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Abstract
‘We propose nonlinear non-negative least-angle regression (N3LARS), that can select non-redundant fea-
tures from a large and wltra high-dimensional data in nonlinear way. A key advantage of N®LARS is that
it is a convex method and can find a globally optimal solution. Moreover, N*LARS can easily incorporate
with map-reduce frameworks such as Hadoop and Spark. Thus, with the help of distributed computing, a set
of features can be efficiently selected from a large and ultra high-dimensional data. The effectiveness of the
proposed method is demonstrated through an ultra high-dimensional biology dataset.

1 Problem Formulation

Let X = [Z1,...,%,] = [u1,...,ug)" € R denotes the input data, y = [y1,...,%,]" € R" denotes the output
data or labels and suppose that we are given n independent and identically distributed (i.i.d.) paired samples
{(i,yi) | i €X, y; €Y, i=1,...,n} drawn from a joint distribution with density p(x,y). Note, ) could be
either continuous (i.e., regression) or categorical (i.e., classification). For the purposes of this paper consider x
to be a dense vector.

The goal of supervised feature selection is to find m features (m < d) of input vector a that are responsible
for predicting output y.

2 Nonlinear Non-Negative LARS (N’LARS)

The optimization problem of N®LARS is given as

d

min IL=Y " K™ |f g, lall <n, st.ar,... a0 >0, (1)
k=1

where K = K/|K|/fro, L = L/|| Lo such that 17 K1,, =0, 1TL1, = 0, and |K|2,, = 1., K& = TK®T
and L = LT are centered Gram matrices, KZ(];) = K(x,,xr,;) and L; ; = L(y;,y;) are Gram matrices,
K(z,z') and L(y,y’) are kernel functions, I' = I,, — %lnlz is the centering matrix, I, is the n-dimensional
identity matrix, 1, is the n-dimensional vector with all ones, n > 0 is the regularization parameter, and || - ||rob
is the Frobenius norm.

It is worth pointing out the objective function of N°LARS can be reframed as

d d
1-2) " ayNHSIC(uy, y) + Y apaNHSIC(uy, w),
k=1 k=1



where NHSIC(u,y) = tr(ﬁ L) is the normalized version of Hilbert-Schmidt Independence Criterion (HSIC)
(Gretton et al., 2005) and NHSIC(y,y) = 1. Note that NHSIC always takes a non-negative value, and is zero if
and only if two random variables are statistically independent when a wuniversal reproducing kernel (Steinwart,
2001) such as the Gaussian kernel is used.

If the k-th feature uy has high dependence on output y, NHSIC(ug, y) becomes a large value and thus ay
should also be large. On the other hand, if uy and y are independent, NHSIC(uyg, y) is close to zero; uy, tends to
be not selected by the ¢1-regularizer. Furthermore, if uj, and u; are strongly dependent (i.e., redundant features),
NHSIC(uyg, w;) is large and thus either of o, and «; tends to be zero. That is, non-redundant features that have
a strong dependence on output y tend to be selected by the N®LARS. Thus, N®LARS can be regarded as a
widely used minimum redundancy mazimum relevance (mRMR) feature selection method (Peng et al., 2005).

2.1 Nystrom Approximation for NHSIC

We start introducing kernels used in this paper.
For input x, we first normalize the input z to have unit standard deviation, and then use the Gaussian kernel,

\2
K(xz,2') = exp (— (Ez_ﬁ) ), where oy is the Gaussian kernel width. In regression cases (i.e., y € R), we normalize

\2
an output y to have unit standard deviation, and then use the Gaussian kernel, L(y,y’) = exp <—%), where
y

oy is the Gaussian kernel width. In classification cases (i.e., y is categorical), we use the delta kernel for y,

1/n, ify=y . .
7\ Yy 9
L(y,y') = { 0 otherwise, where n, is the number of samples in class y.

Nystrom approximation: To reduce the computational cost of Gram matrices, we use the Nystrom approxi-
mation for NHSIC as

NHSIC(u,y) = tr((F ' G)?),
F =TK K" /(K K KKy 7)),
G =T L Ly /(tr((Ly " Ly Ly Ly )M,
where K,,;, € R"*?, (Knplij = K(us,up,j), Kep € Rbxb, (Kvplij = K(upi,upj), Loy € Rt Ly, € RPY and b is
the number of basis function.

2.2 Distributed computation with Map-Reduce

The Nystrom approximation is useful for large n. However, for ultra high-dimensional cases (e.g., d > 10°),
the computation cost of N°LARS is still large. To deal with this issue, we separately compute ¢, in N3LARS
in parallel with distributed computing such as Spark! . Since we can independently compute ¢, we can easily
speed up N®LARS by simply increasing the number of servers.
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Non-convex Compressed Sensing
with the Sum-of-Squares Method
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Q(:X)eADEO(a.0) dQ(';X:x)( )dQo(y)dFp(x)

_ dQy
= (1+o0(1)) 06%1(150)/10g O (X = ) (y)dQo(y)dPy(x) as e — 0
(4)
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Gr(eao) = @2 N(0,73%(e,0,C)) 0000000000000 OO0O

QX =) 1= [ QoG ) O1X = 2) (5)
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[1] Xu, X. and Liang, F. (2010), Asymptotic minimax risk of predictive density esti-
mation for non-parametric regression. Bernoulli 16, pp. 543-560.



