Advances in Applied Mathematics BiF #1243 &, 2023, 12(3), 1224-1230 Hans X
Published Online March 2023 in Hans. https://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2023.123124

it
dIT

EZIEHEKrigingT EiEFERNH
R F

& i, SRR
EHEREHCE g, IR B

ks H . 202342 H21H; FHBEM: 20234F3H20H; kA HM: 20234F3427H

H E

AR ZAE S KrigingtR T 2R B B H R, Jr4 2 MMmEALET] T 2 ESKriging R B,
BUEA R LB R, B RS MIKrigingR B, SAEFERREZRFTHHEBEMARER
WA HELMCEEREE, SELSMHKrigingft A BRI ELRILHER, HBRTLt
SRR R 4R e TR

XA

Z WM KrigingtiRy, BAEFE, BEFEY, BIRHK

Research and Application on Variable
Selection in Multi-Task Kriging Model

Jie Ji, Chenchen Zou*

School of Mathematics and Statistics, Qingdao University, Qingdao Shandong

Received: Feb. 21%, 2023; accepted: Mar. 20", 2023; published: Mar. 27", 2023

Abstract

We study the variable selection in multi-task Kriging model and develop the algorithms for com-
monly used penalizations. In numerical simulations, our multi-task penalized approach achieves
higher computational efficiency without loss of accuracy and stability compared to the single-task
approach. In real data application, multi-task penalized Kriging effectively captures shared features
among tasks and thus reduces computational burden compared with the LMC and CONV models.
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THE NS 18 5 2 S A BRAS 1) TO A R SRASADL A 1 ) B2 I i b ) % N i 1 9% R [1] Kriging %UWE
N—FE e, R RE R 2 R SR F (2] A e SRR Lasso Kriging [3], E&TE
Kriging [4], #ETTE LR Kriging [5] [6], BENLIEZE Kriging [7] K5 1a1 )4 Kriging A [8]4% .

F A AR B PR S0 T BT 5% Kriging B84 T B Z IR R S8, BN BT 55 AL
Bk, — RS BWATS PRI ZE R, A—HTREFH 255 I J R i .
ZAT55 1 Kriging B2 B2 110G, (HBZE HAT, 2415 Kriging 28 &% P T AR XS G BR[9] .

A EIE PR T 2 AT 5% Kriging 584 1 5 UMY R TAL ORHIETRIE . 24T55 % SJ1E Kriging % ek 405
43 B IE U A6 A8 51 T A AR BT 45 () e 52 A5 5, AR EL o T A 3 22 AT 5% v 07 3ok 2 10 28 ek iy 1) X Jip 7
(LMC) [10]F145 B AL (CONV) [11], B fh 1) 24155 Kriging A8 LA SEAR [ 71 5 BUAR UL A AT 55 18] (1 SR TR
[ o % A 4L 2 B A 10 FROMIDRS FE

KRR AZATS Kriging BEAEH KB B REEREE. ARZHWNT: H 8N B2
Kriging B84 25 =¥ N4 24155 Kriging BEAAR B B 5000 SEDUER /- ABUARUIE T, STl A
SEAGI R B T s 7S N LA

2. B{EH Kriging &8 &R
WRGHH m AN T

Y (X)= T (X)B +7,(x),t=1---,m 1)

Hort £(x) = (f,(x),o, f, (X)) ROHIBIERE, B = (B B, ) REMNRIAR, 2,(x) REHE,
M EARSER BT A (t =1, m) o % TAERR 2052 O A5 x A X Yt(x)ﬂJY( Y HIY T Ny

K, (%, %) = cov (Y, (x),Y, (X)) =cov(z,(x),z, (X)) = 'R, (%, X) )
HH R (x,X) = exp(~ By~ Xol) o 6 REVAIREC ASCRIATRBA MR B4, A A
RN

1a ,

InL:—EtZ:l:[(Yt—F(Xt),Bt)T Ktl(Yt—F(Xt),Bt)+In|Kt|} ®)

o, X, = (X, xtnt)T%%%ntéEMiﬂﬂ,ﬁE@iﬁA, F(X)=(f%)i=L-n;j=1-, pFanxp ks

HUHRE, Kt RIRE tMES n xn, P ZHE, t=1--m. 5E6,, B%ﬁ%@)ﬁ?%ﬁ(ﬂt,of)EI’MEEH

£i(8)=(FT(X)KF (X)) F(X) K, )
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&tz (et ) = %)

(@) GYIRAR)AKT 6 s KL 43

6, =argmin, {(nt -p)InG?(6,)+In|K |+ In|FT (X)) K'F (X1)|} (6)
FEP X" Fe M WAL Ty
5. (x)= 7 (x) B+ KIK (Y= F (X)) B), t=1--m @

