5648 H1 R X % Vol.56 No.1
201541 H ACTA ASTRONOMICA SINICA Jan., 2015

doi: 10.15940/j.cnki.0001-5245.2015.01.004

%1155 Lasso [BlFEZEIEBE R IEYIES
b1t eI B*

FW KRR

(BrA¥ERMFEAER M 510632)

T 257 BN S), RN, T AU A B2 Kk, R
FE55 TR AR ORI, 5 22 AME S5 RN 27 21 I RBORA TS5 By ST G 0. SR 24155
Lasso [A]JH7% (Multi-task Lasso Regression) H T-1H 263 Ak v, AT PR
HUAS R 4 B8 2 ) 1) 3 ) )RR R4 R, T HL AR mT DAARL A b £ B A [ 490 B0 2 2 R0 RS 1) b
A5 R A E R AU AL G OGS B ELODIE Ho i 1% s 70 56 B R LR 1 H
Sloan ZATIK SDSS SEM G B REAT 246, Bk SRS AL T-AH OGSk 1R 53, 465031
X E I (1g g) B FHE ([Fe/H]) HIflivt. S8 rhodd o6k i 2 #i e, it
AFEMFWELL (SNR) (RS SRt WIBRY AR E i, 45 RN, BERURS B 52 3 40 Hi e
W 5 TR SR, (ELIE P B A BE R, Wl L, 22145 Lasso [RIAVE AN HRAE R, B2 o,
T HARSR i TR R R R TR .

XKigin B2 BERBY, % BESN, HF gt Ak HEEEZAE
hESEE: P144; CERFRIRAD: A

1 3|5

PUAE IR D2 KA R a5, a0 31 (0 38 sP A e -2 ) 361 Sloan 07
MR e g B4 5wy DL B R OGS B o] /8 v G RS A Hh I R
WY S E AW O T R GE S A B S S AR, BN . TEEGEY S
R EARNARRE (Te) ~ EIIEE (g 9) S5HEFFERE ([Fe/H]) . HHET, A0
Fihet T 2RO T HEADGIEY I 2 & AT 5k, A N TARZE M2 (Artificial
Neural Network, ANN) 5y F i 28 592 (Minimum Distance Method, MDM). 1
Bailer-Jones %t 820: 5: 5: 1 5K ANN (5] BT~ B 2 I3 20000 (K ), 20004F
NIPR TAEZ. AN HHT % ANN &4 Fuentes 25 (1) K- 48532 01, Allende ()
IBCT- 3535 1, Zhang 55148 % 98 AE S 40 n 7L B-9) Z546 /2 MDM A48 7],
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F T 1% e g (R o, DO e AR i, O AR AT A 52 B M S I
P, Bl Jer g, RGEE DL K& v £ M s 55 52 T e 1 B DGRV B S m A Th
RO, AEREAT RS P00 H, B e o B B e, G R R, A OC I TR R
Hr (PCA) . JEJIEZE. Tibshirani T19964EH# H ) Lasso ') (Least Absolute Shrinkage
Selection and Operator) %92 T o S B, K, &2 i bk fHA G A
THEETYEHZ®NE L, HEHIVFZER S ITHEEE YIS &, KL T Y
Za W RBER. TR, NS WWEVME. N TR Rk, Z1L% %
(Multi-task Learning, MTL) /751 T A2 2238 WF TR, H (152 R [F AT 25 0]
IR R R, $ 2 DA S5 R 2 ), k1 78 70 R AT 45 1) 325 A5 B, X AR5 2
JIFEA R TAT S AR 2], B RE5S 0e RE & v TS 2R (1) Tl 8 SR v Ak v B AR
. tin, Evgeniou 55 MU A3 24T 45 SCRE 0 St AL IR 5323 -4 v ¥ 20 28 ¥ 20 Al 1 1 T
DR, Bakker &5 121 3l ik SEIG UL T 6D 5 GBS L T AT K Re g 4
R Iz AR RE. BUARME AT Lasso AT LI REAME 45 A M b4 74 2 2 2] 181, g
NG TAESS RIS AR IR R, Syt s i BEAUL G, S Wi dpe Y (R R IR, A2 2455
o) Lin &5 M4 30 A 301 Loy Y6 MG T CAEAS R AT 25 SR B R R AE, SR
ML o, B 7B B REAME S5 IR A RFEAR ., T R 2 BRI O AS 28 1Ry A 1k .
A AT 1 24145 Lasso 7] LAy JIRIXLEAN R, 75X 2 ME55 R 2% 2] 1 [ s, AN AT
DR AN [R)AT 25 18] 1) L [R) R R A A UL, i AR AT DAAR G b £ B3 AN R AT 25 1) b 7o £ U8, 1290,
WA R S BV BES S I SR A — M55, W RDR ) B2 5[] IS A 50 7 (1) 1)
N AT 552 2] ), ECE R X B SEI ) HE S 0 [A) I B b, ARG EE 2 AT 5%
Lasso 24l B AT I8 5 B e MMM E A CED B S g T« 1g g« [Fe/H] FEATAY
ih, EEER T ZAMES o TP R R BB, BRI T E RIS Y S A
AARAS TR BE AT R 1Ry AP .
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ERER R 5T, 2AL5 AN EBEAREA m MES, 4w Hds
X' = (@, a2 )T e R™ niPEARL, d RAEAKIEA RS, j = 1,---,m.
X7 P R N AR Ry = (o), Lyl -,y )T € R™L REFEADEE, WM T
YIFL 2 BT I (K T B —REI, RO IT AT 45, SAFEA X7 AR, (H A S
TN T 0k, e HA S HE R k. 75 B0 () £ 1 [m] Y s 7 (161 5
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-Yu, NS E N A B R EE, 2 Ay BRI, B WK g 32 O,
Ul W A AR TC R B WD, Ny FEHRIE AN FE S5 1045 S R B AL