{RIRTCZBR{A D Data Sharpening
ERRFREGHE TR Tk EMRRFRAH T AR Ak BX

1. [FLOHIC /YR TA MYy ZERIERIZENT, N1 7 A& E L ke UT Data Sharpening 531 &
N TW5. Data Sharpening &\ 5 FiEid 2] TREI N, FidE (AN, LL) HERIZIRED LL #E&
ZfIZ % Z & T Data Sharpening(BAF, DS) #fE&AFONE. LT, p EROMNIHERIZNT 5 DS #
EROWHLMR D EE L, NV Nl h — 0 LA n — co,nh? — 0o DH LT, WHENA T AH O,(h*) T
HY, WL O,(1/(nhP)) THB. M), LL HEEBEOWHLHR D BV [4] TS 1, T DL/ N A
7 A O,(h?) TH Y, ZOWHESENL Oy(1/(nh?)) THEZ RSN T WS, Lzd>T, LL#fEER X
Db, DSHEERDSGHUWHEMIIZNS WS TAZREDZ Db,

—FH, SHAZED D ZERTOLZRHREITHEDIAEFNT VB LW REEZ GG EIRETVIFEMINTE /2.
ZIZTOETIVE2TED D, HAZHEPHDIAEFNTWEEHEZBAE T 2ETIVE, KM THET IV
ZRAlEND. ZRRAEERE T2 ETVONREFNIAFREFETH D, Sk UTHEPREZEEL T
BY, TNETHAICHEINTNWS. UL, ZHEPERMTH S &3 20580, BRTH 2550
WR2EHEVZLLBVEDIITEDbN, HIZIX (1] Tl LL#EEREZ KD dIRTCERRE IR U g il
DEOHRS N, WL N T AN O, (h?) THY, ZTOWESEIE O,(1/(nhd)) THZZ L E2HENTWVWS.

ARRTIE, [1] & [2] DFERZEDE T, SHZBPRMOEIRITCERIKIZHDIAEN T WS EET DS #
EREMKL, TOHGR - BUERMRGEIZ DO WTHRE T 5.

2. Data Sharpening #E2 p £ZEOHIAZEZ X, 1 Z20HWERZ Y £ LU, £OMSLA n HOBHEI
iz {(X;, V)L <i<n}2T5. 1, e, 2 LLAOFEL L, ERET IV

Y; = m(X;) +v(X;)?e;, Elei] =0, Varle) =1, i=1,--- ,n

ERETD. MEDX =Ty MIm TH5. [1] COREEME A, FALKD d RILEHRE X(d <p, X C
RP) IZHORAEFNT WL LT 5. T2bb, X, e X 2RETSH. 20L&, € XITHLT, Local chart
LEDNDE G o B], - XNBL, BWMEETS. ZIT, Bl, ={zeRY\/(z—y)T(z—y) <r} ixHh
DRy TERD r TH D g IoTDER. & S5IFERLA d T OEERE f(2) 12X 0, fle i z) 2 X D
BEEHE TS, RP 5> 2 28T 2 m(x) DML E mop(x, h) &, RSEHERTHEKT 2. 22T,
mrr(z,h) = el (XIW, X )T XITW, Y TH Y,
1 (X1 —LL’)T Y1
XQJZ ’ Y= ’ WI:dlag(Kh(Xl_m)7 ,Kh(Xn—fI;)),

K 357 —3 VB, h> 03V N, K,(U)=K (h7PU),e; = [1,0,---,0]T TH 5.

ﬁ% Ty = Y; - ’ﬁ’LLL(XZ',h) 75“5, {(X“Tl)“ S 7 S n} @:cké}%ﬁﬁ?ﬁ'(ﬁZ?ﬁﬁ%t LT ;’\LL(l',h) =
e (XIW, X )T XITW, [y, ,rn)T 2583 5. Data Sharpening #£5€ &l

mps(x,h) == mpp(z,h) +7rp (@ h) = el (XTW, X)) T XIW,(2Y — M)

LLTEshD. 22T, M=lmpL(X1,h) - mpp(X,, h)]" TH2.

3. &85 B g: R >R (g=dorqg=p) IZKLT, VZg(z) Z~y 2iT5%2 KT, ¢(2) = [p1(2) - pp(2)]T



Ez=(21,,2q) T&D, alZBIFB p DY I %

J(alp) = L?azjsoi(Z)]

1<i<p1<5<d|,_,,

L, ¥F/-G:RP S RIZNLT,

B(zlg, ) = C(z]p)~" /Rd u ' T (o7 (@) |0) V()T (0 (@) 0)uK (T (9~ (z)|o)u)du,

RalG.g) = [ G @l

L. ZZ7T
Claly) = [ KT @lo)udu
THH, THIT,
G*(4) = 26(y) ~ Clalg) "G+ Gly). G+ Gly) = [ GT (e @)l — T (e @)

D EDGEEHWS &, [1] @ Theorem 2.1 12815 mpp(x, h) DA T AL HH, TNEFnDY) —T 1 7
A= hid Ji(z) = B(z|m, ¢) & Jo(z) = v(@)R(z| K, ) /{f (¢~ (2))C(z|p)?} TH 5.