Hr, k.= Kt(XI,x*)e R™, t=1....m
3. BES Kriging METBIEEH%

RSO IE TSR S, i B=(B,.B,), P(4B)FntHESE N AR ET KL,
U Multi-task Lasso [12]+ Ly-norm [13] % Dirty Model [14]. £1F4% Kriging 1178 Bk FHES BN T

"3l

Step1: WEMHESY, 47, h=1...d, RAQRHBEM T EHMEK, , t=1--,m

Step 2: Cholesky 4 K1 =C[C,, &Y, =CY,, F =CF(X,), B/MLTFKMBY, t=1--,m

>IN~ Fa[+P(2:8) ®)
A FIAE XGRS 5
Step3: ¥ Y RANQR). @)RKBEHFMSY, Y, t=1--m;

Step4: FE X Step2, Step 3 EEWS.
Multi-task Lasso [12]i 1 /ML FREH B, t=1,---,m

min Y|V, - R, +2 2 ©
Hob, Bl =20 RBLE Step 2 P (4:8) = A2 |8, BT
Lar-norm J7iE[131%F B AT RBLIE, 9 m MESRHE AR, RN SCHL Tk HARR L
m o - m p
min Y IV~ R, + 23 [ (10)
tot=1 =1\ j=1

I Step 2 B P (4 8) =AY 20, A7 W1

Dirty Model 777%[14]: Dirty Model [#) 58 AR ¥ B /i P AL Q AN, A 4580 P _E M
FRIENAL, A, &) Q LR ER NIk, SIATA T 55 1 B4 [H) 1) — AR AR GR I A RR s L), B ARed %k
RN :

m'“ZIW (R+Q), +AlPl. + 2[R, (11)
ﬁ\lﬁiﬂ ||P||l,oo = max " PJ' "Lw ’"Q"1 = thlzj:1|Qti| ’ ;(—“4*1[&35( Step 28 P /11 "P"m +ﬂ? "Q"l
4. BERBIHR

BATXS FATZS Lasso &1l (Lasso), %1155 Lasso #&1i(MTL), Ly-norm f&1ij(Ly;) LA A Dirty Model &
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1] (Dirty) T Kriging £ 8, 1A RSCRATRIULLEL, o A KA MATLAB, BL T HA MALSAR [15]4 3
BT ZATS T FEARJF B LS =85 . PP BT 5 MEdRiEAT: BRI R E(AEIR) THk
A REVUNFBMEEIR), REKEEMEAN). 577 R N R Z ¥ 5 {E(MRMSPE) LA K 35 77 Hi il 17 22
FrifEZ(sd (RMSPE)). AEIR Bk Ak#iLT; IEIR, MRMSPE, sd (RMSPE)#k/NELT; MEAN i B se{h
LT

AL AT SRR A =P 2 A Rl B 25, 4l 2«

B
Yo = Bro + BXo + BioXo + BisXs + 2, (X),1=1,2 (13)
B 11
Yo = Bio+ X+ BioXo + BisXe + BuaXe + BisXe + BioXs +2,(X), 1=1,2 (14)
B 10

2 2 2
Ve = Beo + BaXi+ BiaXo + BiaXe + BoaXi + BisXo + BreXs + BaXiX,

+ BgXi Xy + BoXo Xy + 2, (X), t=1,2
Her, x :(xl,m,xg)T s X TAEEAMERY, R REOMRAL M [-20,-10]U[10,20] BEHLIL#E. LAk, FRAIKE

BUESE o xp, » J0H p, =1/3 —MHUUZH, ARBLIE I R H [-10,0]U[0,10] riBiHLIEHE . 2(x) /2
AL TR TR AT, TR M exp H B4

d
R (%, x")=exp (—Zem |xh - xh,|j (16)
h=1

ath, 280 20, 2 ERENLAERR, R EW I EN 1.
FEASMN[O, 1] Bilidhr TS5 e iAs, X1 Bk BiIg47 50 Ik, IZRFEA R BN 50, TIFEA
N 500, ZRIE 1.

