lecture
Notes in Computer Science 2534, 141-152 (2002).

[114] Perrone, V., Jenatton, R., Seeger, M., Archambeau, C.: Multiple adaptive Bayesian linear regression
for scalable Bayesian optimization with warm start. In: Advances in Neural information processing
systems, NeurIPS 2018 (2018).

[115] Pfahringer, B., Bensusan, H., Giraud-Carrier, C.G.: Meta-learning by landmarking various learning
algorithms. In: 17th International Conference on Machine Learning (ICML). pp. 743-750 (2000).

[116] Pinto, F., Cerqueira, V., Soares, C., Mendes-Moreira, J.: autoBagging: Learning to rank bagging
workflows with metalearning. arXiv 1706.09367 (2017).

[117] Pinto, F., Soares, C., Mendes-Moreira, J.: Towards automatic generation of metafeatures. In:
Proceedings of PAKDD. pp. 215-226 (2016).

[118] Post, M.J., van der Putten, P., van Rijn, J.N.: Does Feature Selection Improve Classification? A Large



B28 THF 3 63

Scale Experiment in OpenML. In: Advances in Intelligent Data Analysis XV. pp. 158-170 (2016).

[119] Priya, R., De Souza, B.F., Rossi, A., Carvalho, A.: Using genetic algorithms to improve prediction of
execution times of ML tasks. In: Lecture Notes in Computer Science. vol. 7208, pp. 196-207 (2012).

[120] Probst, P., Bischl, B., Boulesteix, A.L.: Tunability: Importance of hyperparameters of machine learning
algorithms. ArXiv 1802.09596 (2018).

[121] Prudéncio, R., Ludermir, T.: Meta-learning approaches to selecting time series models.
Neurocomputing 61, 121-137 (2004).

[122] Raina, R., Ng, A.Y., Koller, D.: Transfer Learning by Constructing Informative Priors. In: Proceedings
of ICML (2006).

|123] Rakotoarison, H., Sebag, M.: AutoML with Monte Carlo Tree Search. In: ICML Workshop on AutoML
2018 (2018).

|124] Ramachandran, A., Gupta, S., Rana, S., Venkatesh, S.: Information-theoretic transfer learning
framework for Bayesian optimisation. In: Proceedings of ECMLPKDD (2018).

|125] Ramachandran, A., Gupta, S., Rana, S., Venkatesh, S.: Selecting optimal source for transfer learning in
Bayesian optimisation. In: Proceedings of PRICAI pp. 42-56 (2018).

[126] Ravi, S., Larochelle, H.: Optimization as a model for few-shot learning. In: Proceedings of ICLR (2017).

[127] Reed, S., Chen, Y., Paine, T., Oord, A.v.d., Eslami, S., Rezende, D., Vinyals, O., de Freitas, N.: Few-
shot autoregressive density estimation: Towards learning to learn distributions. In: Proceedings of
ICLR 2018 (2018).

[128] Reif, M., Shafait, F., Dengel, A.: Prediction of classifier training time including parameter
optimization. In: Proceedings of GfKI 2011. pp. 260-271 (2011).

[129] Reif, M., Shafait, F., Dengel, A.: Meta-learning for evolutionary parameter optimization of classifiers.
Machine learning 87(3), 357-380 (2012).

[130] Reif, M., Shafait, F., Goldstein, M., Breuel, T., Dengel, A.: Automatic classifier selection for non-
experts. Pattern Analysis and Applications 17(1), 83-96 (2014).

[131] Ren, M., Triantafillou, E., Ravi, S_, Snell, J., Swersky, K., Tenenbaum, J.B., Larochelle, H., Zemel, R.S.:
Meta-learning for semi-supervised few-shot classification. In: Proceedings of ICLR 2018 (2018).

[132] Rendle, S.: Factorization machines. In: Proceedings of ICDM 2015. pp. 995-1000 (2010).

|133] Ridd, P., Giraud-Carrier, C.: Using metalearning to predict when parameter optimization is likely
to improve classification accuracy. In: ECAI Workshop on Meta-learning and Algorithm Selection.
pp. 18-23 (2014).

|134] van Rijn, J., Abdulrahman, S., Brazdil, P., Vanschoren, J.: Fast Algorithm Selection Using Learning
Curves. In: Proceedings of IDA (2015).

[135] van Rijn, J., Holmes, G., Pfahringer, B., Vanschoren, J.: The Online Performance Estimation

Framework. Heterogeneous Ensemble Learning for Data Streams. Machine Learning 107, 149-176



64 BiWlza=3 (AutoML) : Fix. ESESHa

[136]

[137]

[138]

[139]

[140]

[141]

[142]

[143]

[144]

[145]

[146]

[147]

[148]

[149]

[150]

[151]

[152]

(2018).

van Rijn, J.N., Hutter, F.: Hyperparameter importance across datasets. In: Proceedings of KDD.
pp. 2367-2376 (2018).

van Rijn, J.N., Holmes, G., Pfahringer, B., Vanschoren, ]J.: Algorithm selection on data streams. In:
Discovery Science. pp. 325-336 (2014).

Rivolli, A., Garcia, L., Soares, C., Vanschoren, J., de Carvalho, A.: Towards reproducible empirical
research in meta-learning. arXiv preprint 1808.10406 (2018).

Robbins, H.: Some aspects of the sequential design of experiments. In: Herbert Robbins Selected
Papers, pp. 169-177. Springer (1985).

Rosenstein, M.T., Marx, Z., Kaelbling, L.P.: To Transfer or Not To Transfer. In: NIPS Workshop on
transfer learning (2005).

Rousseeuw, P.]., Hubert, M.: Robust statistics for outlier detection. Wiley Interdisciplinary Reviews:
Data Mining and Knowledge Discovery 1(1), 73-79 (2011).

Runarsson, T.P., Jonsson, M.T.: Evolution and design of distributed learning rules. In: IEEE
Symposium on Combinations of Evolutionary Computation and Neural Networks. pp. 59-63 (2000).
Salama, M.A., Hassanien, A.E., Revett, K.: Employment of neural network and rough set in meta-
learning. Memetic Computing 5(3), 165-177 (2013).

Sanders, S., Giraud-Carrier, C.: Informing the use of hyperparameter optimization through
metalearning. In: Proceedings of ICDM 2017. pp. 1051-1056 (2017).

Santoro, A., Bartunov, S., Botvinick, M., Wierstra, D., Lillicrap, T.. Meta-learning with memory-
augmented neural networks. In: International conference on machine learning. pp. 1842-1850 (2016).
Santoro, A., Bartunov, S., Botvinick, M., Wierstra, D., Lillicrap, T.: One-shot learning with memory-
augmented neural networks. arXiv preprint arXiv: 1605.06065 (2016).

dos Santos, P., Ludermir, T., Prudéncio, R.: Selection of time series forecasting models based on
performance information. 4th International Conference on Hybrid Intelligent Systems pp. 366-371
(2004).

Schilling, N., Wistuba, M., Drumond, L., Schmidt-Thieme, L.: Hyperparameter optimization with
factorized multilayer perceptrons. In: Proceedings of ECML PKDD. pp. 87-103 (2015).

Schmidhuber, J.: Learning to control fast-weight memories: An alternative to dynamic recurrent
networks. Neural Computing 4(1), 131-139 (1992).

Schmidhuber, J.: A neural network that embeds its own meta-levels. In: Proceedings of ICNN. pp.
407-412 (1993).

Schmidhuber, ]J., Zhao, ]J., Wiering, M.: Shifting inductive bias with success-story algorithm, adaptive
levin search, and incremental self-improvement. Machine Learning 28(1), 105-130 (1997).

Schoenfeld, B., Giraud-Carrier, C., Poggeman, M., Christensen, J., Seppi, K.: Feature selection for



B28 TTHF 3 65

high-dimensional data: A fast correlation-based filter solution. In: AutoML Workshop at ICML (2018).

|153] Serban, F., Vanschoren, ]., Kietz, ]., Bernstein, A.: A survey of intelligent assistants for data analysis.
ACM Computing Surveys 45(3), Art.31 (2013).

|154] Sharif Razavian, A., Azizpour, H., Sullivan, ]J., Carlsson, S.: Cnn features off-the-shelf: an astounding
baseline for recognition. In: Proceedings of CVPR 2014. pp. 806-813 (2014).

|155] Sharkey, N.E., Sharkey, A.J.C.: Adaptive Generalization. Arfificial Intelligence Review 7, 313-328
(1993).

[156] Smith-Miles, K.A.: Cross-disciplinary perspectives on meta-learning for algorithm selection. ACM
Computing Surveys 41(1), 1-25 (2009).

[157] Snell, ]J., Swersky, K., Zemel, R.: Prototypical networks for few-shot learning. In: Neural Information
Processing Systems. pp. 4077-4087 (2017).

|158] Soares, C., Brazdil, P., Kuba, P.: A meta-learning method to select the kernel width in support vector
regression. Machine Learning 54, 195-209 (2004).

[159] Soares, C., Ludermir, T., Carvalho, F.D.: An analysis of meta-learning techniques for ranking clustering
algorithms applied to artificial data. Lecture Notes in Computer Science 5768, 131-140 (2009).

|160] Soares, C., Petrak, J., Brazdil, P.: Sampling based relative landmarks: Systematically testdriving
algorithms before choosing. Lecture Notes in Computer Science 3201, 250-261 (2001).

|161] Springenberg, J., Klein, A., Falkner, S., Hutter, F.: Bayesian optimization with robust Bayesian neural
networks. In: Advances in Neural Information Processing Systems (2016).

|162] Stern, D.H., Samulowitz, H., Herbrich, R.,Graepel, T., Pulina, L., Tacchella, A.: Collaborative expert
portfolio management. In: Proceedings of AAAI pp. 179-184 (2010).

|163] Strang, B., van der Putten, P., van Rijn, J.N., Hutter, F.: Don't Rule Out Simple Models Prematurely.
In: Advances in Intelligent Data Analysis (2018).

[164] Sun, Q., Pfahringer, B.,Mayo, M.: Towards a Framework for Designing Full Model Selection and
Optimization Systems. In: International Workshop on Multiple Classifier Systems. pp. 259-270 (2013).

[165] Sun, Q., Pfahringer, B.: Pairwise meta-rules for better meta-learning-based algorithm ranking.
Machine Learning 93(1), 141-161 (2013).

|166] Swersky, K., Snoek, J., Adams, R.P.: Multi-task Bayesian optimization. In: Advances in neural
information processing systems. pp. 2004-2012 (2013).

[167] Thompson, W.R.: On the likelihood that one unknown probability exceeds another in view of the
evidence of two samples. Biometrika 25(3/4), 285-294 (1933).

|168] Thrun, S.: Lifelong Learning Algorithms. In: Learning to Learn, chap. 8, pp. 181-209. Kluwer
Academic Publishers, MA (1998).

[169] Thrun, S., Mitchell, T.: Learning One More Thing. In: Proceedings of IJCAL pp. 1217-1223 (1995).

[170] Thrun, S., Pratt, L.: Learning to Learn: Introduction and Overview. In: Learning to Learn, pp. 3-17.



66 BnitlgeZ3 (AutoML) : FiE. E&S5HkiE

Kluwer (1998).

[171] Todorovski, L., Blockeel, H., Dzeroski, S.: Ranking with predictive clustering trees. Lecture Notes 1n
Artificial Intelligence 2430, 444-455 (2002).

[172] Todorovski, L., Brazdil, P., Soares, C.: Report on the experiments with feature selection in meta-level
learning. PKDD 2000 Workshop on Data mining, Decision support, Meta-learning and ILP pp. 27-39
(2000).

[173] Todorovski, L., Dzeroski, S.: Experiments in meta-level learning with ILP. Lecture Notes in Computer

Science 1704, 98-106 (1999).

[174] Vanschoren, ]., van Rijn, J.N., Bischl, B., Torgo, L.: OpenML: networked science in machine learning.
ACM SIGKDD Explorations Newsletter 15(2), 49-60 (2014).

|175] Vanschoren, ]J.: Understanding Machine Learning Performance with Experiment Databases. Ph.D.
thesis, Leuven University (2010).

[176] Vanschoren, ].: Meta-learning: A survey. arXiv:1810.03548 (2018).

[177] Vanschoren, J., Blockeel, H., Pfahringer, B., Holmes, G.: Experiment databases. Machine Learning
87(2), 127-158 (2012).

[178] Vartak, M., Thiagarajan, A., Miranda, C., Bratman, J., Larochelle, H.: A meta-learning perspective on
cold-start recommendations for items. In: Advances in Neural Information Processing Systems. pp.
6904-6914 (2017).

[179] Vilalta, R.: Understanding accuracy performance through concept characterization and algorithm
analysis. ICML Workshop on Recent Advances in Meta-Learning and Future Work (1999).

[180] Vilalta, R., Drissi, Y.: A characterization of difficult problems in classification. Proceedings of ICMLA
(2002).

[181] Vinyals, O., Blundell, C., Lillicrap, T., Wierstra, D., et al.: Matching networks for one shot learning.
In: Advances in Neural Information Processing Systems. pp. 3630-3638 (2016).

[182] Weerts, H., Meuller, M., Vanschoren, ].: Importance of tuning hyperparameters of machine learning
algorithms. Technical report, TU Eindhoven (2018).

[183] Weerts, H., Meuller, M., Vanschoren, ]J.: Importance of tuning hyperparameters of machine learning
algorithms. Tech. rep., TU Eindhoven (2018).

|184] Wever, M., Mohr, F., Hiillermeier, E.: Ml-plan for unlimited-length machine learning pipelines. In:
AutoML Workshop at ICML 2018 (2018).

|185] Wistuba,M., Schilling, N., Schmidt-Thieme, L.: Hyperparameter search space pruning, a new
component for sequential model-based hyperparameter optimization. In. ECML PKDD 2015. pp. 104-119
(2015).

[186] Wistuba, M., Schilling, N., Schmidt-Thieme, L.: Learning hyperparameter optimization initializations.
In: 2015 IEEE International Conference on Data Science and Advanced Analytics (DSAA). pp. 1-10



(2015).

[187] Wolpert, D., Macready, W.: No free lunch theorems for search. Technical Report SFI-TR-95-02-010,
The Santa Fe Institute (1996).

|188] Yang, C., Akimoto, Y., Kim, D., Udell, M.: OBOE: Collaborative filtering for automl mitialization. In:
NeurIPS 2018 Workshop on Metalearning (2018).