HARAEGE Lasso IR A (F£ T Ly - ¥u5X) ATEAA AL ar et 84T 55 1
AT, R 20 T AT45 R AR AR, B3 s IR FE . T Loy YE U 41 B
A LA EAN R FRAT 55 BRI [A) (R AR AL, AR T A 2 RO 5, 3T 2% BRI 25 TR AT R
A5 B, T RES s PO ALY vz A bERE. B (2) b, ANFAESS ARG [l R RE A
SRR, IR D SR R Ok B AN [T 55 1R A b 7845 R

X (2) 2RI R AR Inadi i 7% 171 (Accelerated Gradient Method, AGM), AGM
AEALGE IR LR, FEAEOGEART ST B 1) R O i A R i AT P A kUi
AL AR BT AR R A A R RN, O THES B Ao, FRATME
FHAZ X EHIE (Cross Validation) 2T 4LIE.

3 HuE

SEHE - GEEUE KBRS £ ot 1 ELODIE H11) 1800 4564t F
TEE, P OGS CA B, A ARG A = 421 ~ 650 nm, GG
SRR AN =1 nm. 3 MEES R AR E 554 Teg: 3700 ~ 13386 K, 1g g: 0.00 ~
4.80 dex, [Fe/H]: —2.94 ~ 1.00 dex .

S HCHE s EERSE KA R IR H Sloan & AT ) SDSS-DR7 H11K) 4 000 4415 2
TERCE. XS R 102 MHER (0266—0367), AN B BRI 2w W 2] 640 4% 1.
S o P BEATLIZE FH A AN BRI 35 23- P S i s T 5200, 7R X S Koag U R LS B 2
g K, BICL R K A = 398 ~ 794 nm, HAH MR I % AN = 0.1 nm
P ETERAT RFE. 3 NMELS 5 1 BARIE B 52 3 0 : Tog: 4163 ~ 9685 K |, 1g g: 1.26 ~ 4.99
dex , [Fe/H]: —3.44 ~ 0.18 dex .

Sh T SRS A SR R AT R, S50 P R R X AU g T AVBRIELE Tog . X
YIS IR, RSP 400 1% 2 § (mean absolute error: § ). iR ZE [MhriEZE
v (standard deviation: v)FI*P¥JIRZE u (mean error: u) K.