4. BHEZEE WUREMEDHE, 2 X, n—o00, h—=0DEE
~ h*
Bias[mps(z, k)| X1, , X,] = —ZB(xuhap) + 0, (h%),
~ _ 1 R(z|K",¢)
Va’,r[mDS(x? h)|X17 7X7L] - nhd R(.’L‘|K, QD)
[1] C#an S N7z LL HEE BIZWOE N1 7 A0 O, (h?), WHEN#UE Op(1/(nh?) TH o7z, —J, DS HEE
BOWHENA 7 A% O,(hY), #HENEIE O,(1/(nh?) TH Y, N1 T AMNPIELTNWSE Z Db h 5.

Jo(2)(1 + 0p(1)).

5. DS #EBOMEERY 3HORMfEOLE, Etl<co D2 c X Th=rn V) pr X

4
(ot - (o) - % Bal1,0)) /T arpste X %] -2 V0.1

B DD, 22T, kEHBEOEHRT, “" BAMINEERL, N(0,1) ZEETEHIHTH 5.

6. /N4 T RWENDIREE mps(z,h) DA T AMNPERIZECTWE IR, YIal—YaveHET—4
~DEAZBLUTCHERT 5. MEIIABRICTHRET 5.

ZE X

[1] Bickel, P. and Li, B. (2007). Local polynomial regression on unknown manifolds, Complex Datasets and
Inverse Problems: Tomography, Networks and Beyond. Institute of Mathematical Statistics Lecture
Notes-Monograph Series, 54, 177-186.

[2] Choi, E., Hall, P. and Rousson, V. (2000). Data sharpening methods for bias reduction in nonpara-
metric regression, The Annals of Statistics, 28, 1339-1355.

[3] Naito, K. and Yoshizaki, M. (2009). Bandwidth selection for a data sharpening estimator in nonpara-
metric regression, Journal of Multivariate Analysis, 100, 1465-1486.

[4] Ruppert, D. and Wand, M. P. (1994). Multivariate locally weighted least squares regression, The
Annals of Statistics, 22, 1346-1370.

[5] Yoshizaki, M. and Naito, K. (2004). Practical aspects of bias reducing estimators in nonparametric
regression, Japanese Journal of Applied Statistics, 33, 131-155 (in Japanese).
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1 ELC®HIC

ARFERTIE, 12207 AEKEEAML) 2IFENZH U WEAMEZEAL, ZORMERNRECLTIEEZERT 5.
75 T o RIEAMLI B H 0 FEHPEGDT /A Vv, ¥ AT —vay, BETFTF—RERRY, £<
DB THENS., AFETIE, ZOLIBREMDOHTE 2= 22T 2 ERLICERZ Y TS, BEOTHEIZ
TITDOEERIIETOENZTIRUB—DTH DD, EHTH->THEZNODHNITHEDNT WD, A%
ALTWARWRo T2, KIFETIE, k-HEY 2 7BBUCHREZET, FILWEMMEZRET 5. ThE TOMFRT—HK
1. Fused Lasso iF 84t (Tibshirani et al., 2005) 132°5 7 % v b & Lovasz $ikik & 72 3 2 & H315 T\ 7= (Bach, 2013).
T30y NIEEVAIEBRTH LD, HEY 2 TBBUL {0, 1} BREASE UTRITIS 720, #5 vk
WMATHEN. Z0RD, HxdZ 5770y MEEES {0,1,2,..., kY EOMBEROSHIEEE EAMLE UTEA
T 5. RET MBS 2R ARNT -BEY 2 T B IEN 5 BEIC 72 % (Huber & Kolmogorov, 2012;
Kolmogorov, 2011). %7z, fRE L & EAMLFAEREZ 2RI ERNBEFEZIRE T 5. R#ET 25U MTF
L, PO RIREZ fE RN 8 B G M FEEGE (Suzuki, 2014) 2 WS O TH 5. BOFEHRE O FELE IR D % mikiK
WEEFIHT 2 Z 8T, BEFEIBPIEKET 2 Z LRI N5.

2 %03 RAERHERNE

G=(V,E, &) ZHRNZTRVDNTFOoNLTTITETE. Thbb, VIZHKROES, ERLOEAETHY,
£c{0,1}° BEADEWHEASCV DO LIZFEZ6NEZTANERLTWVWS.

Box DHBEIBANZGZ SN2 TRV LIPS V REDRYDTRVEYTEIETHS. b, LIFHTLEE
ULWMET®H 2 I3RS T, /A XA ESTWE I HET S, ZOMBEELML 72012, WTEKSINEZFRD T~V
FEW SAE LT, BHEEMD 7 RVEEDT S XS REAMEENT . 20 &S REAMLOREKN R FELE LT
—fft Fused Lasso IEAfLASH 5. ZHIFIRD & S5 2RETRAE I N 5!

mHelﬁQr‘l/%”:ES _£S|2+7(U%E|wu — Tyl )
72U, Yy IREAMMEAI A =2 THE. LOMBEIREREELHETH 2P, © 205 & THMBINZEEZES.