[189] Yang, C., Akimoto, Y., Kim, D., Udell, M.: Oboe: Collaborative filtering for automl initialization.
arXiv preprint arXiv: 1808.03233 (2018).

1190] Yogatama, D., Mann, G.: Efficient transfer learning method for automatic hyperparameter tuning. In:
Al and Statistics. pp. 1077-1085 (2014).

[191] Yosinski, J., Clune, ]J., Bengio, Y., Lipson, H.: How transferable are features in deep neural networks?

In: Advances in neural information processing systems. pp. 3320-3328 (2014).



GO | EZd T 22 AR

FCSWF « BRWEE ©, # « FHME - B O, b o F4FC

#id: 25, REFIERSZESHBIFT BEHY, wEBRG . EF RN FoEHE,
M —HEREEN—NFTHEFANHENZEN, BRI RANNEEM AL ZdAE
TXFHEIUWN, MFARIUHNEENX —IREAR AR W%, EE AR, B EHE
Mg S TTE TR RN R ERRE A, AT EEFAZIOR (WEWEZEWE R, NAS) A —
PMRALEAR, AEMX - IR IAA TEHATTHR, FAERZE, #RREME
RE Vi SR B = AN 4 AT IX — A A AT T A

31 51 &

R 2 S TR B AT 55 LT BAS  RlTh , FEAR KFR R _EAROB T 4 E TRE A2 1) B 3hik
R SR A S 21 3 1 7 SN A 22 21 B IRAL R AE SR BN S, T HEZ B B9 N TIREURFE. 1M
FEBEIX — R Ih H 2 H 2838 K e 45 220 TREMI R R, BT 38 11 o 4 28 X 45 22 4k
Kk 2, HARMMA, MEMNBZEMEER (BIMHENEZE0 E M) BN B 3l
BHE] T —ANFEREM A, T, NAS ATIALA AutoML [{—A>F4its, H5i@ES
it (REANASRE 1 E) s (AEAAESRE 2 ) HEIEE KRHAZE.

AR ENG IR R 23 [6] L 15 R RIS RE VP AL SREE 3 N EREXT NAS B 5347 0 KA 48,
Py 1NN

© 5« BREE D

fEE B RE X EE B FUAT

HTHifH: elsken@informatik.uni-freiburg.de; thomas.elsken@de.bosch.com.
@ - FHEBER - 5

EET A% - itk AERARBEHATERS L.
@ =T - FHF

e E R E R E T HEILEF &



<

BMETE, HEZREZZEZ LT TUALATHREANZ ML LEH, £5ELSTHE
A5 58 PG S 38 S 12 T VA TR ARAE & 2 ) 9 AL, SF AR ML ka9 2, KM
XA FXHPERAIGREZ, ZhEE—ERE LSMEIERIEBLE L ATA
kiR 0 AT 5 AL AR

HRREE, HRREF@A T T e rm PR E. HERR L4
BIRE—RAFHE. —F &, ©FFRAPH KB EAE R AT a9AP 2 W 4 2 A
7 — 7 @, 6 X H R A TSR R AR W 425 ARG R,

MEEITfHREE, @ M=, NAS & B AR2 K3 e 8 £ R LB I8 L3R 13 & Fml &
Aty 22 MLk 4E A, Wb AR IR AE SR T IE AR AT IR AE AR, R Rk
A BBAELE LS ZERPIAT—RFEG N GFelitd 42, (2R FHRE T L
it F 2w K, RmRE T TR RO EHAK T, EH Hhit, EHGR
% TARAR B A2 A h Ak 98 A A AR AE AR 89 7

3.1 B E/R T UL 3/ (HERTE. #RERIR LR VR, R 2 (8] IAH

il

BxRFR. MHA, AEAFWBRETUE 3ANYEFHTHLAMR.: 3.2 97 FEXHE R T 6 #
T 33 WEENRERER,; 3.4 WX AR ERITER. &F, 3.5
T KRR KRBT MHFHTREMBLE. B, KEANETEERET TR (23] BIFR, B

£

132 W] DA 28 159 5 12 TR

25 AE€EA
BRI o mmaws [ ::Iﬁ%ﬁﬁﬁﬁ
~—
ARIHERE A

B 3.1 MZEMBEERT EEZHMIEE

Ed: BAME, BAMERERSNTUE LB RTE AP EFE—IMNEEN L. BEEHESENEAEED
PEREVRAL SRS . FETR, TERETHAS RIS iR Bl 45 4 IR REPHAE S5 R

3.2 EFE%FE

BRZEE X T NAS GEREN LR R R MR E . Xy vt THE
T W R 2 E AT A




70 BiWza=3 (AutoML) : Bix. EZESHE

— /M PR T B R R R 2 B S A Mg T, WK 3.2 (a) P, HiE
M5, G ML MNELEN A ] RS — D n BERFS, Bl A=1 o---o [ oL, . HH,
FIELTMARASRI -1 ENmL, ME ERmEBIERNEi+1 BERmA. fEE, X#
RERBATSHAMNL: © (WK BEEE, ZHETTURASZIREN:; OQFETHAT
HIERERM, itk SR EENRRNERRY, EREZEF] 7 EEHR 1Y BY kG 68,
@FAEFTXTNIE S, WMIEHEB[IE. BIRERZR T B U 10 590 54 1% 482 5 4% 1]
BfE W, FEFENRZ, OMRINESIRTORERIERE, HHERTEEKZS
B IEREEKER, TRAFFE,

(a) (b)

& 3.2 ARZEMZERYE 2T E

Ed: B RANT A MNAHEMEN—NMNER, MERESRMAE. AT EBREANENR, EFRL%
FEREAR, BEHEAR. BELAREL NARRLPRMEEEZL WA Hd, (@ BHA—D
HERAGHPAIMEZLEHZE; (b)) BA—IMHEERRNERER, ZERZERFETINIMNEERE,
% o SCRTBRER 42




B3ITF HREMEREER 71

T NAS TAE © 11 2L 22, 49, 79 Fr 285 ) = T W2 45/ T g A& T o &= (i
PRERER) » BRI ER. 2o XPIMEML, WK 3.2 (b) Fin. Hf, Bi
R NTT LB RS & T 2 il Bt e g (09, B L") » S AZ R HT LA
ELEMESHIRBERERENBHE. XEAH - R 5XEMHNRHRRE: OF 25
REWMLG, TTRE g (L% L L") =LY QFRKREML B, 2%t 2 /i 2 K14
BEAT KA, B[ gl.(L?i“l,---J,l““‘,lf]“‘):L?i’;+L‘j.“‘,j-:z; BF & % EE M 2% DenseNets?®, £
2 BRI AT R, Bl g, (.- " I3 ) = concat ( L, I3 ) o

ZF LHEEEH PR EREIRRES K B 2 62, SR [75] FIOCER [71] BIEE RS H Xt
X LR RN BRI Dh e gt AT 8 R, MIFRREBENNE S, REmS, HRE 1
SN AF KRB EIT: OFNRETT, FEATHEFMANLERE; QAMEI, &
ZHTHRETEYER. fEE, SU—MHsLE X7 A X s g o, dmair
RATMEMggitg, mE 3.3 . SZETieIERTEME, ETRTERT
[l B BELS

AR ARR RO, AR TSRO AEEARERIK, R T, 5EXFZ

AT 6 ARG T, A ILAE 69 TAF U9 fE3RAF B B Mk e BB, 4235 STk % AR
5T T4,

AR AR AR T, FATAE AR HTH D B IEE.

Fo b, fEXF A CIFAR-10 4038 & LA AL 89 3£ 70 i1 4% 3| ImageNet 3%
%6, BATT L a7 69 mAFHEAR .

GRS, ETHMERTEERZ I TAERHREURINE A W 2 57 %46 0,72,
Hai e A2 T HoiE R EE, —FHfsit BBy, BiafE#EFE s, R
s, AN AMEAZ DR kunfEREI B LERIER ., 26ME, £
SRR [75] W, ERFERTHRITENL T — PMRFER, HdaANfoak HmAarE B
P HAE N E SN . THAESCER [11] P, EEHHA 752 Fsh it EZE (40 DenseNet 299)
FHImR G, FHFEBRMEAH 7T XEEM R R, JJ I E, BurAE ST AT R EE R,
MEZ X 2 AP R FER NS E BB R Tl R BABBR T, TSN I/EAN NAS
—&84r, LB BN, tEWITREBRESMSEER. R, MR TEW
&M T KRR, B REESTESTEE,




72 BmfsEE3 (AutoML) @ & ZRSHkK

(a)

3.3 HuERZERME

Ed: Hr, (a) BRFWAIARMET, EHAFEMRET, FEHALRERT ™, (b)) EAETHET
RGPy HF 32 T SR 2 2k G54 . RJEEERR, W A—MENE R Bo#THE, W
213, R E R RS R e Bl AT

SR RAL T — Aﬁﬁmil%ﬁﬁfmuﬁqzﬁﬂ%ﬁ?ﬁlﬁl 38, R EHEETEARN

8%} ﬁ B EHEARFEELAR; B2E Tﬁﬁ%ﬂgﬁﬁﬁﬁﬁﬁﬁﬁﬁ%Tﬂ

DiRes Tl i 28 =2 HAE U gm b AT i 82 55 — E Th e 8 ) Dh Ae I Pl 4 A, MR ISR

1M 2T e K R 2 (8] A] LA A B IR E R R — R pl, KPP BERBENN=: &
—EHI D Re BT N T BT, BB NE RS TS

R R FIEFRKEE LRE TR B R 4E: B EEXN 2T B HEuii

A E s WE R, AR ETIRZIEEs BN &4 (RAEAR RPIER

'\.._

-

T




EERILS
LA 5 R

H

FERIR R
TR 2110 e & B X Le A [F] R A 48 22 25 8] (48 2R SRS

i K

AlF, ST EZRETER - FEFENLE, B2 &L EH
ERR&E. 4

3.3 BEERE

sHlms, 18
22 (6] ] LS B — ™ 40 4E ) SR 9 B [a) B, B — ANERE 2D B A [B] ) AL A 4 A\ -
FKAl s, i FERTE T UBKLIRNEE RNERE, #Emaesr=4R

e

e RSEI AR P e, PR B oG

B3ITF MIERMRIUNIER T3

ISy L)
N5 EHER

FE K

[

HIRZ B IRE MM B R T E K ER KL, WEIER. N
% ik (RL) RETHENGZE. MR ER, BUCFEEEZFRIHERZ T

=y

2000 27 Bl

TP ELER T,

DL R AE S B B AR £

N3

AN

RNEMW TIEE

AR R BN 1R,

FIPEREAS T (RAANREN 347 o A
g o Bilan, 7ESCER [74] H, HERFELR
B, MZFRE R MENKEWHITRIG. R :
LSRR (PPO)

A
e G b R A — A A
ERERINGZME, TE)E LM TR " &, A1
2% AT UIIZR. FESCHR
T 38 B — A R 4%,
FFoiRidrE, A

R M6,

X

FH I 5T ]

=

F 2T 5afb & 3|
S IMEREZ S, NAS SR T ML 2% 5 4
T REMIFEZEIE (800 4> GPU f#
ZEBRKR, KT
N T ¥ NAS & Xpl— sl 5 = Ja) @i 1 71 74 751,

] RAR R 4 9 2% (1) 5 KA S A IS AL &
CAEBEAT TR .
H 2013 sELLR, DIm-ErRfb7E NAS EEUS 7 — 2 B HARG R Th, W3R T &Nk
- AR AT RE G R 1 R R T ELAS T CIFAR-10 ##E4
AR T RN R T KI5

e — |

(.

8 2R RIS T

AT A
INGE Y

. B

5, WNSCHE [2, 25, 55, 56]. fESCER [67] B, BkXT

e b B i1 RE 1Y,
5 — AN E SR 2R 10, fe R 4

= CIFAR-10 (3242 f1 Penn Treebank ZE#4EMNR FEE A =

HB) Ve A B8 R 25 (8] o 11 & e 445 1) 22 Jily I

FUES NS
W X B AT SRR LU i 2 R 2 54, SR 4R

I 3~4F

H,

A 22 WX 288 B2 42) 1) A B
FET NGRS TE
s b 5 2] AR E 7 E BRI
G PR 42 ) 2%

I:In

4] #, N 5a 5K A Q-learning 77 ¥ I Zx— A S B
AN S . XETER S — M A 2R

XK F MR IEE, Ak, R M g
) ARAX—4R., #MIINTIEZE,
S BT BRI F AR — D IR T P .

