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It is often difficult to apply advanced machine learning methods to big
data. In such a case, a common approach is to screen out some features and/or instances before the
data is fed into machine learning algorithms. Existing screening methods are heuristics in the sense

that there is no guarantee that the features and/or iInstances screened out by the methods are truly

irrelevant. In this study, we investigated theory and application of new approach called
optimality-guaranteed screening (it is also called safe screening in the literature). We obtained
three significant results. The first result is the application of optimality-guaranteed screening to
machine learning problems in dynamic environments. The second result is the extension of the scope
of optimality-guaranteed screening to the field of pattern mining. The third result is the
development of a new method for optimality-guaranteed screening that enables us to screen out
features and instances simultaneously.



B X C—19. F—19—1, Z—19.

1. WFZEBIE Y DY =

(1) KHBE - BRoTT — & 5k % 1159
DRMIL, BT T—=HDHDE &, a7z
SEPCHR N TWD M 20X, ERAEMESy
B ClE, BE T 2825 RO MR E G
WA HEOICEREIN, T — X AT AT E
FERB PR R E X2 DL o TS, F
7=, xR OHEERIREE 2555
(i, BERTRT — X 2 HonT e TR
B, T =D OMATRES L,
BoOREERLE L TESDBIESNTE
7o, T — % OaM e KESAL - mkotibic &
ST, ROV EBZ D7 70 —F NS
LEINTW., Ev 7T —XFETIL, 7—
AR AT I — RTERWEAELHD,
Wk DB T LT X WA F O£ i
TAZENTE o7,

(2 ZDOXIRIRWTIE, RABNDITIEI
KoTTF—20—H EZHIRL, EI-—i
DT —H DI EFE LT 5 & Voo Jiét
FERL D50, HEL L —ZESY
TT—2O—EEHIRTHZLIIAZ Y —=
VI EMEN TV AR RO AT Y —=
TFIEFTTRITE 22—V AT ¢ 7 R ZHEDWN
T\, Z0), BT — X 2it-> THI
BRLCLEDAEMEND Y, KT T L
D Cdb B RAEIFAS B 7e o 7=, MEkER
BEB RN TIE, A7) —=2 72BN T
HEREGFZRYBRWTLE D afREMRH
0, BELFFHEEEZRELTCLES VX
IRBESHTWE. £, BEIRAREED
RWART V== T RATH T EICE D, Ak
IZEECRPST-EENEE TH D Lk
SNTLEOMELEZY H 5.

2. WHEDOHBY

(1) 2010 #£iZ El Ghoui 512 X » TheilttE%
SN=7 7 a—F BIHAEO) 1, fiEtrqik
DHDHAT ) —= TRAREL BT L ER
w3 LWL 0T, REFEZEZL—HO
MR D3N RACCILAL O 72 8 DRk & 7l A
TWDHRMTH 7=, FithEZ= Rk L>D>T
— B DI A RXEWOLT Z LIy 7T — X
FIZE > TAREAMICEETH Y, RUFFHE
TiE, #Ham - JSH OISV TEEZE &2
HESHE, AoH2Y) - T2 2HET
ZEmARE L. REFIT 2013 LUK
WRAEA Y U —=2 T O RENDHTEY |
Z O DOREEIT 2013 £ International
Conference on Machine Learning TH3# &
NnTn5s.

(2) WEMEERIEL D DOT —Z DY A X &
LT LRIy I T — X L o> TARER
WCHEHETHD KERIEA 7V —= 713
REACHEGRICESNTEY, x RERE
WCBWCREBEO T A T TR AR EE 2D
5. Eako El Ghoui & D7 7 1 —F | TR
FE S5 CH A LD TR Y FEHIE O 34E

CK—19 (Jtm)

M CRIEAMZE N K& < BT 5 algetEn H -
7o ZOWRWEERE %, AT, RO
MR Z B - ICHOmMEmE T — F952 &%
B E L.

3. WHED Tk

(1) YEFE TORBERIER 7V —=2 7
BmRTT =2 R E A7 ) —= 7
LEBICR BTV, AWFFETIE, R-EXS
REYS, FEIRFEA 7 ) — = 2 T EAfT O
Te7R G BB PRAEA 7 ) — = 2 T AR D S
H—r= A = TR~ OYLRFF I & FEH1 D
[ RAEAR 7 U — = 7 HA O BT D
EIZHY AT

(2) TNETORERIEARYZ V—=" 74
IFHERICESRAEVTERY, ESoRiEIC
*T D HER 3 ITREE S LTV 720, &
PR BIIRRNT T e —F DR b kD
LTCWASEHD 1 5THY, T — XNl
DEEERIE RO L 7> TS, AR Tl
[ F L E W) 45 B O WA FE AR oA AT 2 FR 0
M7 PR & B, RERiEA 27 ) —=
7 DEFT T -T2,