LOMBEIZT NVD {0, 1} IC Ml 5 72, k> 3EOMBELRT S &S, FAMLEIKRT 5. B0 G = (V,E,£)
EUWANZ T RVDEZR SN 578 T 5. 12720, L€ [k]® &35, ZOH, ROEAMLFEMELEZ, Zhi
%0 J A IERIME & 05

k k k

: 1 2_ 7 Z Z Y(a—1) Z Z

me%‘gi[k] 5”:1:5 - KS” + 5 : |wu,i - mv,i| + 9 ’ : Ly,i — ‘ Ly,i
(u,v)€E 1=1 i=1 i=1

. @)




k=l,a=10k &, ME Q) IZME Q) & KT 5. HZHHDED, HD T VITHIET 5 EEA K S 24l 2 g,
D Z RPN T B FEEEDMED /NS K 5 TEWITRW., 207280, HEROIRLVDH> L, 7270820 F )b
MNREREEZID &5 2fERAE <.

3 W@ 7T XL

MR8 (2) O HWBEEIIMA T3, BMlialilikz2 Y TidDsZ 2 idTERWV. 22T, HLAIWHMEEZ2EZ, %
DFEFIFIRE % RN B A FRBUE TR HIE2RET 5. F e REXY 278, 34505 (F2)e = Ty — Toi
M e RV IZHUTHY o8I T 5. 58, RIE (2) OIHR#EIE

. * } T 2
Yy Din Y (/7 + 5 1Fsy — £sll (3a)
subject to FTvy =0 (v¢59), (3b)

TLHZH6NS. ZIT, Fo=[Fluec (CCV)T, " BB f* 2HVT Y (y) = cp [ (ye,:) RSN
T, [*(ye,) BWEACL L Oy ZHVWTIRO S ITH5Z 65N 5:

" _ 0 (y e Cy+ 02),
Iy = {oo (otherwise).

2720, O ={y e R¥ | |lylloo < 1/21,Co = {y € R¥ |y = ol, |o| < (a—1)/2} TH 5. ZOMNEE%
EHEARETHS ZEEEL WY, P O0BMANESCL & Co DI VITAF—HTHB I L2FAHL,
Yo = Yte + Yoe (Yr.e € C1, Yoo € Co) LHET B ZET, HEB Y1, Yoo KLU TIE f* ~OUHHIET T
TEHE510R%. ZOZL&MAVD I LT, MRNZHGARBIECE D WML T 2 ik 2595 2 et
TE5.

Theorem 3.1. () 2 FERNZHARERED t 27 v THOM, =* 2 BEMET5. $2&, 2vr>02C>0
REIELT, O 13D & 512 RIGTEINE T 5:

Bfj® — 2*2] <Cexp (—u;'t) ,

PRV — M OER v 3Rl ELT 7 1 V2R E FENEBBOAETHRE .

£ 3 AR

Bach, Francis. Learning with submodular functions: A convex optimization perspective. Foundations and Trends in
Machine Learning, 6(2-3):145-373, 2013.

Huber, Anna and Kolmogorov, Vladimir. Towards minimizing k-submodular functions. In Combinatorial Optimization,
pp. 451-462. Springer, 2012.

Kolmogorov, Vladimir. Submodularity on atree: Unifying L?-convex and bisubmodular functions. In MFCS, pp. 400-411.
Springer, 2011.

Suzuki, Taiji. Stochastic dual coordinate ascent with alternating direction method of multipliers. In ICML, pp. 736-744,
2014.

Tibshirani, Robert, Saunders, Michael, Rosset, Saharon, Zhu, Ji, and Knight, Keith. Sparsity and smoothness via the fused
lasso. Journal of the Royal Statistical Society: Series B, 67(1):91-108, 2005.



RIBTEEOHER TR « A itz 7 7 e —F

HURUR SR A E B AR AT R T
SRARC 3/

BE: R&2HE (KRR SEZE, ZoRICEOME (K8 Ml sh
Do RERBRBIIFLEHIBINOWEZRIZL D D2 0D, AARTIIEARITNAER
BOMERTREEE L LT ToTWD, £TDO—F5 T, KEZIGREICREIFE O TRl %
1T 212, #kx REARB R NS 2, Bl 21X, AROEHZ TIX, £ OFF/NS
RRBENBRNOHRITEL T LESTND, £DH, KEEHZ TIEIZOL ) R %R
BT —ZIZESWTTFHE LT bevn, £700EE, BT —2IcKkS5& 7
WETINDI/INT A =B fHE =D F RO T, ZIUTED X PRIZIT > TV DH 0, I
DT = b OHEEITITR E RAMEEMEDRE D T2, 2D L5 e PRI TIETHAE
BROBHINORELANTLE) 2R D, Bx 20 L) elEEZFKHNLTiEE
HAWTEREL, PTRIZEZVAERZR LD LT HODOWEE ZivE TiT> TE Tz, Al
T, A2 bO ZHETOMRLFHEIT L, REEHO FRIZIBWT, HEHET Y 773
EDLIITHWBIL, WHIZHERKE 2RI L TV D0 aiEmd 2.