AT AR AL
AR WAE -
(EEZN )
(RNN) 3%
flATIR F i

, IR L
AL
5 95H



74 BatEFES (AutoML) : 5E. ERSHkK

LR

AT RFESMEREE, T CRITH) XRERE — a2 FEHREN. A, BT
XA F LR ERAE SHE#HITEE (RAEMER AR, A TERER
BIT LLKE PR 48 45 ¥ R P FR R R BN B E R I P A 2 N EM . T H, XK ssil
> 1 @R AR T TERASH 2 B 2 R LA .
TESCHR [10] o, ZEERM T —FhAHRII 7, BKE NAS & SR 7 id 2. 78
AT A, REAZET BB MENE LR, EZRASAERIMETT, 30
VEXT BT INREPR B R — N, BRI LA 12 63 (3.4 5 thxt s 4T 7 Hrdd)
b J5 MG ZRPr Bt . N 7 N AR 48 544, AbATIAE FH AR LSTM ¥ X 28 55 14 4 b5 N4
DIEKFTR. T ZmSRRN, HANZTREXRFENE. HXHEHor#ITHERAR T
Fug, Hiz Fug K A oA SRS AR FE FE BT i Bl om H I 2k . /WEEEWL, HTZTE
ARV R FE—ARE (LR, Bl RS & 2 e 45/ 75 18] _E R AR5z AL
VAR
{81 FH AL 22 ST o0 — Pl B R R 2 AL 50, RISR A AL S SR IR AL #i 22 X 2% 45
. PEIRATAEN, 28— AN KRB IX Fh B BR R VL vH i 48 ) 4% 45 ¥4 1) T /E AT LLIE 3 3] 30 £E /i
FESCHR [44] 1, KEHERHBAEFIE R THNE S, FH08 B 4L 5 77 P40 N 25 1
WE. WIBEE, Rt bk @ 5 56 g B 844 JE R LA i 22 X 28 55 7 FTEAT]
FIE . R, ZSATHREFIMESEEY REAAEA ANERIRNA ME ML
it by, ET SGD WINEMM T B At T EE C. Hitk, REIAMEHCE
V% (22, 38, 43, 49, 50, 50, 661 F Y i FH Bk T A6 B 1 7 VE R LA I 48 AL EE, T A SR A Ak B0k
ARSI AR 5 o A E S — MER M BT, ZEMMER TN Z (7]
e IR 1) MEEWES. T8 NP RT, 20 NP I — A,
M Ja, ®HAERNA, HEdRERIEA . £ NAS i 5h, RAEFEIRREHERE,
g e ER — M S BEMZEREZ ., EnkRiERERSZISGESE. Eil
a2 G, MEMENEME (NEKIEE MR TR IFE AT N 2] F
ﬁc:ﬂ
22 A 7R B DX = BRI W R ACA . B AE A L. 255,
FESCHR [38]. [49] A1 [50] o, FERHMARTRIEIRE O RERAR. TAEHE [22] 4,

limmli

© EMBREHATIEXRSA, URAEBENSTZMEHERT AN (%S4RS vs st 51, B L 3
HAMHE, #MEEBEETHRENRUCEZEEREF . R)E, EFWEFIES L, ETHERNL
Jii%ik & H s oA E AR i



BRI M2 B briH ZFERTE AL
IRESBBRMBEET N RENME. T
DA o TESCHR [38] L, XIEARFERE
22] #, BIRETE EE)

BTG, Ak, 7ECHER

A8, &R e NE3] !

TR [49] F
R ME. AT E

|BE R ITERELXAE . 7ok, £
1, i /R R IR R R 2 1 1 (Jk
ERJEAR R Z TR ELEREELA
] 7 h B AogAE, B {3 FH P 2%

HIACE) "] DL Mg A% 3% B 1 P28 . 7
RFWEILFEREARXNT I EARREZZIEZHNSE . BRZXFPYHAT

BITF MIEMRIUNIER 75

ESCHR [50] 7, i

ESCHR [50] . T
A R S P

FIDhRERE, ATHEETREVIAIGEMN, EVAATREINRFE EE . BE, MmAIEniExd

FARBATHE, XA AT

= NAS SRR Ak 22 31 Z AR 1) — Fh J7 7

B 835 W sl ) AL FAMBERLR KT T RO, SRRV fERE
AR E L, SmAEIMENEERIMAE; EHEERT EFIEERE, UK
AEBS IR BB /PR . TEMATRSEIR S, s I RAAEAL FE AR TR R, A

i Z 7R/ 7E CIFAR-10 ##E & L, FEHERNNERKIRET
WEERIMNRIRZEAE 3.5% A . ME “EAEsE” , BN 7 ix)
J5, FESEPREAESY R R 77 H]_EHIRE:
REREMNMAHE. REMS, BIERA
ImageNet 2L EE F 1] top-1 WAERZEN 21.0%; 1) 2 -

ZiT 2%. fE
- CIFAR-]

WIRZEN 3.75%, 7E ImageNet | HJEIFIRZEN 20.3% .

DI fit A (BOBD & i b

A BB BAR 2 BEAA R,

(RN B AT S [ 4

12| NAS F

HFEZREMRGEESL AL . Hr a2 55 60 MR EEGE K S BY Oy 14

1, A

FARFEHER BO

R
0 Z(5 5

CREAL I TR T

HF AR

E 4% KA, AL A
IS 2R 2 &
1, XS R ILEATZ 8] B
= ERIIIRZEN 3.9%, TE
E CIFAR-10 _E fy

S5 1 B BONRATI TR L —

~RiTd R,

12T &

W R B DU OiAe v, MR RS A rh#EF H TN ZERE, AT EANERA
BAAHF I EREERERE. SZHR, AL

& B EEENLARAM B REMERAEF |

S 4E SRR, FF

CAERAET RS (i Parzen fl1t
2z B 18] & BX A H Al &

WP HOYE RS, T LA 9 FIR DR AL R 2 R S MR TR LA S 1 10 40 o0, BAREGRS
—ANSERMIELRL, NI RIS AR T I Vet 2 (T AL B 59,

ZRA R R 2 BB CUR 7 AT T IREK, B

15 FIRG & B B I & T

PRI TT i BT, NEIRE. X8 W K4EE B & EMIR TSR 7T #2817

RIIR 54, R T A RERIEE . BAh, FECRR [21] ¢
GEREET TV W EE N 3
R AF AT LB, (ERES RN,

ENERIIREIG], E
5 B ) 22 P 28 2R A

-

1, BORKESFRW 17—
Ol AR MBS




76 BaiflgE=®> (AutoML) :

ST A TTIEAEL, XS5 B9 R H T 4% 3 45 8] [ 3 22 A oth DA S B T 1R

B RESHix

fite: SESANFEREE —MFPATHERE o, (IR BB BRIESE) MRKIZ,

HEHETTE—HRIE {00
%! jgy:_z;{fﬂf (x)“'r{f =0, Zﬂ% =1.*

XI55 N B0 A8 B I SRS AL E
HIBERE T FE, SEI T IR ALE MM 28 S5 M D0 . )5, 2T i=argmax, 4 Fkit &

o\ MMM S . BT S, AEMKEOHAY, WX
e, R B, R RO B LK S K. BEJR

ipy

& T BEREGAE B0 88 P 2 I 28 g5 /) 2 80 (D A

Ml I =

)

— AR R RO LRAE i, BETTHAE — AN B O e 54 . SET 48, FT R BEJR 1) Al e 2 o
th SRR T 3T B RO R B R IR AL T i, AR AT 1 43 S R A0 I 248 J2 4 2 R,

%J%%ﬁﬂ

3.4 MHREE(ATRES

3.3 /N R IE B 1
UNAE A W B b i v
REIEAT IR Ad . f A TR &
o SR X

R 2% S5 ¥ A 1)

i3
o6 UE B B VP S 4 BT e

- NTIHRFE
L7 R e N R B s BT 4 31711 25,
“NAS T E, MRNGBNFIEARI Mg, &

-1k B e I KA VR RETE AR HU A 2 P 2R 554 4
I RITRE, XS 5 25X 4 € KI5 RE 1Y
RIaTE

HEPEBTA CPUBHR M FAR 10 0 119,

AT FARPPE RITHR S dH, AT DR SE 52 21| 255 SEPR it e RIIR R B

FaAR ) RAG T

fif B8R PR 1
FEAR T i AA, (B2 ENIWEE S S 5]

AR R RS R AR
AR E. SR, T — a5 1R, =
Xk kA BEZNL, XE—ER

21§ 1 B

ARSI, I e R FERRE, X
RS 1T AL 58 BE PP 22 8] 1 22 ¢ AR KR 1891,
E_ERANZ DRI REE P ¥,

(A AR AR

4

b

| S——

L X R R EE EE R R NGRIRE ™ PSR 15 B AT 125 BY,
EHE B AR 1 T ., BARXERAREZ T

3t T e E, X2 R AMRESE SR th

A et

it MR RSB A 5 FT (0 KR T4 MU & 1 1.
4k R TRIIE B2 M4, B2 )

ZWFAN W
K E R ,UJ.%'EL. LK D
E BN T TR ER 72 >

..,J

~I:L

N

2% I

[32]

v PLELR VO RETR R B FHF R T S S,
|2 L 7. XN BT ZR T — AN R % Tl 3T I £ 45 14



PMERE R MEBER,. FEix T,

HITHIRF R TR PE RS, FFHERTEL )
T 22 P 28 25 R VR RE R E B FRRAE T N T
KB ERX BRI 2R 25 8] B

fE#& H B XK
Zx B 2

5 TR

BITF MIEMRRGER 77

122 &AM HEVE, MEREEE TN/
PR B K 28 5544 / 86, FHL b,
W REFE, TEETHIEDIIVEEG

— PRI P BE AL TH I TR R T H0 ol 50N 48 45 44 A B R W AR 408 X 48 S5 R AL
Y RENE TE IR B JR UG P 28 ThAE U AT 32 T SCHF

B, KX — HARE —Fh 752 Mg 2S5 B, .
X 2% ZEHE ) e sl 10 1 28 22, G AGAS TS 20 A Sk Xof X 48 2 AT V)1 5 3l BE 95 A B S T I 4% 11

JIRRFFEERE. 7hb, L aE TN Bl HIZELL I ZR AT AR A N 2% 2556 B s R 1) A 51 RE
T30 IXEETTIE I — AL A& BEBS SCHF IO A B E 14 22 ) 2% 465 Mg RUST [ B PR 482 28 5 1) P10,
Fihb, TR IR S A SRS ARE R, A A] g8 i T 8 5% B #H 42 M

K. A, XATLAEER

1 SCRF A 42 0N 288 25 R SR DT B IR 48 25 5 T R 2 i 142

—2F (one-shot) Z5HJIRZ 2 7 — P #E 1 IEEREVHAG K75, ERITAEH
ER—NEE (R RIARTE, FHEHSIXFEETALERTEHZE R

7 22X W 48 G5 M 24T 1

H
AR KN RE, BAE™
MSEPR I RE 2 AR ORI, BT LAVERE
7R M2 57 EZARBAE R X —

603946 520 R B Zrh AN — DR FI B E
— AR 25 AR, i AT AR AS3E4T AR fT B

BRRHEAT

L (JIZRT A=) , B e @4k K

LRI SR ET IR T PRAE AR I 28 B 55 1 (X
LegitEl 2 — SR T ED o XA 7 MRS ER S IIEE, B
e AR S UE RIS _E VRS P2 S5 PERERI AT . 157508

LR T M MBS MR SRR ERE . AN BT THERE
g EL AT FE XS W 28 G HEAT HEFF 1o ANF—25 NAS

2B =, ENASHS 22> — N FEag

8 R 23 (8] PR A P 25 25 K 1) RNN #5188, FF 2 T 58415 2 i I U8 BRI 4 — D B ARY
DARTSB {5 B $8 & 7% [8] 1) 3% S gt X — 20 828U (1) Fr 3 AR [ B AT 040, i 40 ot

IR R R AT . XAZE T,

FEEIE— SR 4N B IR A R R T . A O % AR —
W, FEEBIE R T AT IR, BN

ENAS 1 DARTS 7E I 2 i B2 AR AL 0 22 P 28 25 K 10 — AN 20 A, T A 25 (61 B s FH 1)
ERT AR —ANE B A . B Ah, AR O 1) 7 1 B 3R 15 1) /5 14 B 3% B AL E L E
(HOEEFER) BEESANE SRR — P NASHM—FIERNER. 5XEHER NN

KE M ITF ], KAt

= RSGHT X 2% R AL R
T T AR e P 2R ZE R AT I 2 O, X B FERX AR, RNER R R IR 2]
HEHENGEEA R (BT RN EERD 1.

A b 5 B P 28 HEAT U 2R B AT




8 BaitlEZE3 (

— 3 NAS i —
EZE IR R 7 B BN E 5

AutoML) : Bix. EHSHkiK

AN 3 PR il e 2L T 5B 50 2 X E S B R EIRGAE 7B B,
A 7E GPU N A7 1 3B & Jy y5= 41 7 b PR 1] A A X5 858 /)s 1) R
AfER=E, HEEEES5E TR oBRTEBITEE. BERETHELENS

VEREWS 7897 PRI NAS A & B R IHE N T GPU B B R FFK 2% T4~ GPUIBH KD,

ARG M Z G R AT S — DR — AR, B AER el ERR P I

AFERIIRE . 2B,

B 0 1% R A L«

AT XH AT REX FENAS i B U, FFH AR RAEF AN O

ERFES AR R AL B 2 —

NARGER T RARRK

3.5 XEBH M

AFFEIL T &
hE B 42K H) NAS #F 5 E.

L

it

=~ NAS éﬁ%ﬂﬂiﬂ%ﬁﬁﬁﬂj”iﬁﬁ HElmsS, K&odla T

HE S bb L Ath e B 5 2 3th PR 2R 48 2% 2 (B e ¥ o0 B M0 46 1 L W

= FE B EA P E 98 A G AL X EE e I 2R 454, BET AE 8 1 5 18 R = 18] FH i

=]

BAAME, X EAEPER LR G AR BT 5

AER— N E R E

J7TH, XA NAS $eth 7 3R% B Phltt 24 .

fE

A

NREANTTRESTERG D RES LR R R ML LS, X LR

ZEF) IR HEHE NAS

8] A3 X T 5 2245 BN fR] B
SR LER], AR B MK NS A LM% A TEL
g 2K A @, B NAS N A BB /ADHRRE . £

b, BATAAARE 7 12

ik, 5—7

M, EEMAATTRERNMRRE X —PTEENERT
AL T BT NAS 1R 37 2 4 5E & 2 8k C A &5 /) K4
ERAEZER. ET

0 E A A R IR R NAS R BIVE S B 09, 3 ML 9, BRSO R

F 4 ® &k, TR NAS M T
A RE R AR KRNI — TR ETT A

AN R NZ

SR 3] AR BT A 1B S B E A A A A

55 1) R 16 21 25 H Ay A) & 20 22 B it NAS ik, HAER %

BAE AR AR N AR R, 2FPHER NS L EGE. 52K10, &
NAS " £ 2| RL/bandit 7775 EBRERKRRK (0 3.3 WHEEKD , "R B %44
#H?"%:i‘hﬁ?%ﬁ%ﬁi%ﬁﬁﬁﬂ%ﬂﬁ%ﬁ&*mfﬂ% CEIVRT DARE X 2% &5 7 1) v e s # 31) ER

W bandit ) . 7EHER [47] F

2l ﬁE%Tﬁﬁiﬁf

, PSR = BN 7RI T, B — 2 NAS #h

T 5% 5l S SRk A

J&

A FI R Mg 55 . BRitbZ 4h, R NAS M +#



5

REEXT DU SR B 11 B g O 42 P 2 G5 2 L T O B — M ST T AL

5B KK
LT RS
BRI RAEFF

—
—
-

&
AR R
AE 18 R AL AN
XI5 B8 i i

i
7= e

% 5E U — AL S R I
8 7 A [F] R 70 AT 55 Z 18]

NI ANRE LS, HAMELLZ RS
Rl IuE TR A& AR (o
R BN — MR A E IR G5 1 1) 18 R 1],
T E R

8] &

5
<~

ENEEE
il

AAN 2
EHES
Bl s, Xt
188 5 18],

DIf 44, T 1261 g 2
MR, MELT NAS B & 308 S0 B fi 22 I 28 45 4, IX &G
HFHIHEE R, £
LB, SCHR [33] VEE T RA L

LB RE
25 X 2% [ Bk
Ak / 1
WA, A
V2 B A% FH Y
HNEEATF

;I%_j}égiﬁ [41, 50, EQ]‘

OO BRI i BT/RA « B, AR E

2T MixUp B 515 55 170

1E U £ T ) 5 BSOEE 2w A A AL

3@%%@{‘[@.%: 15;:57%%1 A1z K>

, NAS WEE e B&E R Tt

ANE NAS Fir i 2955 8 2411,
MBS, BRIBZIEESH
IR

3
T FE

|25 F2, IE
| R %R K
ETZ
= AT 78

T, K. )
T

T CIFAR-10 £ #24

A

~HE B B EF

:

=t WATAEHE

AR
N
:f’ﬁn f

BRMMESEREXT 1

TAE. B, LEERTEEEE T WM E XK
IR . N R B8 R R PR

IR R 2%
- CIFAR-1

LS 1) SO T

Aﬁii‘ﬁt

P RTEFAIFRT. 4
eftEmiT s, HEET
AR LE B g £ 2 IR &5
P& A A= R oa/D
2§18 NAS [,

ST =

A

{[ER

53T fREENEITRER 79

= E%

ERKRRE L
gt (BRE
JJ:,-
EE%T“%'Z',

EHE 4

—4

.