4 ZRERSHH

%&1 ELODIE & BOGIE Hd, 7855 BEHLE L ELODIE & OGS FE 1 1 800
ZO6NE, RS, T5% HIFEAAE N INZRAR, IR 25% HIFEAAE MR AE. BE40060E
LE PR FNI 2 /7, 50T T H— A T A B, 0 — A E o A n 4k d
YRGS X7, XTI, = X0 /50 (X2 (i=1,2 mp=1,2,---.d), &
Jii 24145 Lasso [FIAVEXS TH 2 CIEEEL S m M TF. AT IX Bl 5 1 1R SCHk [18-19)
B 71O b, A 5E T R M AES 2447 (PCA+non-parameter). & Haar
NP HTAEZ RV (Haar+non-parameter)s 3 T 32 523 20 A1 19 32 F5 ) 1= HLIAT)H 7%
(PCA+SVR). 2T Haar /N HISCRE LA (Haar+SVR). 28 g Teg~ 1g g -
[Fe/H] ~F¥4antin 2z 6 FlirZEMIARHEZ v MEST &5 R IE 1.
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F 1 Z1E% Lasso EVAEFHEXR LKA AT ELODIE 47 lg Ten. lg g+ [Fe/H] RITIME RIRER

EEE
Table 1 The error comparison of the predicted lg Tes, 1g g, and [Fe/H] in the

ELODIE data estimated with the multi-task Lasso regression and the methods in the

related literature

Err.
5lg Tets Vg Toge 5lg g Vg ¢ 5[Fe/H] Ulre/H]
Method

PCA+non-parameter 0.0148 0.0286 0.2183 0.3718 0.1749 0.3169
Haar4+non-parameter 0.0174 0.0304 0.2625 0.4221 0.2422 0.3838

PCA+4+SVR 0.0188 0.0322 0.2193 0.3557 0.1707 0.3321
Haar+SVR 0.0204 0.0327 0.2474 0.3952 0.1992 0.3647
This method 0.0135 0.0210 0.1683 0.2350 0.1368 0.2367

R 1 0L, 24155 Lasso [RIH 77 v 06 AL 6 0 4 3 2 o 1) T 25 SR 1 AH 5% S
MR Tk, RS 1g g A [Fe/H] (TR, W%ER 2, 3 M S E 1g T~ g g -
[Fe/H] P33R 22378 0 B, BeH RG22 800; Holg Tog~ g g~ [Fe/H] FFMIA{E
S EA 2 A O R 00 )ik 5 0.985 3« 0.966 1. 0.779 8 ; THEHE AN [F MBS B 0] (1) A1
TN, 1g g BBk ZE Y [Fe/H) 5k ZE M SCNE N 0.256 9 , Tog %255 [Fe/H] B ZEHIAHSME N
0.218 9, 1HJE Tog MR 25 1g g R ZEMAHCMESCAY 0.181 5, AI MWL, 3 AN 1 (A7 /EAH
TNE, AHIFFEARAR R, X AT R S S A G FPE A ¢, SOR AL MR I T 1% k(R
IR DGE. B 1 xF BRI T T MR, g Teg ~ lg g [Fe/H] I THEA H R I
IPNA ROR, o 1g Tog BIREA ST AT AT, S A/ B0 0w 25 B S izt P4 3 S
U R 2= HEA AT HE— 3 W] T 24745 Lasso [RARALE & 34T 1H Gy i 2 5
Al TE. XET [Fe/H] A5 VHE S FUE T L B, v LU B 25 0 25 SR S0 1 s, 3
B R R (1) X885 AT ek A AR AR AR, A [ AR i) Jd M 22 sk (2 )XJuU' %
ASCER PRI A A% DR 25 3 183 20 5 Al 25 SLAE K (3) [Fe/H) A& (R 2Pk T LR
FEEPER I,

Fz 2 %1E% Lasso B3 ELODIE 48 g Tes g g~ [Fe/H] BITLMZE R
Table 2 The predicted results of 1g Teq, 1g g, and [Fe/H] in the ELODIE data

estimated with the multi-task Lasso regression

Result
v U R
Parameter
lg Tenr 0.0135 0.0210 2.66x107° 0.9853
lg g 0.1683 0.2350 -7.25x107°% 0.9661
[Fe/H] 0.1368 0.2367 4.38x107° 0.7798