RETHOMATTILEHERPA : AELORL 1 ICBTL~7=F 22— FMOR
BORBERIUMIFIKO LS 72ET LV THZOND,

K
(t+c)"e "

ZITK/(t+c) BARIEEONEHREEEE (KE-FHEAD %, e ™ i 3Em
EO~ 7 =F a— RktT 28080 (F—7 007 - Ve x—H|) #xhZThEL
Wb,

JFRHEANZIZZ DT VDT 2 —4 {K,p,c,B} & kO TRONITIFROKEIF O T
MELTDHZENTE D, EDO—FH T, NI A—FHEERET D72 DITIZRD DA
Wb, T, REEIIENZENOAREIZIS U CHEFIEERRLS, LA AREO~
J=Fa— KPR LTH, HERENRIBRRLZ 8D, ZOTOERNIIN
TA—BEERDOD ZENEHEL L, ZORFRTHE LN TWDRR L 225 REEE OB
T—=ENONRT A= MR B ET DNERD D, L L20R D, FICAEESZ OB
HF =232 OBPRANREENTVE Z ERMLNTRY | RERLRBHT — 4
BT A—HEOREEZTOHRL LR BR, TOZENTIVE T, REEB O

Alt,M)=



ZHEEL < LT\,

ZO XD ARMBEICK LT, B BIET — ¥ ORIBEFEICHES T 72012, ko

L RIFA t lcB T D~ 7 =F 22— K M OREBEOKRH = O(t,M)

2
e A,
BFEA L, ZZTult) I ETMmHER 50%ICkIET A~ =Fa— REERL, K
WZEE T2 ERET D, &2 TEASA ZEB/ILIC LY p) 2HEET 51, =0
R E THET LV EHAGDLEDL Z LITED ., REERRT —FNHOR
T A=ZOHEENARRICRY | REEZENO LOVKEOEWTHINAITAD XD
272 51,21,

S HIZTHAT O BRIZIEA_A AR PR A FEA LT, ZHVE TIHEmER /ST A
— R —OBOTHEITY (774 FH) EWnd Xo7Z &MTbh T
oDy FHOREBINT — 2 2 MW TEHEITE, REBRHEEDO R EEMZFED
DT T 74 PRI LI VITBRE O RESNDZ &b D, €2
T, LV a2 e PllZfT 9 720, MCMC 12 &k » THEEN NS 7L
NIZZHDINT A —Z Al D O TR &G D DA B PHIZ W, £
DFGEF, XA ZBTFPNC L > TTHREEMBEAICSGET 5 2 E R H IR
7=[3],

o(,M)=|" dx

S E XM :

[1] T. Omi, Y. Ogata, Y. Hirata and K. Aihara, "Forecasting large aftershocks within one day
after the main shock", Scientific Reports 3, 2218 (2013).

[2] T. Omi, Y. Ogata, Y. Hirata and K. Aihara, "Estimating the ETAS model from an early
aftershock sequence", Geophysical Research Letters 41, 850 (2014).

[3] T. Omi, Y. Ogata, Y. Hirata and K. Aihara, "Intermediate-term forecasting of aftershocks
from an early aftershock sequence: Bayesian and ensemble forecasting approaches", Journal of

Geophysical Research: Solid Earth 120, 2561 (2015).



SUBREE 7T K 5 IR BN S O T & BEREHIE ~ D G
MR e R
MRS, AR RIERE
SRWEERT AR —iF
SRWTZERT AT —

SRMTIERT /IR

MWEEHOBE SN —V 2 OLDOREIZETNVLDNT X —ZORMIN R ZE{LE L
TR, ZOZACITHIEWE ORBEDZ L 72 2 & 2 KIS 2, WiE D IREED
ZALT 5K & L COEBEORIENE - JEMEMEOWIE 5~ ot 5 IS G2t
fthic, FFRIRAE QNN PE S BifEmE oK N ERHE S LT3, FEHENE
D W& 3~ Y L RIBRTR AT O HE (L TE LR 7 B A3 N EE 72 23, — 8 DRI
BWTHIESL KT 2 MEELZ 2R L, @FEOMERI X —v 2 b
et 2 iE8 % e %, dm%@,\.% ESSEEIOE WA ELL T A CE NN
i % % & & 28403 2 IRREZ FLIR T % 72 0 I I B SN T I3+ 5608
%<\lD@ﬁ%mﬂ7f~ﬁ@%%§k%ﬁ9%7w#~y&&50

5 IZETASE 7 4 (Ogata, 1988)D ¥ 7 X — X DL & ~ A4 X FEfbic X
DHEE T B A XHIEEFETASET L (1) #EAL,

(x(M
M ot H) =g, 3, Db

P
{i: S<t,<t} (t -1+ c)

r2ie L q.(1) = §S<,t)0){q““ B o t)+q, }- quMFKU

z+1 z

201 HAEBRALH T AP bR IS B R S - N ETE 2 T L 72, BRWED
—HRIEAREOWIEEB 2 O XA TE b D TH o 7223, FRIERID
7 A — 2 ORI A HEE 32 & & T o MEBRFRHTE OB X 2 WifE s
B ICRRT 2 2 &R RTZ ENTH,