~ ) A B

25 P T RE 1O X E AR R

4k Fe Hop Rl 2= 38 2 A
2 ERMK o FF

Le-

=R

APEREE =

0 &L EER, (EiXEs

A 2R ) S8 X SE 56 R 1

AR,

A

%

=,
o

Rl 25

i

L

]

= CutOut B Z45
K 2H & W EU i 3 5 16 )2 Sha
ﬁ?

|

Shake 1F

Ak, AL

b RE

- L AN

L FEEANRAWARE

—

=E:l

»

PLEE S PR LB I AN [A]
222 E, Xk [33] F SR e B

Ui AutoML R 48 1 — #8201 JE AL b i3E 47 P4l 2 — AME
HPE R EE 19 5 NAS —&fiih.

EIRNAS 2B T4 ANNRERZIFHRERI, A2 Harmik,
0F Hib g B D (] o R AR R G5 M RE RS
ZM. &5, R
J I 500X 25 T et 7R A

1

~

AT Ae . ROy fiX L
A ) 2 _E Rz ALRE ST, B

H

TAE R 4f 5L

Bid TR E. 7, B NA

IR

BT

DIRemA T 1=

iy
HE F& E

] NAS

=

EiEsscz ot
1,9 AN A 22 ) 4% 5 ) A
HT AT E AR S H S EH C L
HEHEREEIE. AT REZ 5 NAS 5

S HEAE

BRI TT 1A, B

B AR LU
E ML MR REEA
LR IfERE, A
ERERNEZREREBHFIT .

%« PEPE ., 5 e 8 « R FE S « ¥



80 Bz@lzE=E3 (AutoML) : 5. ZRSHEK

PG RR TR RIIR ARG T OA MR, R, Bl B

Bk B Hh ST 28 2020 BF A

AW H” AR T/ERMHEES R (EE&EHS: 716721) .

S5k

[1]

2]

[3]

4]

[5]

6]

7]

8]

[9]

[10]

[11]

[12]

[13]
[14]

Ahmed, K., Torresani, L.: Maskconnect: Connectivity learning by gradient descent. In: European
Conference on Computer Vision (ECCV) (2018).

Angeline, P.]., Saunders, G.M., Pollack, J.B.: An evolutionary algorithm that constructs recurrent
neural networks. IEEE transactions on neural networks 5 1, 54-65 (1994).

Ashok, A., Rhinehart, N., Beainy, F., Kitani, K.M.: N2n learning: Network to network compression
via policy gradient reinforcement learning. In: International Conference on Learning Representations
(2018).

Baker, B., Gupta, O., Naik, N., Raskar, R.: Designing neural network architectures using reinforcement
learning. In: International Conference on Learning Representations (2017a).

Baker, B., Gupta, O., Raskar, R., Naik, N.: Accelerating Neural Architecture Search using Performance
Prediction. In: NIPS Workshop on Meta-Learning (2017b).

Bender, G., Kindermans, P.]J., Zoph, B., Vasudevan, V., Le, Q.: Understanding and simplifying one-
shot architecture search. In: International Conference on Machine Learning (2018).

Bergstra, J., Yamins, D., Cox, D.D.: Making a science of model search: Hyperparameter optimization
in hundreds of dimensions for vision architectures. In: ICML (2013).

Bergstra, J.S., Bardenet, R., Bengio, Y., Kégl, B.: Algorithms for hyper-parameter optimization. In:
Shawe-Taylor, J., Zemel, R.S., Bartlett, P.L., Pereira, F., Weinberger, K.Q. (eds.) Advances in Neural
Information Processing Systems 24. pp. 2546-2554 (2011).

Brock, A., Lim, T., Ritchie, J.M., Weston, N.: SMASH: one-shot model architecture search through
hypernetworks. In: NIPS Workshop on Meta-Learning (2017).

Cai, H., Chen, T., Zhang, W_, Yu, Y., Wang, J.: Efficient architecture search by network transformation.
In: Association for the Advancement of Artificial Intelligence (2018a).

Cai, H., Yang, J., Zhang, W., Han, S., Yu, Y.: Path-Level Network Transformation for Efficient
Architecture Search. In: International Conference on Machine Learning (Jun 2018b).

Chen, T., Goodfellow, 1.]., Shlens, J.: NetZnet: Accelerating learning via knowledge transfer. In:
International Conference on Learning Representations (2016).

Chollet, F.: Xception: Deep learning with depthwise separable convolutions. arXiv:1610.02357 (2016).

Chrabaszcz, P., Loshchilov, 1., Hutter, F.: A downsampled variant of imagenet as an alternative to the



[15]

[16]

[17]

18]

[19]

[20]

[21]

[22]

23]
[24]

[25]

26}

[27]

28]

[29]

B3IF HIEMEIRLEER 81

CIFAR datasets. CoRR abs/1707.08819 (2017).

Chrabaszcz, P., Loshchilov, 1., Hutter, F.: Back to basics: Benchmarking canonical evolution strategies
for playing atari. In: Proceedings of the Twenty-Seventh International Joint Conference on Artificial
Intelligence, 1JCAI-18. pp. 1419-1426. International Joint Conferences on Artificial Intelligence
Organization (2018).

Cubuk, E.D., Zoph, B., Mane, D., Vasudevan, V., Le, Q.V.: AutoAugment: Learning Augmentation
Policies from Data. In: arXiv:1805.09501 (2018).

Cubuk, E.D., Zoph, B., Schoenholz, S.S., Le, Q.V.: Intriguing Properties of Adversarial Examples. In:
arXiv:1711.02846 (2017).

Devries, T., Taylor, G.W.: Improved regularization of convolutional neural networks with cutout. arXiv
preprint abs/1708.04552 (2017).

Dombhan, T., Springenberg, J.T., Hutter, F.: Speeding up automatic hyperparameter optimization of
deep neural networks by extrapolation of learning curves. In: Proceedings of the 24™ International
Joint Conference on Artificial Intelligence (IJCAI) (2015).

Dong, J.D., Cheng, A.C., Juan, D.C., Wei, W., Sun, M.: Dpp-net: Device-aware progressive search for
pareto-optimal neural architectures. In: European Conference on Computer Vision (2018).

Elsken, T., Metzen, J.H., Hutter, F.: Simple and Efficient Architecture Search for Convolutional Neural
Networks. In: NIPS Workshop on Meta-Learning (2017).

Elsken, T., Metzen, J.H., Hutter, F.: Efficient Multi-objective Neural Architecture Search via
Lamarckian Evolution. In: International Conference on Learning Representations (2019).

Elsken, T., Metzen, J.H., Hutter, F.: Neural architecture search: A survey. arXiv:1808.05377 (2018).
Falkner, S., Klemn, A., Hutter, F.. BOHB: Robust and efficient hyperparameter optimization at scale.
In: Dy, J., Krause, A. (eds.) Proceedings of the 35th International Conference on Machine Learning.
Proceedings of Machine Learning Research, vol. 80, pp. 1436-1445. PMLR, Stockholmsmassan,
Stockholm Sweden, 10-15 (2018).

Floreano, D., Dirr, P., Mattiussi, C.: Neuroevolution: from architectures to learning. Evolutionary
Intelligence 1(1), 47-62 (2008).

Gastaldi, X.: Shake-shake regularization. In: International Conference on Learning Representations
Workshop (2017).

Goldberg, D.E., Deb, K.: A comparative analysis of selection schemes used in genetic algorithms. In:
Foundations of Genetic Algorithms. pp. 69-93. Morgan Kaufmann (1991).

He, K., Zhang, X., Ren, S., Sun, ]J.: Deep Residual Learning for Image Recognition. In: Conference on
Computer Vision and Pattern Recognition (2016).

Huang, G., Liu, Z., Weinberger, K.Q).: Densely Connected Convolutional Networks. In: Conference on

Computer Vision and Pattern Recognition (2017).



82 BHuWlza=3 (AutoML) : Fix. EZESHaK

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

Hutter, F., Hoos, H., Leyton-Brown, K.: Sequential model-based optimization for general algorithm
configuration. In: LION. pp. 507-523 (2011).

Kandasamy, K., Neiswanger, W., Schneider, ]J., Poczos, B., Xing, E.: Neural Architecture Search with
Bayesian Optimisation and Optimal Transport. arXiv:1802.07191 (2018).

Klein, A., Falkner, S., Springenberg, J.T., Hutter, F.: Learning curve prediction with Bayesian neural
networks. In: International Conference on Learning Representations (2017a).

Klein, A., Christiansen, E., Murphy, K., Hutter, F.: Towards reproducible neural architecture and
hyperparameter search. In: ICML 2018 Workshop on Reproducibility in ML (RML 2018) (2018).
Klein, A., Falkner, S., Bartels, S., Hennig, P., Hutter, F.: Fast Bayesian Optimization of Machine
Learning Hyperparameters on Large Datasets. In: Singh, A., Zhu, ]J. (eds.) Proceedings of the 20th
International Conference on Artificial Intelligence and Statistics. Proceedings of Machine Learning
Research, vol. 54, pp. 528-536. PMLR, Fort Lauderdale, FL, USA, 20-22 (2017b).

Li, L., Jamieson, K., DeSalvo, G., Rostamizadeh, A., Talwalkar, A.: Hyperband: bandit-based
configuration evaluation for hyperparameter optimization. In: International Conference on Learning
Representations (2017).

Liang, J., Meyerson, E., Miikkulainen, R.: Evolutionary Architecture Search For Deep Multitask
Networks. In: arXiv:1803.03745 (2018).

Liu, C., Zoph, B., Neumann, M., Shlens, ]J., Hua, W., Li, L.J., Fei-Fei, L., Yuille, A., Huang, ].,
Murphy, K.: Progressive Neural Architecture Search. In: European Conference on Computer Vision
(2018a).

Liu, H., Simonyan, K., Vinyals, O., Fernando, C., Kavukcuoglu, K.: Hierarchical Representations for
Efficient Architecture Search. In: International Conference on Learning Representations (2018b).

Liu, H., Simonyan, K., Yang, Y.: Darts: Differentiable architecture search. In: International Conference
on Learning Representations (2019).

Loshchilov, 1., Hutter, F.: Sgdr: Stochastic gradient descent with warm restarts. In: International
Conference on Learning Representations (2017).

Mendoza, H., Klein, A., Feurer, M., Springenberg, ]J., Hutter, F.: Towards Automatically-Tuned Neural
Networks. In: International Conference on Machine Learning, AutoML Workshop (2016).

Meyerson, E., Miikkulainen, R.: Pseudo-task Augmentation: From Deep Multitask Learning to
Intratask Sharing and Back. In: arXiv:1803.03745 (2018).

Miikkulainen, R., Liang, J., Meyerson, E., Rawal, A., Fink, D., Francon, O., Raju, B., Shahrzad, H.,
Navruzyan, A., Duffy, N., Hodjat, B.: Evolving Deep Neural Networks. In: arXiv:1703.00548 (2017).
Miller, G., Todd, P., Hedge, S.: Designing neural networks using genetic algorithms. In: 3™
International Conference on Genetic Algorithms (ICGA’'89) (1989).

Negrinho, R., Gordon, G.: DeepArchitect: Automatically Designing and Training Deep Architectures.



46]

[47]

48]

[49]

[50]

[51]

[52]

[53]

[94]

[55]

[56]

[57]

58]

[59]

60}

B3ITF MIEMRUNIER 83

arXiv:1704.08792 (2017).

Pham, H., Guan, M.Y., Zoph, B., Le, Q.V., Dean, J.: Efficient neural architecture search via parameter
sharing. In: International Conference on Machine Learning (2018).

Ramachandran, P., Le, Q.V.: Dynamic Network Architectures. In: AutoML 2018 (ICML workshop)
(2018).

Rawal, A., Miikkulainen, R.: From Nodes to Networks: Evolving Recurrent Neural Networks. In:
arXiv:1803.04439 (2018).

Real, E., Aggarwal, A., Huang, Y., Le, Q.V.: Aging Evolution for Image Classifier Architecture Search.
In: AAAI Conference on Artificial Intelligence (2019).

Real, E., Moore, S., Selle, A., Saxena, S., Suematsu, Y.L., Le, Q.V., Kurakin, A.: Large-scale evolution
of image classifiers. International Conference on Machine Learning (2017).

Salimans, T., Ho, J., Chen, X., Sutskever, I.: Evolution strategies as a scalable alternative to
reinforcement learning. arXiv preprint (2017).