4. WFFERR

(1) 1 >HOMRITRERIER Y V—= 2
ZENRYEREE T C O EME~SH L7z 2
ETHD. ZOHFEIEEEEE SN (Quick
Sensitivity Analysis) &BREIEAL. HEWFE
AT 27 —F X—=A D BEOEF R >
AT, BRI M EST CTHEEEE T
NEFFEET OB MR T
WEEET VO O DA ZEENZ L 2
ZEMTEDLLDTHD. Z OFIEAURITHE
W EICB T EEREM CHL 7 rANY
T—varomEltR SICbIcHT A2 En
T&E 5. AR TIE, FHIOBEIMCHIBRSTT
OIS E . FEOBIMSCHIBRA T2
B T ERXR—ADBERIIEEN D ST 5E
FNEIUIHHET A ENTE, BBEMNZ
. BHEOH o T2 A ORI Tk
HETANEIL O DHPHZRD D Z LN T
X5, KEBRIITFT—Z~A =0 VB0
B E B &3 CH H 21st ACM  SIGKDD
International Conference on Knowledge
Discovery and Data Mining (KDD2015) (Z#¢
gk, ERAADPOERZED TS (Fk
& L ED).



*
(new) optimal solution Q)

it
(old) optimal solution L) '
(a) spot modification

X

nXxXd

data modification
_—

I

(b) sample modification

(c) feature modification

M 1 EBERESOA A=V, F— 2%
WOTONDAIDEEET VT A —X %l
AL CT—#EREDOEBET VL/XNT A —H
OIFERHZ EHICHET 2 2 LN TE 5.

(2) 2 OHDOMRRITRERIEA Y V—= 27
D AP 2 R F — v~ A = T Dy ~HL
RBLIZZETHD., N —r~vA =73
S, BlIE, BEOTA T LTS
TAT LOMBEDEERZ T D L 7
BBERTAT L2y h~A=27)ThH5.
AW TIZ, EUFE T V00T T L OB
MWRE = NBRD LD RTINS —~A
=7 OMEEE 2. £ OFHE O EmERI K
WRFEA 7 V== T % HAT D007 7
n—FERE L. BRBICIE, NF -2
M ECER SN D ARREICB W T, KEtEx
RAE L DOBRN Y 2425 FiEaRE Lz, =
DOFHETE—7 F—=27 (safe pruning)
EFEEN, TAT Ly hOTHl~A =27
72T, 779 70THl~A = 7R
OTP~A = TIZHEHAT L ENTES.
ARRNTT — &~ A =2 7535 O fe 3 B [ B
SHTH D 22nd ACM SIGKDD International
Conference on Knowledge Discovery and
Data Mining (KDD2016) (Z¢ékSiu, [EP4SH
MOIEHZEDTND (ERREERILEHEO).

K 2 FEEIERA 7 V—=0 7 &R L=
=A== TDA A=V, AEETE
Hani"\2—rorb, fze TlEes v
TIHAA SN2 E N RFEESND N F —
BRI TE 5.

(3) 32 H DRLANT R & 1] % [ IRf |2 5 36
PREEA 7 V== 7T B2 OF =72 5%
BN L2 Thd. ZNET, HHFES
PGt EIZ A= RET L ORI O B iE
FEA T ) —= U TR SN TE . —J5,
FEF IR AT 2 EATO 2013 FICF
B D FEHRFEA 7 ) —= 2 T RO TRE L
7= (BIHSCHD) . Dtk Bk~ 78 €
TINCEBTDEEDOA T ) —=2 7 FHlD
ATV —= 7 BMEBNCAFTE S 4T X 7203,
AWFFETIE, BFEOR 7V —=0 7 L HEH D
ARG V== 7w RFFICAT O T2 O k%)
TR L. Ao 7 ) —=v 7452
EDOFEITHRDENRH D Z L THY . HiK
DAZ ) == T %47 EFFORT ) —=
VIENRmMEL, FHOAT Y —=2 T AT
DER DAY ) —= U TRNE LT L L
PR LT, 207 7 u—F & EEO KL
M EREICERA L& 2 A, RiERFHEA
IR N OIS I DIV, ARWFIE O pR I TR
WEE ORMMEAERSZD 1 >THD 33rd
International Conference on Machine
Learning (ICML2016) (ZHR&k S, NI H R
VICIER 2O TWD (TR REERLEOQ).



M 3HEFIRT ) —= T DA A=K, 27
T ASPHEBEIC B W T8O F4 2 B R
THiE R DR EL B X 00D,
WREEA 7V —= 0 I TITF D L 5 BRHE 6 %
HENZRADIT A ENTE 5.