¥ 72, klnEEh L HEEHOMHE 2 T b 3 &1, JEEHETASETF AT
HEE L7287 A — 2 OFREZL L AR A EOBEBRZH W -FHlET v %



RE L7z, FEHGEE cO~ 7 ~E NI ) #imk OMREE A TR HER -
BMEEWHBEAZ R T L AMEINT VB, TEFT LD S X5 2 — & DI
BALAS L ECHE R RS C AN o TER, COBEEETASE F A 1c 4
HATe & & CHEFEHIEE O FHAN TS AIRE & 72 B

X0 BARICiZ, _A4 XBJEER ETAS €5 v (1)TThs oEEH» 5
AvN—ya vy TROEEFRMEGEEu (0 PMAEECLENICHKEHIZ L&
NEMHAMBEZRT L0 d o7z, % 2 CHRATRE ORMEE D ZE) 5> & HIRE
HEIEB~ORIBREIEC TR 5 &, RIS FREUTM 2 Se TR IC B L CHE4B
BINCHAY T 5 e mrolz, 2LV, KITT 2 EREOLHRRI L f5
BEAB DI E &iA A (linear convolution) 7 b HRHEREI # 5 2 2 IEEH
ETAS €7 VO LHEEMEZ KD 5 & EOREFREME THIE L H—RINE R
7B Do T, L LIthT T FEEBEIOUIR ¥ A — X IIRERIE D
BIRHIE D O BEFE CORREICKEE L TW B 2 200 o7, T b bR
MEZ G 2N, BT — 20 b FEHERETRMERERLZ[ L LR TE S,
FER O DML L 72t R IEU THh B Z L 2 Eff T bz, Thbb

(1) _AXBFEEFETASE T VAR L 72 HERAME O T RIGEHE DL v oy —
Va Vit ROBERE N & (2) HRMEOTREL v/ ~HADGTICE
BLH R D> & DERREICKAE 3 2 (RREIG T O IRFEZEAL & DRI PIFERY I B 28 70 AR
B sons b Thsd, v/ vEALRLEDFEDOIEHIC L 2 X F L A%k
DEBID AN =R LGS 261y Mk H2EF R 5,



FHOTETTLEAV L EEEOBERE & ST
an-l_/\O)FLTFH

MREMRKZERKZE tin AR LELSHEHPFRHTRERKE A HFK
(#%) hERPREIE A VR T4 Ta—F A E
EEEmMFRMAFERKRE AR R REHRIEHRER SH =

de B2
l 5=

EHGOME 2 B0 % < MR OB ICB W T B REBEZFIH Lo FEHIER AR FETH L. 7
— A R—RZEEND AT 0)1’ LA D> B OFFE T HIIZQSAR(Quantitative Structure Activity Relationship) €
TERETI, THE TICE L OFBIE GIEORE, FIRET VEAHD L L S S ERFBEFIEREH S
TUW25[A. Varnek , and I. Baskin]. L2> L7235, KirEDs HAL2EE O T TH % Inverse-QSARMIEIX, QSARM
BT D R R O EII2 0 D, ZOEBE E L TUMBAWZEROILRKEINEZ B, Bl2iE, T
F%C, N, O, SIZREL, HFKFBRTOREZ30ETE LIEHLETYH, AlRERAHS T OMAE b REIT1060
il & i s %

Z#vE Clnverse-QSARMEIZ Xk L TIRE SN TV D FIEIL 2 FBHIC KB TEX 5. BiE I 3FHSZEH _ EOQSAR
ET VDD FIRONFICKHS T 2 b7 E 2 YT 5 HIET, BT IXREEEZ R L E e PiEx
Wi b L TR ONTZ T T 7 A FEBREN & L, BEMNT7 LY X 5% HWTHBEEE f/MET 23 iiE %
BRTDHLENVSTEFIETHD.

ARIFFECIE, BFHISEEET NV EBRE VT WV EE A GDEI Ny FRGHELRET 5. B bEmH
LR SN Y — U RICHEERMN OERET VAR TE DD, TNETDOT I T AL e HWIZFETH
IN— L%‘ﬂiﬁﬁ)o TSRk REE LS 2N TE D, £, BREVTIAREEZHANWD Z LT, BEMT IV
TY RARRFNEIZ L D FIETIXTE RS TR 2D VD ARE L 72 5.

2 Fi&
21 n-gramE7T ML HEREEDET Y T

SMILESHE RUTCTFH Tl E 2 BT DDA VSN TWAERD—>Th 5. K0 B ITEHEN 72
A AV B I, A %ﬂ%%ﬁﬁféB(zN 0, P, S, F, Cl, Br, Il iX[Feld X 5 o451 %
WD, BRI T A & R A BT, BRI IR T = & TERIL SN D, ZOSMILESE A TR S hiz(k
PR AN gram T T VEREL, FETDH LT, (LSRR 2 — v i L, BRSO T v H A
YTV TNAEREL D, R L, LAY OREE, WEH & OIS 2 SUTY TR A BIT RN 72 S0
DIRTFBMRN N D720, UUTFD X 5 R THREHid.