Saxena, S., Verbeek, J.: Convolutional neural fabrics. In: Lee, D.D., Sugiyama, M., Luxburg, U.V.,
Guyon, ., Garnett, R. (eds.) Advances in Neural Information Processing Systems 29, pp. 4053-4061.
Curran Associates, Inc. (2016).

Shahriari, B., Swersky, K., Wang, Z., Adams, R.P., de Freitas, N.: Taking the human out of the loop: A
review of bayesian optimization. Proceedings of the IEEE 104(1), 148-175 (2016).

Shin, R., Packer, C., Song, D.: Differentiable neural network architecture search. In: International
Conference on Learning Representations Workshop (2018).

Stanley, K.O., D'"Ambrosio, D.B., Gauci, J.: A hypercube-based encoding for evolving large-
scale neural networks. Artif. Life 15(2), 185-212 (Apr 2009), URL https://doi.org/10.1162/

artl.2009.15.2.15202.

Stanley, K.O., Miikkulainen, R.: Evolving neural networks through augmenting topologies.
Evolutionary Computation 10, 99-127 (2002).

Such, F.P., Madhavan, V., Conti, E., Lehman, J., Stanley, K.O., Clune, J.: Deep neuroevolution:
Genetic algorithms are a competitive alternative for training deep neural networks for reinforcement
learning. arXiv preprint (2017).

Suganuma, M., Ozay, M., Okatani, T.: Exploiting the potential of standard convolutional autoencoders
for image restoration by evolutionary search. In: Dy, J., Krause, A. (eds.) Proceedings of the 35th
International Conference on Machine Learning. Proceedings of Machine Learning Research, vol. 80,
pp. 4771-4780. PMLR, Stockholmsmassan, Stockholm Sweden, 10-15 (2018).

Suganuma, M., Shirakawa, S., Nagao, T.: A genetic programming approach to designing convolutional
neural network architectures. In: Genetic and Evolutionary Computation Conference (2017).

Swersky, K., Duvenaud, D., Snoek, ]J., Hutter, F., Osborne, M.: Raiders of the lost architecture:



84 B@iflzE=3 (AutoML) : 5. ZESHkK

[61]
[62]

[63]
[64]

[65]

66
67
68|
69

[70]

[71]

[72]

[73]

[74]

[75]

Kernels for bayesian optimization in conditional parameter spaces. In: NIPS Workshop on Bayesian
Optimization in Theory and Practice (2013).

Swersky, K., Snoek, J., Adams, R.P.: Freeze-thaw bayesian optimization (2014).

Szegedy, C., Vanhoucke, V., loffe, S., Shlens, J., Wojna, Z.: Rethinking the Inception Architecture for
Computer Vision. In: Conference on Computer Vision and Pattern Recognition (2016).

Wei, T., Wang, C., Chen, C.W.: Modularized morphing of neural networks. arXiv:1701.03281 (2017).
Wei, T., Wang, C., Rui, Y., Chen, C.W.: Network morphism. In: International Conference on Machine
Learning (2016).

Wistuba, M.: Finding Competitive Network Architectures Within a Day Using UCT. In:
arXiv:1712.07420 (2017).

Xie, L., Yuille, A.: Genetic CNN. In: International Conference on Computer Vision (2017).

Yao, X.: Evolving artificial neural networks. Proceedings of the IEEE 87(9), 1423-1447 (Sept 1999).
Yu, F., Koltun, V.: Multi-scale context aggregation by dilated convolutions (2016).

Zela, A., Klein, A., Falkner, S_, Hutter, F.: Towards automated deep learning: Efficient joint neural
architecture and hyperparameter search. In: ICML 2018 Workshop on AutoML (AutoML 2018) (2018).
Zhang, H., Cissé, M., Dauphin, Y.N., Lopez-Paz, D.: mixup: Beyond empirical risk minimization.
arXiv preprint abs/1710.09412 (2017).

Zhong, Z., Yan, J., Wu, W., Shao, J., Liu, C.L.: Practical block-wise neural network architecture
generation. In: Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition.
pp. 2423-2432 (2018a).

Zhong, Z., Yang, Z., Deng, B., Yan, J., Wu, W., Shao, J., Liu, C.L.: Blockqnn: Efficient blockwise
neural network architecture generation. arXiv preprint (2018b).

Zhou, Y., Ebrahimi, S., Arik, S_, Yu, H., Liu, H., Diamos, G.: Resource-efficient neural architect. In:
arXiv:1806.07912 (2018).

Zoph, B., Le, Q.V.: Neural architecture search with reinforcement learning. In: International
Conference on Learning Representations (2017).

Zoph, B., Vasudevan, V., Shlens, J., Le, Q.V.: Learning transferable architectures for scalable image

recognition. In: Conference on Computer Vision and Pattern Recognition (2018).



=
HaltlszaF I R5R




9 4 71 Auto-WEKA

FilOF « AR RO, v - R0 @, ERR - H. W1 ©,
Jhiug o A @ YLLKl - AP ©

BR: AANBFIEERS, T REAGNEZNAS, REALTHOEATEHREREF KA
o ZREANMNFIEEHTEERAELASHATREN A, Z 5T LA I H 4 F &
FRFN TN T ERKAE, BEKTE, AEEXEH R WEKA 77654 7 JT L3 oy FF4E &
BEAMPFENINBEI TR, AHE2ANERFTE. 0T FE, 8NEZFEIBRENFIE
MR A% B, 7 21 Nk B UCI 4% £ . KDD'09 % % . MNIST ## CIFAR-10 &k By 2 E & |,
REFRZITHELZERETARRTEAREREZNESRMN T H. FEXB T EREF
TRAFPEAARMEINEACMNESLANINEZIEEZESRE &, #MRBELTE
FHBRERTFNEEHGERI,

ok 2 Nl as 7 ] THAAERIEE XA, MNP FHER IR TR
HaT, FlLEs2e XK@ REarnFR (i WEKAD F1 MLR™) $24E 7 )72 B & %R 2
S REENFHEIR T, ARXE s H PR 73R KRB . XEHFREFEH - il
PSRRI B 4%, BIR R 2] FE AN wOE SR it T Efilie (WREH, #5

O i - HER XD
& BB K
B H4H: larsko@uwyo.edu.
@ TEEHT - R, P - S - A
INEFERKAFIEEHAS LI K ZFE T EHRE R .
@ EIREE - H.
] == SRR 23 = ot BALRHAWE 7T
@ FH=EW - Fhe
e E R E R ETHEILEF &

11




X REAFEATERD » SEiRXEE dER, AP APt

HA B 1 1

RIME. Z2TL5ER, ETXMTEMREHNFEERESZZK T

MXxIFHHPET S

2w BRI F AR
XAPLSEITR T — M ERANEARREES: SEBESE, FEBIHRNZFE—

A2 X BRI

thgk& (CASH) [\, 1ExeE XW 4.3
(fn (1, 6, 8, 9, 11, 24, 25, 33]) FMESUM (o [3-5, 14, 23, 28, 30]) A&,

EIR CASH REdEE EE, HEEIWA Xk REIRD>—E 4% CASH A

5Z R H) =2

BRI AR BEAT THEFC. ash, X

BCE Z1E], an3CEk [22].

— M R EERFEAFTIE L

FA4E Auto-WEKA 87

CHRIEFERIEE
BB REN
EWIR Y Ib ey

1_,1_
I—I

SELE L%ﬁﬁﬁ& H B

s

!
ﬁlﬂlﬂﬂ*

L2 T W E, LS PRTERE . X 3K ) AR Ny Bk & B A SR

. AMIAZHNCAE TIERIRALE 1A EFF

NEANBAFIRAR R E T — R e AR BN S5

NS HHE 2 E AR TER . B

N eR AR AR, HAR R (A2 = 4R,

IR PERR AR 2R o

SR T E A RN B MESEEFLZ I, EEFE

2HmE, FAFENES RA2FEAWRERI AR FAFE, &
FETNFEZREFRAIERNFEZEHERT AR 315K TIEBRZR
ABHE SR E (PrE RRFIE R SRR PERE) SR TRINI R Bl 1) 57392 8l 2 ic B 1) o >

AR B 2 20 3 BRI A AR S, AFEPTE UK CASH FiE#i = Mk ia 2,
AT RXETEALREAUAMHAZAHFEENER. FEEENLE, XEERETRFAL

=AM

J& S I 5T

I AR T 25 o

f& CASH Jo] @17 . )5, 4.5 7,
HE [ Bk B A S AL 14

TPE" 1 SMAC
BEESE L

E 4.2 W AR EHEZT

CAEUEBH 7 CASH o] @ AT L AR 8 — A B — 1) B AL E 2 04k a3

BEEZRLEBEARAGHAUEE—NMES. WH, EFzA@E 7, i e
AL VAT DAAE S BRI BT ] N DL /NI A TR B m R B IS R . AEEHWWT:
VEZ )G, 4.3 % CASH @317 7 & LHAH 7HF T4

BEJG, 4.4 X — IR WEKA i T 12 % ) 88 AR & FR 28 ) B

161 55 208 IR BRI -

RN | 2T RGBS H & 25 8 3% R GEW L AR
R A IR . B HAR — L, I DU AR AL T R

CCHEETENFESESAS, FHRERX

Rhh, AENANBFEEEETZAIRKRNMREXER, 7%/ &K FAE KDD 2013 3L

MR [31] MR RT

E JMLR 1932k [20] .




88 Hutlza=3 (AutoML) : Fix. EZESHkAK

4.2 H& I E

A, SRS X YiiTES, K, YELARAGRE EXoEES , &
ARESN) X EIAES) « MEFIEEAFERBIGEIE I =(x,.0, ) e X< Y H—
NMES {d,d,,---.d,} B EZRE L, ZREBEE R SRERSHTRE. RZH¥
BiE A —PBERES led, MRAEWEFEINEZE AL BHERTIET. 260105,
HZ A DL RRB AR KEEN I, BiZE M2 TTANE, DU R SRR 77 i 20
AREHEANBULFEE, BE, XEBBSSE AR X RS E
FCEMERE) “HMER” FitiTRAL.

W o

4.2.1 =EEHEE

Y5 8 I VAN S S ARBEA RONEEIE D={(x.»).(x,.3,).(x,.5,)} » &
BRI HARRIRB A A REZUERNFEAL c A ZHUERBAEFET N, &
Heke BAR 4 D 4 FI R AN M I S 5048 4 D), MR IERE 5 DY), BEJEHEIE 4
N BIEERSE DL, B STRES,, BURERAESIE S DL, b3 £ ok B T R AT
PPl T UL, A DO AL 7% 1] B E S A

. N ) i
A Eargmmggﬁ(iﬁgﬂﬂgd)

A=A

sofr, £(A4D0, DY, ) KA ERIEE DY, AT IIGAIE SR D, BT A
iF B 3R A5 1 95 2R AE

BAN, RERARR T XIER TR W, BRI SGEaES S Bk DY, DY, -,
pPY . HXFEANi=12,-k, LD #HikZERNDY =D/DL), . ©

4.2.2 BE=HH

UG EFIFIEANBEZHE (led) BE ERUTERGEE, — 820 X7
FERIABSET RESN, B2 EERE 4N, AR UFMHAARBEZ ®E

O REFERR, BAHMAZAERPETTE, WETESRHL T RAERIE " e RF U %R .



FA4E Auto-WEKA 89

In A e AGER) ERIREBEE. AEnNBRNA, - A BSE A, 4, NBSZE A NIX
Bo e ) AR — DN FEE: Ac A x---x4 . ZTEEELBENTZHEE, MEMESH—LK%
B EMAAHAMESA TIEERE. 2005, WRNERREHEEN 182, RE
REESMNMEFE =M TS EORRAEKT . 52K, mRFEAASFPZERE, X
7 [ AL 2 01 20 eR 20 2 80 2 A AH R Y

FORNIERH, SO [17], BREES AL NGEEE V()4 BUER, 142
WS, WESGEZ A MRT#ES 1 . K, @21 IS 1 NRSH. ELE, &4
MBS N LR HALWRMF RS RS, A B TR 4640 25 (8] W 8038 R 3 Le i L T
ZHEMR—NHRILHE (DAG) U, #—2H, SEREHNTEA, (ZXRA) #ZS
Ak 1) jE AT DA B 5 R

A" €argmin— ZE(A DY ’D(})
AeA k

train * © wvalid

4.3 HiZiEESESMAtsES (CASH)

At A={40 - 4P} RAMKM BB EE AD,- 4D, & LR
BSACRS & (CASH) A
4. € argmin ZC(AEJ},D,:&;}U,I?E]}M) (4.1)

AU]EA ANk

TEERRZ, CASH AT DA S E U — A SHER A=AV U---UA® U{4, )
AT E RS R, Hh 4 R—MEREAD, - 4P 2 (8 AT 5 1 3T AR
HAESE. B, BATERAY AR SHEEB R T B A FFepliuisEk 4 .