Bt B ) N 32—, MR T G M R AN = 1 nm 2y
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A EI2 nmy 3 nm, H 53X LS RS A 4 L (Signal to Noise Ratio, SNR) #K
YA SNR = 20, 50, 100, 150, 200 [, B 2 #7458 % § £ AN =1nm , 2
nm , 3nm FREAFEEEE L SNR AR #. 3 N BE S 5 (1) TR BE 520608 73 WK
I P 5L, 240 BN AN = 1 nm AR4EF] AN = 3 nm , PIRRR 2245 WBE 2 K, T
5 FRAIC. A5 M LIS, X 3 MBS S Ik TH 25 A oK, BEAE 15 e L 3G oK, iR 22
BTk, 2 SNR = 100 I, Rz A TR e, SrG Rk, M) 3 /NEE S & Filill 2%
SR T 43 FR 30 AT 5 . 3 2 PRSI 22 70 R SC 2 T SO 5 22 (R SR RS, o L
3B SR INRZE IR EZE, 1g Tog 1) o (AR S/, 30 T BEBAE T 1g Tog AR
VB, [Fe/H) IRZ, 1g g AHXT B 2.

R E A YIS m A, ASCAET 0 s, i TR fE A A
], AT OB G RE 3 7 K& O > 25000 K; B: 11000 ~ 25000 K; A: 7500 ~ 11000
K; F: 6000 ~ 7500 K; G: 5000 ~ 6000 K; K: 3500 ~ 5000 K; M: < 3500 K, {45 525
BT F ELODIE &3 2 (AN DG 5 28 Y (1 B8 2 1 (1) 38 4ok 8 22 6, S 48 - L 3.
Horporf FBTEEDGRE, B RORE T 75 6000 ~ 7500 K I, ¥ S B 280k, HAE
ZE VIR LA

k) B U b U B AR R () A R, R RS Y H T SDSS s v . BT I E
SDSS SEMDGIEZEF ) 4 000 45061, 73 i, 75% IREAAE S IZREE, T 25% 1)
FEARNE IR EE. FEAOGIEAE NSRRI 2 7, 15T 38U T 0 — e w22, SR )5
M ZAT5 Lasso [MIAEXN 3 M S EMAL . 3R 3 /R T A g HE I AN =
0.1 nm, 77246 F] AX = 0.2 nm, AX = 0.3 nm ] 3 PR 2451, K 4 3P FZRAE 2
e S B () A LR 22 HEAT T iR, w L, SDSS SEIEdE h 3 N HE S B I T
MR 22 ELODIE & B8t (1 PO ROR 47, AR A — 3L [6) 5 1g Tog (RORS BE d5 i,
[Fe/H] IR, 1g g AN 22, SR ZE o #0AE O BT, W R G M ZE /. fEADAL G 7y
HERIIEO R, 1g Tog~ 1g g~ [Fe/H] MITINE S SLIAEMAR S REL R 709000 0.991 7,
0.893 6, 0.959 9. L AFH MBI T 2 4T45 Lasso [RIHVRER XA [F 05 42, 02 )
AR S S AL TR AR E ), TR R R Ak RE LR AF. 55— T, 284l T ELODIE
BE, A ELS S AAAEAR D, (AR, 1g g M52 S [Fe/H] 5RZE AR LN
0.310 6, Tog 755 [Fe/H] BRZ MM MR 0.233 2, Top MI5RZE S 1g g FRZEMIAH MR
0.260 6. XM 2 KFEA KRG Fhs 111 20 20 v T 1) i i@, AT 2% 18 T R e 't ol (1) 45 Fel
PRI 25 AR, KR ACTE ik ) B S | A T A Re 52 4 A 31k,

%3 SDSSHIEMIESE g Tor. lg g [Fe/H ERROPHET LR
Table 3 The error analysis of 1g Tes, lg g, and [Fe/H] with different resolutions in the

physical parameters of SDSS data

Err.
5lg Tets Uig Toge Uig Togr 6lg g Vg ¢ g g 5[Fe/H] Ulre /1] Uire/m)