» BHIAL TWBHER (T RBNTWRWET) OfE%, Bith L TO A HEOA O SRMmEIZFE 2179
o PAUZZABHOERZHIRT 54 —ZPOE A P(CCC(CCCC)0) = CCC(C)0

VL EZZE L7z ET, SMILESFH%s = (s1,+,55), aXFHLODLFHE CTOED LTI Esgp & T 5L
&, WRngramTIT I TOLIICRT I ENTE .

Is| 14

(1) pn(s) = nz P (Si | W(S[i—nu:i—ﬂ)) I(Spi.i-1) € k),

i=1 k=1

ZZTp, NI N—T AN T DT ERMREER L, |AED D TN — T ~OFN) Y TR ST LRI Oy
LFFNDOIERT O FOMER, AL TORWIBEOA D D IERERINIRE SiLd. /3T A —Z #HEE IR L # 4%
17> 5 Kneser-Ney smoothing [S. F. Chen et.all 72 & OHfEE HEE W5

2.2 Inverse-QSARET Y 7/



H5EEORYEy N 2 b & XL, TOHEESICOWVTOSRMEN & 58p(s | y) &2\, S XD EE % A
W5 Ep(s|y) xp(y*| S)p(s) & 720, FBE—HIZQSARET T /L& 0, 5 THIIHGE T 2 Faak & 72 5.
IO TRENDIEEET VICHIET D, QSARET LV EMEET HRICIL, (bFEEEZ IR T &IN5
I MVTRESNTZLDOEANET DI ENZ V. ARETIHEYREIR T ¢:s > x ZHNOTpRILDRT hbain
Boniz35. BEORMEEYIZIRITCELRMEE L, RINOBESY MrwzHWT, y=wlx+e2D L HiZxl
DRNHRIEOBIRERET H. Z 2 Te2~UN(0,02) T 5. HIZEFINME LT, w~N(0,V,™"), a2~IG(ay, by)
ERETD. T —2D ={X =", xT )T,y =, y)INEL N & &, 8 LA Xt 1Zxbd 2 FtEfiy*
Xk @D X 9 7Zpnon-standardized Student's t-distributioni{Z4¢ 9 .

b
(2 p(Y =y*|x*,D) =T (WNTx*,a—N (1+xTvyx), 2aN),
N

: :VG‘, WN = VNXTy, VN = (Vo_l +XTX)_1, aN = ao +g, bN = bo +%(yTy - WNTVN_IWN)VC“&)é.
WE., BEORNEIX[y,y,] OLIICKBERD Z ENZW. 2D L EsOREELDAMIE, UTFTOLIICEIN
5.

(3) Y2

p(s|y <V <y,) f p(¥ = |5, D)dy" pa(s)
Y1

23 BRRETEUT AL
BONT=sOERSAE BESHE L, BREL T Halk [P. Del Moral etall #iEfH4 2 = & cX@Izxts

LIAbFEE D FE SO 2GS, AT v 7 t I[85 BESfhiy, &
(4) e = {q($)}*Op,(s).

Y45 22T, qe) = [7p( =y°ls, D)dy T, k(QIXIEQHIHEIETHMR L HRAMEAT v TITB VT
k() =1 LRBERTHS. BRELTHILTEOFHEE L LTIIUTOLHITRS.

initialize

at time t

Local move from s,_;® to 5,0 with the following procedure (i = 1,--- N)

obtain u~Binom(L,0.5) for prefixed L.

reduce u letters from the right edge and generate L —u letters from the right edge with probability in
the learned probability from the equation(1).

S

' @ (st(i))}x(t)

4. update weights as w,® == Wt_l(l){ ( (,))}K(t_l) ,fori =1,-- N, and normalize them to obtain W,®
q(se-1"*

Nt .
if ((% 1 w,® ) <N / 2), then resample with weights as the probability, and W,® = L

N
Reordering the randomly chosen atom being at the first position by some software such as OpenBabel.
7. ni=n+1, then go back to 2.

3 FRiL
MEHBRF A~ AW 2 B FIZTTHET .
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L PN

[1] A. Varnek , and I. Baskin, Machine Learning Methods for Property Prediction in

Chemoinformatics: Quo Vadis, Journal of chemical information and modeling, 52, 1413-1437, 2012.

[2] S. F. Chen and J. Goodman, An Empirical Study of Smoothing Techniques for Language Modeling, Computer Speech
and Language, 13, 359-394, 1999.

[3] P. Del Moral et.al, Sequential Monte Carlo samplers, J. B. Statist. Soc. B, 68, 411-436, 2006.



Bay-Bridge : local linear approximated bridge and its model

building procedure via the Bayesian model

ugboobooooobooooboooo

1 0000

gboboooboooooobobo,bobooobobobobooboboobobobooboooboboobOobo
0.000000000000000000000O00D00O00D0OO0DOO0DOO0OO0ODOOOOO,00000
2000000000000000000000DO00000. 000,0000000000000000
gboobooboobooooobobo. boboob,b0oboobo0obobooboboboobobooo
od0ooo0,00000000000000000O00O0O0O0OO0,0020000000000000,0
gbooooooooboab.