B b, ATULAE 2R VER R (4.1) o FHorh—FhiChE 1 075 5 T
AL T7i% 10, JEF Ei:*JlmF?*Eﬂﬁ'{]ﬁtw (SMBO) 18, SMBO & —-™i FH FIBEFLL AL
HEZR, RERACERHBESMEZMHRES, BRI AKX ERTE RS,
LFEPRMAEZE 1 . HETE, SMBO ﬁ%ﬁﬁﬁﬁﬁﬁiﬂ M, ZER
AR CEBZ W E 2 R (FiE 1 117 « MjE, &RE1T LT P IR:
A M. RRE T —PMiHMb AR TRRE@ESEE 2 (Fik 1 E 317) 5 M
SEE MR e L 1ME 417 5 FFRBIEEIE S (4,0) REFEE M, (&

R ‘:l




90 BmiEE=®> (AutoML) :

=115+ 64T)

BiE. ZGS5Hkik

&Bi% 1. SMBO

1
2
3
-
oF
6
1
8

. MG R A M,; Heo
: while fLALF B 8] A AR A FH 58 do

i M, FEIERE
i = (4, 00,09, )

H<«—HU {()c)}
25 % H B M,

: end while

. return H P EBGm/Dc{HR) A

AT EBRER M iR T

T—A@ESHE L, SMBO f#H T RERK

a,,

AR, 1% bR

BKHABREE M EREBESEE 1c A N4, UIEN (lglﬁlﬂﬁﬂffiﬁ) MERWA

HEE. fjE, SMBO )

] (1
] [X 32 5

AR A LR RACICREE R B, it
AHBEE 2. HETA LD A BRI K 5 R % U8 27 291,
BT 8 3~ A
FEX RBAIR R 2

-

N — MRS RN
It 1% L6 5% 48 R 2UER
- Ot R BT I X b /LA S ED IR E (E—
S ED , DOl B S, 7EZ

TAEH, RATREE

kAL — AN E B o, O IEMBTE4RT (ED @0, B4, B c(2) KEFHSRE

AW RAE. A, ke, K1

FEERMR, (1) RRME. ik, 7B EH

- [E) R SR T AT LA E SRR

I, (4)= max{ . —c(4), 0}

B, I (2)) Lﬂ max{c, —¢,0}-p, . (cld)dc

AATX SMBO F7vEMM T — /a2

':'J_E,kﬂ

BEFliFERENEEES (SMAC)

AR AL p(clh)

A

i

BREEPIE L EMEEL R . AEFEX,

K ZHEr, SMAC 3

CEE R AT

K| N T A B ORI AR 7 24 i N\ B0

HAE

FAEE R R, fEAL AR

W KA S BRI N BRIME

|y c(2) SRR M, b AR

i

(4.2)

TR AR EERE (SMAC) 8 0] DL R FReS 2 H 51 2R bR B c RS 2
TBEH AR AR,

Zp AN TR AR
, HETMREWS SCHF




0%, A ELAE R 2 A B T

"3 A4 N (p‘i,ﬂ'i ) o

SMAC i

BEANREWEE ‘B3 L —BREIEN” XK,

1 PR A T

FA4E Auto-WEKA 91

HAEIRSEE T RIESNES.
B4R B L 2R MO 3 A B DL M Y, SMAC K 4R 2 3K78 p(cld) O TR 918 o, A1 22

.

ﬁ)ﬁr :I%‘pmﬁ (ﬂ'l).) ﬁ*ﬁﬁi'—’ﬁk%

170 (4.2) P XHIARIRTAriE, #F c,, LB H AT FT PG H 1 S i

HSRERRRE. £ SMAC RT3 py. (cld) =N (1,07 ) T, ZE M A REIE

AN

SMAC & NH M= 1) bR BOEA &4
AN RFERE, I HAEwH Lz BT
PRAR 1S 4 4 )

R —HI R B E. HA,

By |1 (2)|=0,-[u-®(1)+e(u)]

=S " F @4 B AREL

0;

5 3170 B EBR OP B R

SR AL T BT, BRI S B T AR B R ML 1 R R
REVEAE R TS . IX PR RS X e 5 R AR
| FREEFRMESMASE SN RES, BAR (4.1 RN
AR R T S M B T IR —xt DO f1 Dl

SMAC B—MZ O BAR R 8 1 B IRVl — N30 R T T B 3R Sz e W) B i fd i, 3k

REUE P EAER AT S RRA . AT %

R LB P AR B AT — AT RS . RERE—
KIHEEAEE R ST BREOIE. R, F5A
ANFITE B AT, BEERE

EHFT B =R E N B H S 2 .

JE =W EF

BJ5, SMAC SZHL T — AN EREALHLE], ZHLH] —
Tt R EE R PERE, B — T TH A S TR R A 1A B

NATIEFEN . ZETRIF AR PPEERE, XE

4.4 Auto-WEKA

N T EAUEKRME CASH b @1 B3 A ER AT, BRATESL T Auto-WEKA, HPE

WEKA #2382 2B sEP 1 R 1Z ) @1 22 ) S MFF IR Fas %, JREFENZ, B

RGOV EERZ KA E, LA REE

J"-

K. MIRFTESE, BERER| A

oy

iz L R AR ORI, BLESTE—

AR B REON L, REWREH TS IAE
, A RIAENEE AT REAE—NTELIHEZ

J7 TH 5 9% 7E B AR R R 3 1R

X 35, [R) B 1 ) BC B 2 LABE LR 77
LI e 22 T4 EE AT T se R B R 22D




92 BHiWzz=F3 (AutoML) : Fix. ESESHA

REATE WEKA H FEEZSE D REE, (HRKG RN H &Y R 2| H
1A [F] R B AR D R S /2 Auto-sklearn!'?.,

PRIt 4

s %#ji\‘ﬁ

K 4.1 B T R A )]

KIS ANBEANFERBLELSE, s

fiefE

%I

EEEZH.

ISP A S /R FrbiE e A NI ES R E. ik
SR TIER AT LR EERENZEETHE. A

Kms, RWICHE—XER I M RAESESRENEF S, RTFERTE KR
LR SN EAEEESRENFE. HTEMEFERRE (748 XE LR R 2K
B , FERAFEIASHEEHTHAENEEE. TN aERBIESE, PrseilK
Auto-WEKA fe# Ba b A B RER N F I 8&TH8. o, ERIERZE], FIEE#E
SAENTRAL BB B I AT
B ]A%

BayesNet 2 NaiveBayes 2

DecisionStump* 0 NaiveBayesMultinomial 0

DecisionTable* 4 OneR 1

GaussianProcesses™ 10 PART -

IBk* 5 RandomForest 7

J48 9 RandomTree* 11

JRip -t REPTree* 6

KStar* 3 SGD* 5

LinearRegression™® 3 SimpleLinearRegression™ 0

LMT 9 SimpleLogistic 5

Logistic 1 SMO 11

MS5P 4 SMOreg* 13

M5Rules 4 VotedPerceptron 3

MultilayerPerceptron® 8 ZeroR* 0

Stagckin 2 Vote 2

LWL 5 Bagging -

AdaBoostM1 6 RandomCommittee 2

AdditiveRegression 4

AttributeSelectedClassifier 2 RandomSubSpace 3

FFIEEFE 715
BestFirst 2 GreedyStepwise -

Bl GA¥IBEI/HSRMISE, MIFEMEI BB

4.1 Auto-WEKA FiXFHHFEIR[/MAEZRENNMESHE A

=)

HAE 55



T RO

A 4.1 i JERESEE TG
aHHITHE. ZETE
- HITE, X
REZRE 2% S . Auto-WEKA AT H

I

iﬁ”ﬁjfh;‘%, A LA ESE

NIk, FE®RFKZ, AEHEBEST

EE—‘%EJ

£ Auto-WEKA ~
it WEKA 6% ¥ 28 5k 17 jn] A1)

u|

ERTIERZ R SR 5 “’i“%ﬁﬁﬁ%—%a

MEUESBHE

A,

, H5— 5550 80T £y 5
Al )5 72 wﬁ%&ﬁ~ﬂm‘%{t@/ﬂ%? T % T~ B AL AR AR A ) 5
1 EEHBSNE, BEENBNHEE
B2 K TRZ I J/ES T RN R BES S, AN
2 RN T A AARFAE I 3 7 VA AR

5. A, THE. 4
i E3N T Auto-WEKA #8225 8] [ B2 AR H1 A

X 8], HHE

1 %D

F4E Auto-WEKA 93

Lt B R

SRR BEAT K

, FEEfFH SMAC k28 kK M CASH 18, KEWLUIE#ZEE

] Auto-WEKA. H4F, Auto-WEKA 135 4SS 4 1k K

https://github.com/automl/autoweka, & 77 Bl H W4k A http://www.cs.ubc.ca/labs/beta/Projects/

autoweka.

it FAZEFAARAHRS

206, FERHPIRRA Z Auto-WEKA v0.5. 74,

BHT A (R SR B 45 R AT R ALY, BRI RERARK, ARERATEENBELE.

4.5 LI VEh

7 21

NEEREMERHES
BE H ok B UCI

fE

= (W 4.1) EXF Auto-WEKA # 47 1% :
Convex. MNIST Basic 1 Rot. MNIST+BI 3k H 2 2% X #k [5];

,-':w]::l’ 15-}"\

KDDO09-Appentency >k H KDD CUP'09 §)% R Flll4ES; &7 ™42 CIFAR-10 E1{ZR 7

10 000 MIZRFEA,
X T 2&l 0 i I ZRER A

ﬁﬁ*‘%;‘ %.

= LABERLH) 7 2R B s 42
A RACTT R R B E, R

AL AT PRAS

*F

B BE AR

Auto-WEKA. A, Xf-

RAE S5 B A~ hAS 121,

= 9

U7 B 1) TAEuh 4T
B FE AT S AIE P4 BE 1 AR IS AT 1R BN o

TE R L AT B A

RN, )

RS KSR £,

H i CIFAR-10-Small & CIFAR-10
MmaESEE W] 50 000 1~ FEFEMZ, TELIEEH,
HEX

R4 B 70% I 23048 f1 30% BB 3E. B4,

AL,

j—'yk!

178, HiE

] 7 i 7
FEEETF
| B k4 77 2
£ (R B
A 4% Tl A T 4R 8

&,

E4ER AR E A (30n) F, ASMNMESMATIEBIT—IX
I A FIBENLF FIiZ4T 25 IRiZiEFE. ME, NT
1 H K15 RE

LR R 4 IKBENLIEAT, e RA



94 Bz@flzE=FE3 (AutoML) : TiE. ZRSHkK

x41 ERNEEESE
% R Eiﬂﬁf;’% Eiﬁfg’% ®AME | x| Wikw
Dexter 20 000 0 2 420 180
GermanCredit 13 7 2 700 300
Dorothea 100 000 0 2 805 345
Yeast 0 8 10 1 038 446
Amazon 10 000 0 49 1 050 450
Secom 0 591 2 1 096 471
Semeion 256 0 10 1115 478
Car 6 0 4 1209 519
Madelon 500 0 2 1 820 780
KR-vs-KP 37 0 2 2 237 959
Abalone 1 7 28 2923 1 254
Wine Quality 0 11 11 3425 1 469
Waveform 40 3 3 500 1 500
Gisette 5 000 0 2 4 900 2 100
Convex 784 2 8 000 50 000
CIFAR-10-Small 3072 0 10 10 000 10 000
MNIST Basic 0 784 10 12 000 50 000
Rot. MNIST + BI 0 784 10 12 000 50 000
Shuttle 9 0 7 43 500 14 500
KDDO09-Appentency 190 40 2 35 000 15000
CIFAR-10 3072 0 10 50 000 10 000
RS R &I —F S, B Auto-WEKA ) SMBO 77k i i — 2 BB )

FEIIZriEReEZ AL TER
R SRS X 0 A T8 A 70%
TR G A = AE

4.5.1 XEbErE

Auto-WEKA B 1

MR, NTE

AR XEE ERARNRIS

] 56 UE 3509

- P B AR T K AL B HL AR 2 S BORAE,
PR U 2 R TE I 255
RIRZE N5

ey LI T 1
1& . XK

1P IEE 2K,

RSB S E. A TAF Auto-WEKA E &8 it 34 1 fe
]+ SMBO HERZE, R4

1] 30% 1E~ SMBO

E,{J_.

£ EPAT 10 iR XEGUE, R IZFAERT

SA% o RFIX M TN,

12| WEKA 2] 28194

Pl

L
HEJ

’



it 4 Ex-Def. FEFEMIZ, X TF

F4EF Auto-WEKA 95

1BVAEZ ) WEKA T 5, XeREFIZE. £ 4.2

2t 7 10 F7238 X B AN HE I PERESE B . H A, Ex-Def 1M # 8 2 2 5 2 T 1Y

b AL 2 I [E] TS A 120 CPU /M. XFF Auto-WEKA, SIEHAT 25 RiE8H, F#
i F B R FUAE A 30h. F 4k, RARRSEIRZE RONERL 4 AN FFATi2HE 100 000 R H XK
FERFSR . iRIR GRAER) BTHEITIEAN, BEEEA 70% YIZREHE LTk
R /ST VIS,

Xt TR EE 5
Ja BRI 52 5] 2% 1 s A

S

SR G T Z BT ARAE R 30% A EHE I HERA R, BRI0R36 2< .
X 4.2 PP A RS T —H M TR ER G E L B RNRE.

£, R A2 K TIIME =3 T 4% %€ P Il 2R 80 A AR PP
M7 “Oracle PERE” o« BT LA R LUK, mEFSH

Mg EZ 232 A MG ZEdES K, W Dorothea Z{#E5E, R RE 7 HIAN 4.93%-
99.24%. XFRAFIRIEFERIFLTT 0 T3RG RFHIMERER I 2 IEH B .

FAN— PP LR RN TR RR Tk )R, BT A0 XME S ES]
NS A BRI, 20 RN AR ) S EE 2 W E B MR BT IR
BR, HphaREE

NEENBEZRERS
X B T VER T B AR BN

‘Eﬂt

SEBERR 3 NE. ZA L FERANMEEER, FEFERNLE, 1F
R —FAL T, B R — PRI AR CASH Bk, SR, 1%

5K, B EMELERZSESLGFRMN AP ELER, 10 Gisettes

Convexs MNIST. Rot MNIST + BI #1p8/~ CIFAR {4545, H AT #1110 000 CPU /N,
52 M, Auto-WEKA RFEZE 120 CPU /M,

% 4.2 115 DY H

Oracle T£g8. H51#
A FIER R A] LB & HRIFES M LR . AN E, FEEMREIRFAR

RoedewE B3, It
ZRITHITAE B & &REH, 78

—

M5 1.3

= CIFAR-10-small {F
CRFF RSB B TEANZHEN T, MEERAEESSE LR

FEoR TR TR RSB EMNRE FRENRE
] Ex-Def HWIBRIAVEREAHEL, TERZEE M T, EE & WEKA B&fE

%, #HEL T Ex-Def, MAEE Rl /D> 7 13% R ZE

RIUVERM TRV R . ARERAEE IR TSR, BERABILR

FER T IR FEFZEAE S,

FERNIE. XTF

H A 12 XA UETEfE .

-4

(NGRS

PR TE 10 22 XGRS & Bk Se AT 14 fe B 2 i 8] 75

&, B
i J5 I X B 5 R o DL 5 #1905 OR AR A & SR AU BE DL %

1 750 CPU /N SR 5 2 T BENL R AE 48 S fl 1

RHiE4T GZAFEEFE 120 CPU /M) , IR [F B A BAEMRER KA E .