(15)

Table 1. Variable selection on simulated Multi-task Kriging
2 1. HEHIBIES Kriging RIS 1EF

Model Index Lasso MTL Loy Dirty
AEIR 0.7283 1.0000 1.0000 0.9700
IEIR 0.0137 0.0031 0.1107 0.1182
MEAN 1.9500 2.5000 3.1400 3.0500
I MRMSPE 1.1006 1.8221 1.5094 1.7584
sd (RMSPE) 0.6457 0.5390 0.5145 0.4825
Time (s) 146 13 14 71
AEIR 0.8300 0.8750 1.0000 0.8750
IEIR 0.0501 0.1238 0.1521 0.2083
MEAN 3.8700 4.9700 5.7600 6.0000
! MRMSPE 1.7501 1.4841 1.5754 1.4191
sd (RMSPE) 0.7766 0.2445 0.1773 0.2008
Time (s) 138 29 29 86
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a7, ARE
Continued
AEIR 0.8904 0.8796 0.8896 0.8375
IEIR 0.3601 0.2425 0.2819 0.2145
MEAN 19.4300 15.5200 16.7000 13.6500
. MRMSPE 1.4086 1.4702 1.6702 1.8292
sd (RMSPE) 0.6352 0.3166 0.3965 0.2908
Time (s) 420 28 30 99

HAES Kriging AHEL Z24T55 Kriging, TR BE ERBHZA KR, ZAEEREREHRNERE, £
R LT S AR

ZAES BRI &, FORE b MTL AN [R] SR - OG0 56 hnA s, 1M Dirty A1 Loy A8 25l
R ST AR RESE N, L IROIIARS B2 35 th I R ZE AN R By AR BRI 2 b, =R & 1R
HIZEHRLE B0% LA b, XA IR A%, MTL BB EARE, XZHT Dirty Fl Ly #5A 5 H A
AT 55 e L [R) A8 B (R Ik, XAt & HH IR AT 55 (R A AE 22 e I 3L A5 B b B8 AN B A 5545 B 1 L
MM SECEATH 1EIR Mix 8 115 L, Dirty Model {38 S [HZ & T MTL. Lyo

BB, RSB g 2 i N B R, 2 AT2% Kriging AR Y AR & 1 B B 8 7 CRIE T RS B2 1
[ i /D iz B R . AR T Dirty AT L21, MTL e, HEREMFHh by,

5. S5

FATH MTL B8, LMC B3P K& CONV BB T-7E A7 AR RE == 370 BR(E B A @ Bl 4E[16], AT
SIRTTRI, S RS AR — AN T AE BT B SO AT AN ST R 45 IR T AT A S ks AR Y,
RO R SR @ SR T BN A AR DG e [N 2 . R AIIME B 27 AN 2 Mt 2, Hod, fA
A5 55 b BTG IR B RIE 55 Ja8 1 (Xa~Xe) LA B AH DR I8 55 8 5 (Xo~Xor) » 0 HE AR B 0 S B 45 A s LA 22
SRR P H o

BATRHA 5 128 XEUE AT BT R £, I 75% M55 A W S8 AN 3 22 1) 4 N L T UR: IR @ S v ]
RSN X3, W73 RN B BTOR 2 xoo FHRLE FR T ILE ST AR AP R INA Xpo, St~ B
JCIIPIER RN 55 J 1 (xo~xe) M i 3 B AR i, 1X 5 Rafiei [16]/0AF 745 - —5L.

TATEE MTL. LMC. CONV = Fh 5 8 75 il 30 46 b i 39 5 R 1l 4% 22 P 3% { . LMC H
Multi-output-Gaussian-Process [17]f,5281, CONV H multigp [18]52H!, HRAERIAKE . MTL [KFINIL
Rfhf, LMC Rz FERIZRIN ] L, MTL X 2 AME 55 B IE SRR 2 TR0k s 7ot RE A () w7 7] )
FHIAE, AHEL LMC F1 CONV XHAE 55 ARG 4248 77 30, KOS & T I8 B, [ I Fll 5 s A (O
#2).

Table 2. The comparison of prediction results and training model time of three models
= 2. EAMMEBIRTIUNISE R R N SRR B R[] L 4

Model Time (s) MRMSPE
MTL 4.210814 302.4467
CONV 6.512412 1011.532
LMC 84.863971 971.2543
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BEs

1E AT 55 Kriging AU ICHT R HIZERE, ASCHETE 1 24155 Kriging B AR B £ i, JF 45

T ZASERY (1 5 5 SR 5 AN 52 B B F S AR DG PR AR o AU A5 R AN S B E R Y, 5 LMC F COMV A EL,
ZAES5 Kriging B AS R FE T iR REVS TR L S A I HERA R A AP IR B SR . 2 4E 55 Kriging
RABENS 08 67 s i 37 SRS K A 3R, JFIRiBR A 2, iy, Fe 0 fl 4 24 55 Z R A AR G
FR AHEFUE A AR AR N ZRAE Y, n] A3 RO SO et P s R AR RS i, T R A 12 B 5,
(7 IS 7T 1 25 HH 2 A P RE BE 4 BR5BTAE A% (A QR AR Y
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