0.1 nm 0.0065 0.0096 0.0004 0.1793 0.2478 0.0002 0.1193 0.1589 0.0001
0.2 nm 0.0064 0.0095 0.0001 0.1967 0.2659 0.0005 0.1335 0.1738 0.0002
0.3 nm 0.0067 0.0097 0.0002 0.2153 0.2875 0.0001 0.1498 0.1929 -0.0005
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Fig.1 Left: the comparison of the estimated spectral physical parameters 1g Tes, lg g, and [Fe/H] in the

ELODIE data with their real values. Right: the histogram and normal distribution of lg Tes, 1g g, and
[Fe/H] residuals
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Fig.2 The mean absolute error curves with the SNR of 20, 50, 100, 150, 200, and full, and the resolution

of AN = 1 nm, 2 nm, and 3 nm, respectively

mean absolute error

F
types of stars
K3 ELODIE i ARZKEEE IR 1g Tore ~ lg g~ [Fe/H] HI P340 7 i 25 4

A B

Fig.3 The mean absolute error curves of 1g Te¢, lg g, and [Fe/H] in the ELODIE data for different types

of stellar spectra
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Fig.4 The mean absolute error curves of 1g Tegr, lg g, and [Fe/H] in the SDSS data for different types of

stellar spectra
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SCECR NI 2 AT 55 Lasso [k, K 22 AN B 2 6 [R] Inp 045 1 1) ) e 16
MTL )R], 1] 78 73 A 45 BE 25 R R A A 6L, MR SO RS T B S
) (RIS A, e G T BB v A, HONREAR v 7RI R TR BRIz AL RE.
24155 Lasso [BIVAVERME A DG BE SR A TAl T, FROINRS RE DL T 56 SCHR T3 72 1
TR, JEIIERT 1g g M [Fe/H] MfhiTh. Fe T AR A6 £ 4 ELODIE &5 B
JERT SDSS SN M e 2 BEAT Sy, Ui WIZ AR 0 LR % Y B S R AT AN IR AT 2
N BAIERE R (R REE PE, S BB R 23 R, NN A5 e LU IR IR 75, 4 2R AR, Ao
TORE L2 7 He A AN A 1A ), (HIR A SEE M SR 28 B25 18, ZAE55 Lasso A1V
VETRIAE, S Ph o, A SORE B m, (HILRG ZEREME S5 It I (KA AR AL H AR, BT BLid
ARFARET I L RBOZ — IR, LARERS T T~ 582 R 4.
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Application of Multi-task Lasso Regression in the
Stellar Parametrization

CHANG Li-na ZHANG Pei-ai

(College of Information Science and Technology, Jinan University, Guangzhou 510632)

AsstracT The multi-task learning approaches have attracted the increasing attention
in the fields of machine learning, computer vision, and artificial intelligence. By uti-
lizing the correlations in tasks, learning multiple related tasks simultaneously is better
than learning each task independently. An efficient multi-task Lasso (Least Absolute
Shrinkage Selection and Operator) regression algorithm is proposed in this paper to
estimate the physical parameters of stellar spectra. It not only makes different physical
parameters share the common features, but also can effectively preserve their own pe-
culiar features. Experiments were done based on the ELODIE data simulated with the
stellar atmospheric simulation model, and on the SDSS data released by the American
large survey Sloan. The precision of the model is better than those of the methods in
the related literature, especially for the acceleration of gravity (lg g) and the chemical
abundance ([Fe/H]). In the experiments, we changed the resolution of the spectrum,
and applied the noises with different signal-to-noise ratio (SNR) to the spectrum, so as
to illustrate the stability of the model. The results show that the model is influenced by
both the resolution and the noise. But the influence of the noise is larger than that of
the resolution. In general, the multi-task Lasso regression algorithm is easy to operate,
has a strong stability, and also can improve the overall accuracy of the model.

Key words stars: fundamental parameters, methods: data analysis, methods: statis-
tical, methods: miscellaneous