96 BahflgE=®> (AutoML) :

4.5.2 3ZXIGUETERE

R 42 MR EER 4T
HEORBES LM E REIRE T Ex-Def BIF SR, XRIP{ZEEREHHIRIN

e, MUFTEEFS
A 5 58 2% R 2
BiA LI 7 10 CPU 5

52 Mk, HGEEES

WEKA 1%

EHF, MAFERES

5. RSk

A IR S5 1 =

Rk, B, 1E1

b
%

£ LA T M EREENRIERE. R, EIHERE
£ EHRIM MR TMIMEZER, Rl FRIMEMEH FEZSHEBERN SRR ERE—E
ISP AR (Eﬂa%x%ﬂl?%ﬁﬁﬁi%fﬂﬁﬁm) .
HE SO BOR 2 AR

AR (AL IRIRDRF) MXF DD 10%.

4.5.3 MhnTEEE

BEN, W7E 6/21 MAEE L, Auto-WEKA #

721 NMUEE L, e

NG

ERREEEZ . A, FEEENE,
FEZ WA GEEMNS, SFMEEEEREEL 10 000 CPU /M,
E) , XEWRE MR RAESS R TAEFESE
N HE A BiEE HFE 4X30 CPU /M. T H, EBAE

—a

= 9/21 N2

LS A, AR TX L, Auto-
7R HI3E X

B H SRR Y Auto-WEKA REWS J RO AL LS € 1) H AR R &L, SR IXEA A2

PLERA & el & B RIFZ I REJTHIE R
ME AT RETEBRE 2 N, BEARAE I IE e & #2 = Auto-WEKA FRHTIE I & )&
T RFENE S 206, 5 M g iE

P, B2 E RS 58T im K

EDN i W

ARSI ENAES 4, FFE
B, Hdr, R 4.2 FANE D40 1 B 7R v e
SVTSR UL, I T e A

St R a) R B U N EE
NT VBRI AEE 71, B KA RUT 277 iz 1T Auto-WEKA DL E &

B 528 YIS IE M AE

LFXT T, MR ERMBENEREREL T Ex-Def. AN,

YIS UEH R E R A HE: WK ZRE R 15/21 ML Er=A 1L

FEHLE R AT

= 721 NEAEEE

CRTMBER. FEEENE, 1E

MEE VLA I FIRES B E RN,

.-":"lr 1':1-—'

=

F

e (B

BANNGE LS4, . BEa, ENRASE LG Frfs 2] H) 8

A KBAHE]: Auto-WEKA )M RE

TR P e ) 25 5300 22

= 12/13 A8 K I 204 52

- Ex-Def HI45 5%, T

., Auto-WEKA #AE X b, FERRE TERIEET AR

AEF, AHEGS

= HoAh 57, Auto-WEKA BITEREFR T SR 45 0 B .

£ 1% PR m'ﬁ*ﬁ’]ﬂﬁ’*

~



Auto-WEKA 97

545

GL'L9 | 2L69 | €1'€9 | L2%9 | 9€29 | 9¥69 | ¥O'¥S | ¥S'G9 | 0006 | LZ'SS | 0006 | LZ'%9 0T-¥VAID
Aduayuaddy
8GELL{OOPLT |OOFLT | SOPLT [8E0LL|OTSLT [ GEL8T | 9LL8T |00VZ S |2 EEQL| €EL69 | 0OOFLT 0
0€LO'0|LSIO0 | ¥ IF00 | 8€I00 |¥2200|G¥E00 | 19S0°0|82E0°0 |L 028686 9000 |¥% 1¥8°02| 8 €100 ANNYS
yO'LS | 0F'99 | 6S°LS | ¥#1°€9 | 9826 | 2989 | LO'9S | G199 | 10€6 | ¥€'GS | 8888 | ¥I'€9 | 19+ LSINI 0¥
79°¢ G0'S | ¥v9'¢ | 6IC GL'E GO'G LG'2 21'G | GL'88 | 8G'Z | GL88 | 6IC d1sed LSININ
L89S | 2199 | ¥6°9S | 1669 | ¥8'8G | €€19 | ¥9°€S | 6699 | 9€06 | 9L'2S | 0006 | 1669 | IMBWS-0I-YVAID
LL'E€Z | 021 | Svez | 9662 | €6°GZ | 1€€€ | 922 | 8982 | 6VIL | v6'6L | 000G | 9662 X9AUO))
vz'z | 297 072 182 eY'Z 78'¥ 652 29'¢ | €Z'16 18'1 1605 | 2S¢ 9119s19)
VT | LZWT | 99FT | OFFT | 26°LL | €Fer | S¥er | €221 | 0889 | L¥'EL | 0889 | LZFI WLIOJOABAN
G6'€E | TP¥E | 90FE | 1G°2€ | S9vE | 9€GE | €2GE | ¥6'8€ | 6£66 | 88'2¢ | 6609 | S€9€ Arren() auTp
16°¢L | 88¥%L | 2¥€L | 81'SL | LL'LL | €02L | G1'2L | €€¢€L | 0626 | SL'ZL | vO¥8 | 81°€L QUOTBQY
LE'0 | 850 GT'T 1€0 | 020 | €90 79°0 680 | ¥0O'IS | L20 | 968F 1€°0 d-SA
ZL'Lz | 62F2 | ST'1Z | 8€'12 | OL'0Z | S6'22 | 9792 | 8662 | 6929 | SOLL | 9206 | SOLI UO[aPEIA]
0%°0 L0'0 L6°0 LL0 19°0 £5°0 £8°0 [z | vI'9% | 000 | G162 | LLO 1e)
80'G | 019 629 81’8 | 8LV 90°9 98y 269 | S¥e6 | ¥2'Ss | S¥e6 | 818 UOTOWDG
L0'8 | €08 60'8 60'8 A A" 21’9 GZ'9 | €126 | 99L | 9271 L8') CUGREIN
66€C | TI'IF | 00002 | ¥%P'82 | V€LV | G865 | 88°9¢ | ¥6'¢F | €€66 | 9G'LL | €€66 | ¥¥'82 uozZewry
L9°0% | STSV | L¥ev | SPOF | 1S°GE | ¥L'8E | 1L6S | €¥'6E | 6869 | G89E | 6689 | 00°0F IREE)N
12'9 A 08'G 969 29'G I1°8 L9 €09 | vZ66 | v9¥V | V266 | €6'F Bay1o1o(]
p2'8z | €062 | £L992 | €¢'L2 | L8LL | G102 | 0202 | S¥zz | 0089 | 00'GZ | 008 | 00°9Z NPRI)UBULID
6V . 81°6 00°G 68'8 99°G | 0901 | LO'G | 0201 | €€€9 | 68¢€ | 8L25 | 8LL 191X9(]
YMIM | E&H | EH a-xg | V1IM 5 | EH 10X =5 | A | ¥ | A8
oy | 4B | B ony | 14E | Bk % B gt JoQ-x3 H 7

( % ) 383 ¥ELid:

(% ) BRMTT KLU OL

EHRREE T AR R0 T K U OL

( % ) 383 8I9I0

v 2




98 BHuWlza=3 (AutoML) : Fix. EZESHAK

£ E, Auto-WEKA HXJ> T T 16% IR 73K EK

IEQNRT T BT i, 7238 XEGUEHE eI FEH, Auto-WEKA RAER T 70% HIl44E,
PR H 30% FREAL L& B R . FEAEATET (A A L, Auto-WEKA H1 i) SMBO 751 #R
KRB YA RN FESEE (FRIAEE) , R HEO8IERA &/ XAE IR
SR E, M SMBO i$ 22 J5, Auto-WEKA £ MR BUX S IAFE # 1B, FHEE
B 1) 30% UEEE Eit BIXEIUEE Bz e, B, THEIUIZMERE (FE38 XEIEEL
#iE4E FiEiE SMBO FiEEG TR Az tERE T 51 2 (8] K3 B /R 2 K R 3L

'\._

4.6 B %

AFIE T RZGEFNESMASE XA NERN B IEE —MEHEEE
ANE T HRM . X2k 8 MBS BoR r s 3L ny, iz 80K 32 25 ok AR
S ERER, FFR A XRS5 2 P ER IR TR R E A .

A, RENAR Auto-WEKA T H, fe®F H WEKA RRrEFARE,
FRELCRHAPREENEZMAGENNHASHERRERN 2 KRE. ME 21 NE
FERIRE L2 LR R, Auto-WEKA 36 I 1 RS 5 0 T A5 7 B0 B 1k B A
ST, JTTHEE RS L.

Auto-WEKA 72 5 —M¥ FH I M- B ik >k B 3 SE 6 = FE 2 B L8 5 ST HEZR Y
TH. BERAMLLK, Auto-WEKA B8 TIYW AR MEZEARFAXIRKRER PP XHE. MEKT
WEKA ®E N 2.0 R R T EHR RIS 30 000 7k, & F 85T ERIREGE
550 K. HHT, Auto-WEKA 34T W K MIBES, AW 7 —3 5.

SE ik

[1]  Adankon, M., Cheriet, M.: Model selection for the LS-SVM. application to handwriting recognition.

Pattern Recognition 42(12), 3264-3270 (2009).
[2]  Bardenet, R., Brendel, M., Kégl, B., Sebag, M.: Collaborative hyperparameter tuning. In: Proc. of

ICML-13 (2013).



[3]

4]

[5]
6]

7]

8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

16}

[17]

F4EF Auto-WEKA 99

Bengio, Y.: Gradient-based optimization of hyperparameters. Neural Computation 12(8), 1889-1900
(2000).

Bergstra, J., Bardenet, R., Bengio, Y., Kégl, B.: Algorithms for Hyper-Parameter Optimization. In:
Proc. of NIPS-11 (2011).

Bergstra, J., Bengio, Y.: Random search for hyper-parameter optimization. JMLR 13, 281-305 (2012).
Biem, A.: A model selection criterion for classification: Application to HMM topology optimization.
In: Proc. of ICDAR-03. pp. 104-108. IEEE (2003).

Bischl, B., Lang, M., Kotthoff, L., Schiffner, J., Richter, J., Studerus, E., Casalicchio, G., Jones, Z.M.:
mlr: Machine Learning in R. Journal of Machine Learning Research 17(170), 1-5 (2016), http://jmlr.
org/papers/v17/15-066.html.

Bozdogan, H.: Model selection and Akaike’s information criterion (AIC): The general theory and its
analytical extensions. Psychometrika 52(3), 345-370 (1987).

Brazdil, P., Soares, C., Da Costa, J.: Ranking learning algorithms: Using IBL. and meta-learning on
accuracy and time results. Machine Learning 50(3), 251-277 (2003).

Brochu, E., Cora, V.M., de Freitas, N.: A tutorial on Bayesian optimization of expensive cost functions,
with application to active user modeling and hierarchical reinforcement learning. Tech. Rep. UBC TR-
2009-23 and arXiv:1012.2599v1, Department of Computer Science, University of British Columbia
(2009).

Chapelle, O., Vapnik, V., Bengio, Y.: Model selection for small sample regression. Machine Learning
(2001).

Feurer, M., Klein, A., Eggensperger, K., Springenberg, J., Blum, M., Hutter, F.: Efficient and robust
automated machine learning. In: Cortes, C., Lawrence, N.D., Lee, D.D., Sugiyama, M., Garnett, R.
(eds.) Advances in Neural Information Processing Systems 28, pp. 2962-2970. Curran Associates, Inc.
(2015), http://papers.nips.cc/paper/5872-efficient-and-robustautomated-machine-learning. pdf.

Frank, A., Asuncion, A.: UCI machine learning repository (2010), http://archive.ics.uci.edu/ml, uRL:
http://archive.ics.uci.edu/ml. University of California, Irvine, School of Information and Computer
Sciences.

Guo, X., Yang, J., Wu, C., Wang, C., Liang, Y.: A novel LS-SVMs hyper-parameter selection based on
particle swarm optimization. Neurocomputing 71(16), 3211-3215 (2008).

Hall, M., Frank, E., Holmes, G., Pfahringer, B., Reutemann, P., Witten, I.. The WEKA data mining
software: an update. ACM SIGKDD Explorations Newsletter 11(1), 10-18 (2009).

Hutter, F., Hoos, H., Leyton-Brown, K.: Sequential model-based optimization for general algorithm
configuration. In: Proc. of LION-5. pp. 507-523 (2011).

Hutter, F., Hoos, H., Leyton-Brown, K., Stiitzle, T.: ParamILS: an automatic algorithm configuration
framework. JAIR 36(1), 267-306 (2009).



100 Beit22Z23 (AutoML) : 7. ES5Hbk

[18]

[19]

[20]

[21]

[22]

23]

[24]

[25]
[26]

[27]

28]

[29)]

30}

[31]

[32]

[33]

Jones, D.R., Schonlau, M., Welch, W.].: Efficient global optimization of expensive black box
functions. Journal of Global Optimization 13, 455-492 (1998).

Kohavi, R.: A study of cross-validation and bootstrap for accuracy estimation and model selection. In:
Proc. of I[JCAI-95. pp. 1137-1145 (1995).

Kotthoff, L., Thornton, C., Hoos, H.H., Hutter, F., Leyton-Brown, K.: Auto-WEKA 2.0: Automatic
model selection and hyperparameter optimization in WEKA. Journal of Machine Learning Research
18(25), 1-5 (2017), http://jmlr.org/papers/v18/16-261.html.

Krizhevsky, A., Hinton, G.: Learning multiple layers of features from tiny images. Master's thesis,
Department of Computer Science, University of Toronto (2009).

Leite, R., Brazdil, P., Vanschoren, J.: Selecting classification algorithms with active testing. In: Proc.
of MLDM-12. pp. 117-131 (2012).

Lopez-Ibanez, M., Dubois-Lacoste, J., Stitzle, T., Birattari, M.: The irace package, iterated race for
automatic algorithm configuration. Tech. Rep. TR/IRIDIA/2011-004, IRIDIA, Université Libre de
Bruxelles, Belgium (2011), http://iridia.ulb.ac.be/IridiaTrSeries/IridiaTr2011-004.pdf.

Maron, O., Moore, A.: Hoeffding races: Accelerating model selection search for classification and
function approximation. In: Proc. of NIPS-94. pp. 59-66 (1994).

McQuarrie, A., Tsa1, C.: Regression and time series model selection. World Scientific (1998).
Pfahringer, B., Bensusan, H., Giraud-Carrier, C.: Meta-learning by landmarking various learning
algorithms. In: Proc. of ICML-00. pp. 743-750 (2000).