00000000000000 10000 bridge 00O (Frank and Friedman, 1993) O 200000
Ooo0oO0ooo0oooooOoooooOoooooooooooOooOoOo0oO0 ooooOooOoOooOoooOo
0,000000000000000000000000. 00000, Kawano (2014) 00 GBIC OO
(Konishi et al., 2004) D000 bridge 00000000000 DO0OO0ODOOOOOODOOOD. ODO0O,00
000000000000 0000000O0O000000DO. 00, bridge 00000000 OOOOOODO
ooooooo.

0000000000, 1. bridge 00O0O0O0O0O0OQOOO,0000,10000000000D00000O
00000 MAPOOOOOOOOODODOOOOOOOD,2 DO0D0O00O00O0O0ODODOOOOOO
00000000000000000000000. 0000000000000000000000000
gobooboooobooooobobooboobo,bbobobooboboooobobooboboobo. o
0000O0000o00o000000b000000o0o0o00o00oooo0oo0o0o00, 00, 0000000
00000000000 EBIC (Chen and Chen, 2008) 000000000000, D0OODOO,0000
00000000000000000000000000O00000O00.

2 0000
0000 4, p000000 z=(z1,...,2,)7 00000000000 nO00000000
y=0l,+XB+e (1)

O000. 000,n0000000000 yv=(y1,...,%,)%, 000 Bo, 0000000 100000
00 1, nxp0000 X = (z1,...,2,)7 (i = (xi1,...,2p)7,i=1,...,n),p 0000000000
B=(B1,....5)  000,e=(c1,...,e,)T DnOOO0D0000D,e "% N(0,02), 02000000
00000.00,0000000000 37 ,4=0,>7"25=0>"2=mn,(j=1,...,p) 000
OoO0O0DO00DO0O00o0.

0000, bridge 00 (Frank and Friedman, 1993) 000 L, 00000000000000O0O:

p
plse = argmin |[ly - XBI*+ A 18517 - (2)

Jj=1



q<1000,bridge 000 lasso 0000000000 0OODO,gq<1000000000O0O0DOOCOOO
O000000.00,bridge 00000000 AO ¢qOO00000O0O0OODOOODOODO,000000
ooooooo.
00000,00000 bridge 000000000000 B,d0=1/06% A0 MAPOOOOOOO
Bay-Bridge (Bayesian MAP estimation with local linear approximated bridge regression) D0 000 :
o n—2

(3,6, \?) := argmin | —
1676’)\2 2

o L +uvy—2
log d+ 5 ly = XBI? + AqV3 Y w8 - 2 log A2+ T2 . (3)

j=1
000, w; = 879G = 1,...,p), (»/2m/2): X2 00000000000000000. 00,00
MAP 0000 bridge O local linear approximation (Zou and Li, 2008) 000000000 DOOOO.

00000000 Bay-Bridge 0O0O0OO0O0OO0O0O0O0OOOO EBICOOODOOOODOOOODOOOOO
oooboooo,0boooobooooooooon:

EBIC(q) =nlog2m + 2p*log2 — log ' <n—2p> — vy log %‘ +2logl (%)

1
—2log’ (p* + %) —log |W|+logy+T (2> + 2log M

z 121 o 1 5T S (4)
— 210g Z |A(m)|7 / {2y (In - XAqA(_m)XAq)y}
m=1
—p +(va/2)
1 ) 2 P
B;7#0 Pi#0

000, p* =|A, 4, ={j | B; #0,5=1,...,p}, X4, 0 A, 00000000000000000O0O,
A(m):X};qXAq—i—WD(_WlL),W:diag(fﬂje./lq),fj:qwj (j:1,...,p),D:diag(le,...,Tg),D(m):
00000 {75, 17€A430000000,{r,,|j€A,m=1... M} [[;c, Gamma(r}|1/2,7)
000000 MOODODOOOOOOO. 00000,0000000000000000000000
0000000000000000000000.

good

[1] Chen, J. and Chen, Z. (2008). Extended Bayesian information criteria for model selection with large
model spaces. Biometrika, 95, 759-771.

[2] Frank, I. and Friedman, J. H. (1993). A statistical view of some chemometrics regression tools (with
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selection in radial basis function networks. Biometrika, 91, 27-43.

[5] Zou, H. and Li, R. (2008). One-step sparse estimates in nonconcave penalized likelihood models.
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. -0.045 N
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6 29907.77 11312.53 1 4193 -0.825 13.991
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Table 3 50X BEM{ATIIELR

Df Sum Sq Mean Sq F value Pr>F)
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BE 1 0.0 0 2.750E-01 5.990E-01
*E 1 6993.0 6993 1.049E+05 2.000E-16 sk
R 1 1.0 1 2.027E+01 8.170E-06 ***
A= 1 1.0 1 1.704E+01 4.210E-05 #%x*
B x #2188 50 8 0.0 0 4500E-02 9.990E-01
RE 570 38.0 0
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5. 3Tk
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