< GIRSCHR >
@M® El1 Ghaoui et al., Safe feature
elimination 1in sparse supervised

learning, arXiv:1009.4219. 2010

@ K. Ogawa, Y. Suzuki, I. takeuchi. Safe
screening of non-support vectors in
pathwise SVM computation. Proceedings of
the 30th International Conference on
Machine Learning (ICML2013). 2013

5. FlpRFIRLE

UEaEams) G4k
@D S. Okumura, Y. Suzuki, I. Takeuchi.
Quick sensitivity analysis for
incremental data modification and its
application to leave—one—out CV in linear
classification problems. Proceedings of
the 21st ACM SIGKDD International
Conference on Knowledge Discovery and
Data Mining (KDD2015). 2015

@ Nakagawa K., Suzumura S., Karasuyama
M., Tsuda, K., Takeuchi I. Safe Pattern
Pruning: An Efficient Approach for
Predictive Pattern Mining. Proceedings of
the 22nd ACM  SIGKDD International
Conference on Knowledge Discovery and
Data Mining (KDD2016). 2016.

® A. Shibagaki, M. Karasuyama, K. Hatano,
I. Takeuchi. Simultaneous safe screening
of features and samples in doubly sparse
modeling. Proceedings of the 33rd
International Conference on Machine

Learning (ICML2016). 2016.

@ S. Suzumura, K. Ogawa, M. Karasuyama,

M.  Sugiyama, I. Takeuchi. Homotopy
continuation approaches for robust SV
classification and regression. Machine

Learning. 2017, 1-30. DOI:10.1007/s10994-
017-5627-7.

® K. Toyoura, D. Hirano, A. Seko, M.
Shiga, A. Kuwabara, M. Karasuyama, K.
Shitara, I. Takeuchi. Machine-learning—

based selective sampling procedure for
identifying the low—energy region in a
potential energy surface: A case study on
proton conduction in oxides. Physical
Review B. 93, pp. 054112: 1-11. 2016.

® T. Takada, H. Hanada, Y. Yamada, J.
Sakuma, I. Takeuchi. Secure approximation
guarantee for cryptographically private
empirical risk minimization. Proceedings
of the 8th Asian Conference on Machine
Learning (ACML2016). 2016.

(FEpE] (Gt 510)

O BRAEK - SSREHL - AR - BiArth
Fe AN BB, “RIERME S 079
@ Leave-one-out cross-validation @ /& #
{b. B1EHEEFEE 25 G HRamA T
BEHATZES. 2014 4F 11 A 17 H.

@ A —BB. KBBR8 D 7= D D F 4]
LD —T A7 ) —= 7 18 [H]
BHHwmmWFEEAR Y —27 v a v
(IBIS2015). 20154F 11 H 25 H (JA%F
R .

@ 1. Takeuchi. Safe Feature/Sample
Screening and Its Applications to High-
order Interaction Modeling and Quick
Sensitivity Analysis. The First Korea-Japan
Machine Learning Symposium. 2016 4 6 H
2 B (FBFFefEH) .

@ eHEfER, BILBSE, AR, TN —RR.
A= ZAFET )L DT80 DR L AR O [F
— T A7 ) == 7, BERREESE 25
[ i ) 7 BRERAT 28 2. 2016 -7 H 6 H .

® HlFnth, st ER, BILEE, BHHEZE,
VBB, NE—r~A = TBEICBT 5
T NRE = == T E N A N—
AET L OFEE. EAHRIEE TR 26 [
AR BRI 7RSS, 2016 49 A 5 H.

© TEmidsE, LeafEs, A ME, TN —ER.
BRI I f IME TR 38 U B i d U o AT (12
B4 2% —2%. B EHEEYRE 26 BE#
AR EER TS, 2016 429 H 6 H.



@ BILE=E, BFASE, /IRsE, N —BE,
L, 7 ZEFRIZEES S RIR T A TRk
ORISR, B EHREEFRE 27 BF
W E BT ZE 2. 2016 4F 11 H 16 H.

® HEEhA, H)IFHL, HWZ2E, TN —ER
BRI HEMBED - B @ Selective Inference.
B REEREE 27 HIERGRN S S
BF%E4s. 2016 4 11 H 16 H.

© fEmitd=, @ mET, SHEEE, EARTE,
TN —BE. X7 — Z (Sxb4 2 #RBRE 2 o)y
L& ZDT T AN —REE~DIEH]. BTG
WolfE 2 27 I A e 2 E B JE 2.
2016 4= 11 H 17 H.

O AR, B, FEH—, BN,
SIESE, SREF, Rk, s, &
Boohkd, TN —BR. A v AL & B E
AW\ b AREEROREEREE. B
TG E 27 BIE S8 B 7
£.2016 £ 11 H 17 H.

(XE) o)
mL
(PESERA PEHE]

OiERdL Gt o 1)
mL

OBk G0 4)
L
(Z i)

L
6. WFIEHHiK

(1) BFgefses

TN —BB (TAKEUCHI, Ichro)

&R TR T5% GR) BFFE R (BF9ERE) -
Hiz

WFgeE 35« 40335146

(2) 9oy

Bl B3 (KARASUYAMA, Masayuki)

Ay B TR - T GR) FE R (BIFZERE) -
Bh#

a5 40628640

(3) WFzE /s

Ak 557 (HATANO, Kohei)

FJUNREE « SN IERR iR 55 - #egd%
WIeEF 5« 60404026