Schonlau, M., Welch, W.]., Jones, D.R.: Global versus local search in constrained optimization
of computer models. In: Flournoy, N., Rosenberger, W., Wong, W. (eds.) New Developments and
Applications in Experimental Design, vol. 34, pp. 11-25. Institute of Mathematical Statistics,
Hayward, California (1998).

Snoek, J., Larochelle, H., Adams, R.P.: Practical bayesian optimization of machine learning
algorithms. In: Proc. of NIPS-12 (2012).

Srinivas, N., Krause, A., Kakade, S., Seeger, M.: Gaussian process optimization in the bandit setting:
No regret and experimental design. In: Proc. of [CML-10. pp. 1015-1022 (2010).

Strijov, V., Weber, G.: Nonlinear regression model generation using hyperparameter optimization.
Computers & Mathematics with Applications 60(4), 981-988 (2010).

Thornton, C., Hutter, F., Hoos, H.H., Leyton-Brown, K.: Auto-WEKA: Combined selection and
hyperparameter optimization of classification algorithms. In: KDD (2013).

Vilalta, R., Drissi, Y.: A perspective view and survey of meta-learning. Artif. Intell. Rev. 18(2), 77-95
(2002).

Zhao, P., Yu, B.: On model selection consistency of lasso. JMLR 7, 2541-2563 (2006).



%5 5 3%  Hyperopt-sklearn

A4 « B, AT « MBI PL ©, s LI « RPDIE YL 3 1 @

#EiA . Hyperopt-sklearn 5z — /M3 151 B ,
% LT Auto-WEKA,

H gt 9% & At Scikit-learn HLBZ 3 EW B K EZHE .,
AEBNEBENTALEESNEEEZSE—EBRTUHEAN —PABENE

Z A E B, A FE X A Hyperopt X & XL — M E& X ZArEHAMH (4 SVM, RF, KNN. PCA.
Al E LEXNNE X EH, 74, #d7E Hyperopt fotr g R E R

TFIDF ) K #& % 4
( MNIST. 20-Newsgroups. Convex Shapes ) b {# 4 & & 3%, i T # X%

2% [8] 1y SR MR

45 7| #, Hyperopt-sklearn 3£ #+ 7 MNIST ## Convex Shapes % 4% & F &R &= 6 8§ B 20 & & 5 2.

M THEEME, BXFREN (SVM) FBEVLEZRAR (RF) —HREEEE B
NS E, i@ F3hiR MG / FENLIE &R SRIRE W 2 T 45 5.

S, = SVM M RF 7£7+ 5 _E 2 AT AT 9B {38 5 A 7 ) B9 22 B R A
—MERUCRFIRISEBE, A A R Wln e ae s it 0t m R AL

RN IEFES

SVM #11] C1E & RF HF &5 RKIRE —F, WAL AES.

oAb B AR BR 13 BEANAC B[R] A ] AR OB AL R #, / S R B 1 — 37 .

Auto-WEKA 11 | 9]

Z B ITIEE

iR —

1'EAfil. X
H AT I,

FHLE,

R — N R RANLI ST (WEKA®) 7] DUZE—
NI R ETIE . AT, WEKA £—/ GPL ¥ AT Java i 3

HAERS

A ZRER Y M, FIH BDEEE Auto-WEKA KBTS . Scikit-learn "9 24l

A A HIRN R —

O MmeHr « BB (), Bl « A REhn, BT « RF|T £ % i
INEREEE P K, #HigHapsEg
B-FHf4E: bjkomer@uwaterloo.cal.. Kotthoff.

iﬁr H_j; Elj(’?ll 1

MNEE, HFEEET PythoniEF (WHBZHEEERL CiIEFHEL)
JF B2 BSD YFA] ). BRIEZAb, Scikit-learn 377 Ak 2 ML 2% 22 =) N FH 40




102 Baptza=3 (AutoML) : 5E. ESESHkiX

ik B} 2% Python X g Fl .

A= FEAS 41 Hyperopt-sklearn, —MEE#E N Python A Scikit-learn A 7 K H 3

AL E AT H o Hyperopt-sklearn % Hyperopt ¥ R4 Scikit-learn HF (F
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5.2 HyperoptE=
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Hyperopt,
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5 5c, BEJE4H Scikit-learn
Frfd P ECE =S8, &Jaa Bz mfs H BRI sELe 25 3

B A, AKEFANEE AN R R Hyperopt-sklearn ] i 3¢ 10 ( & & F ICML 2014 i

17

BRBGEL YR EREE, PIFEIZER AN RIEEN, XFERBERRA
A RHASAAREHNAEME. R, BREWLIEE Python HAEFFAIREL, XL
ERAERT A BR B RE WS £ %5F B An bR UK BENL AR B A0 & Al B VB B IR 454« T/ B E R R A2,

(AT KA G 7 E XAE SR R+ . HirR T %,

2l — MR EESET, MREEREZESN T HRMEIZD .

THE% H—A K Hyperopt R~ F,

from hyperopt import hp

space = hp.choice('my conditional’,

[

('case 1', 1 + hp.lognormal('cl',
('case 2', hp.uniform('c2', -10,

('case 3', hp.choice('c3', ['a',

1)

0,

1)),

10)),

'b',

e

1))
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n_components whiten n_neighbors wei%hts leaf size||algorithm
[ | I
8 True 3 “distance”| |24| |“ball_tree”
RF: BHEMIARMRPESE  ET: BR85S SS: #tRiEtRE PCA: FRe4r4r#r
KNN: Kzt 2l MNB: ZIzUFh g DI MMS: f/h—f Kfrft TFIDF: 84— CACHi 2= 54T
SVC: SZ#rm&E4r28% SGD: BENLEAE T IE N: I5-{k

B 5.1 SBMAESRMSIEZFH Hyperopt-sklearn 2 % = 18] /- 61

Ed: Zonfl EEAKE 6 NP ALY 6 ML KR EXRETRPIEFE-MEE, B
REAMERFEEFEFERE. 5RO RMAER— (PCA. KNN) #H, TiEHK e a7
RIEA TENXEZRRE. MG ENESHES THEESHES AR TN, XT PCA A
KNN A&, EshiEZ 2808 8 1.
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PMEGIEESH —TRA 3 MEME RN S AL
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5.3 Scikit-Learn &E8U%EE
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1T B A% 48 R BT 7 E VP IR RANEL LB ) (FE 102 B R AL

BJa, JEX—MrEEEZR BN, BRTEBER ML E. BRAEILT,
Hyperopt-sklearn >k A Scikit-learn 7E 5 iF 098 b 1978 0 7R € X RintE. XT38
EIME, BMAFBKN “0-14Kk” , AREHTINSEHNEEE (UL AEEREFE R
R TNRRBIESE) Brir B mEdE B B KRS Tl 2 &

54 EH=H
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=R INEGE EPATINSIEIE, FIHERUESE BRI HERYE, B8 SR 5k
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Wl

from hpsklearn import HyperoptEstimator
# HNEEE
train data, train label, test data, test label = load my data()

¥ flZBestimatorX®R
estim = HyperoptEstimator ()

# fEScikit-learnPHE R LR, MAMETEREHEANBES, DUINSERFEIE
estim.fit (train data, traln label)

¥ R ERIERHTIIN

prediction = estim.predict (test data)

# TELEBRE LD XRAVERE

score = estim.scmre{test_data, test label)
# IR[E 9 KFFITANE D BRI SL A
model = estim.best model ()

HyperoptEstimator X R & & # R4+ AT E L O FTERZTER. 7k,
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HyperoptEstimator A PA#ZC & i 2 Ml S8 R Hv, RN R R ZMEENAS
{47 SCHF hyperopt FAH R O BEIVEEX BE R MEAH .. FRitkzsh, APEX B WAL
& B BBz 1T B KB R BOEAS KRB U B RIE TR B (BLs NEALD .

from hpsklearn import HyperoptEstimator

from hyperopt import tpe
estim = HyperoptEstimator (algo=tpe.suggest, max evals=150, trial

timeout=60)

LPrES T, BMERERSSAEETRFREE S MR IRE, i H1R N
FEANREE R A B THERIWERT 1. XEAERFHRBEEERES
KA

from hpsklearn import HyperoptEstimator

Il

from hyperopt import anneal, rand, tpe, mix

¥ EX—E%. ssHEfERMBYIER, 7530 8fEHTPE, 205 E)EHBAE X

mix algo = partilal (mix.suggest,
p suggest=[(0.05, rand.suggest), (0.75, tpe.suggest), (0.20, anneal.

suggest) ])
estim = HyperoptEstimator (algo=mix algo, max evals=150, trial

timeout=60)

fE Scikit-learn H, 5 R4 2 B~ 2% 8] £ 1) AT A 43 K A8 =A% B K& 1B 18] A1 5
WI. WaiiE, AP RSE — M€ B E MBS EM K F25E. iR
Hyperopt-sklearn, A]LL$8E — B ARERHE R E], LMEREIHITENERANEER.

from hpsklearn import HyperoptEstimator, svc

4+ B RRFH AEsVCER

estim = HyperoptEstimator (classifier=svc('my svc'))

A4, AP WA P A FE 2 mB3ETHE, WL RBI TR,

from hpsklearn import HyperoptEstimator, svc, knn
from hyperopt import hp
 REBERTERABEIEEYHRA. KLBHSVCIER
clf = hp.cholce('my name’,
[random forest ('my name.random forest'),
svc('my name.svc'),
knn('my name.knn')])

estim = HyperoptEstimator (classifier=clf)
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Scikit-learn H ) S FR R EHE A Z DA EZ G ETHAERH, MEMERE. 12RE
BRZE. 20 R EM sigmoid BRETSE . 2032 SVM BIAZ 77 VA2 R 2 i A Y 1) R B e
mBSNMETEEHAE XS B MFFEZ. & T, Hyperopt-sklearn ¥ 8% 77 L& AL
NERTEFEME—FERY, WRAP SN EER P 4 e NEHEE LRI,
S EHHA P RBRMBTRREAEGRER T ENER, B2 0] DLE 46 € AN 7 1%
i AtEE SVC,

11

from hpsklearn import HyperoptEstimator, svc rbf

estim = HyperoptEstimator (classifier=svc rbf ('my svc'))

PRtk b, F P W] PL9E € 2 AN BB 7%, HUABIRE A E#4 SVC.

from hpsklearn import HyperoptEstimator, svc
estim = HyperoptEstimator (classifier=svc('my svc', kernels=['linear',

'sigmoid']))

5y REERAL, H P AT AR TRAC B AR 1) 25 (8] . TRALEL I 2 AN ELERT BUA] BLidE
LM HAFFIRRIEE, 25T N R =X A AT AT AL B

from hpsklearn import HyperoptEstimator, pca
estim = HyperoptEstimator (preprocessing=[pca('my pca')])

, AP EFER] XA R TRALE 2 |3 THE (50KRBRED .

[T

EixX E

from hpsklearn import HyperoptEstimator, tfidf, pca

from hyperopt import hp
preproc = hp.cholce('my name', [[pca('my name.pca')],
pca('my name.pca'), nmrmalizer('my_name.nmrm'}],

standard scaler ('my name.std scaler')],
11)

estim = HyperoptEstimator (preprocessing=preproc)

w EVE R, WMo TERERERENEE LA RTE. 265,
Scikit-learn H1 [{] TfidfVectorizer & % [ 15H X CAZ IR T Bt 1Y, TTEEH T HARRR K
HIE. NT Pz, Hyperopt-sklearn #&fit T — Wi X 256, ZTEEE 7K
HEF X 5 B0 R ) AL 3 7 7
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from hpsklearn import HyperoptEstimator, any sparse classifier, \
any text preprocessing
from hyperopt import tpe
estim = HyperoptEstimator (algo=tpe.suggest,
classifier=any sparse classifier('my clf'),
preprocessing=any text preprocessing('my pp'),
max evals=200,

trial timeout=60)

E BTG T E B, BERGRE - I TTHEBESHSERER. FL b, AL
EfFEBSHE, FHAXESHIEEBNERIEPRFAZR, MizbEITEELR
E&PREEFRN. 2Pms, ArofmEs B EEHAakn PCA HIEM— 3
i 2 TR ) SVM, 824 ] DA B 8245 2 40 B 1 2 5UE

from hpsklearn import HyperoptEstimator, pca, svc poly
estim = HyperoptEstimator (preprocessing=[pca('my pca', whiten=True)],

classifier=svc poly('my poly', degree=3))

HAh, WETLIIEE BEASHEWBUETEE, X3 B2 8 i AR hyperopt B3R 52
LI, TiXLedE 2 BB 278 5 Hyperopt-sklearn H € X I ERIANE

from hpsklearn import HyperoptEstimator, pca, sgd
from hyperopt import hp
import numpy as np
sgd loss = hp.pchoice('loss', [(0.50, 'hinge'), (0.25, 'log'), (0.25,
"huber') 1)
sgd penalty = hp.choilce ('penalty', ['12', 'elasticnet'])
sgd alpha = hp.loguniform('alpha', low=np.log(le-5), high=np.log(l) )
estim = HyperoptEstimator(classifier=sgd('my sgd', loss=sgd loss,
penalty=sgd penalty,

alpha=sgd alpha) )

Fir & %t B P 0] B ) 25 44 #F 7] PLZE components.py 3L 3k 3. & 5, H fd F
Hyperopt-sklearn 7E 20-Newsgroups ##E4E _F 2] — & iﬁﬁ@ﬁ‘]?ﬁ%:fﬁﬁﬁ , AR
AU T B o
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from hpsklearn import HyperoptEstimator, tfidf, any sparse classifier

from sklearn.datasets 1mport fetch 20newsgroups

from hyperopt import tpe

import numpy as np

# TEEIE, FREEEVIDEISGEFREMMNLHTESE

train = fetch 20newsgroups (subset='train')

test = fetch 20newsgroups (subset='test')

X train = train.data

y train = train.target
X test = test.data

y test = test.target

estim = HyperoptEstimator (classifier=any sparse classifier('clf'),

preprocessing=[tfidf ('tfidf') ],

algo=tpe.suggest,
trial timeout=180)

estim.fit (X train, y train)

print (estim.score (X test, y test))

print (estim.best model ())
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0 NA NA NA NA 02/14/15 | 2. abhi 3.60 0.776 4 NA
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