















































3084 Journal of Software 153 Vol.29, No.10, October 2018

BT R0 B0 3 Bh SR 2 ) Sk (R W ek AR AR B AL BT SR A R A0, B T AL 2 N SRR s o s R R U,
Schneider 18 Tk A 203 31 ZR G5 (1 Bk kA DU S0 A0 82 380 1 N 202 31 R 42 10 & i 5P Akrour %5 AR A
Je3 3 A5 1) DL HiE A, 7 5 4 FE 25 ) (70 4 ) 3 AL 2 L 52 3017°) Torun %5 AR Hy —Fl B I B DL B 44k 5
TRCE 1B BoE A E M XOAR 2R, 5 2 B BORAE 4 AT R 2R X S 3R i ) Ak 4 i &R 4 UL

4) FRBE 45 R A I 4%

fERE & TR BE. WE. S5RE. B EEASER. B TARENE X5 B4
SRR L R T (TP A SR A T B B R A AR AR G L AN B A RS S B AT IR B BN T R
e, 0 F B AL S I &L Srinivas 58 ST v 030 R A B 1) DL o S A A S S AN B 2 B A% R [ T R B =
PRI P A A o B T B _E B A B PP Garnett 25 Al DL S 00 Ak 6 B R A0 A% KRS T A AR M X 2k T
HE 15 B 5 A0 A TR 2 SR P4 Marchant 25 A DL 700 Ak 47 F88 21 24 52 15 2 v R AT RS S WL 88 A AE 3R 85 o dh AT £
R 13 2 0 JE B A 55 A Wt R ) Morere 25 A 45 & DU 357 690 4 R0 355 4 00 00 ) 2 7% T Sk e S 3 2, DA AL TE
LR S5 s W 00 ) FR1 34 551771 Colopy 25 NI F DU 3 D10 14 1 38 326 T AN 00 A ek A S0 28 DA A 1 0 it W 4
99 N A= i AR AET®). Candelieri 25 AR F DU 37 416 Ak SR A0 Ak 2 1) 45 7K 3 X 2 46 v (RO 22, DAk 1 7 /D 2 R e Vi R 11 17
TR 15 B AR B SRR R O R H U,

5) fmiF s 2] 522 A

g s iNa N M INAFIASEEE ke N PN A S SN N E SN E PN ES R R L IR ARy
SR T R, FERBE ., R R KERE., RERSESEIEEHBL T, XL 058,
el A LA LA f# . Brochu 45 A4 H— A I DL it 300 Ak iR s ARG 38 5 v i 5 VR TE AL B I I AN TR Bk
NG F5ifiZ, R TR OB AR AR B P 5o BB R (B skt L R R A R I 2 8000 B ) o S B FR B8
180 B 7 /R R I A (G I, P i e AR B I B 001, A 7 B P R S 2R S U LR % T BT R
[5] ity ot b A 415 8 B AR B B SFARYE SE 2B ML . BI 5 SRms AR iR — VOB A T kot b T T B 4k 36 2
R H AR B 0,

6) HaEIERE

Mg —F LTS B R FEAS T RENS LG EEENSHRTHTEEANTFIBALRKE
BB TR RN g, 5 25 A T8 FE T IR b, 1 Bl RV I 40 6 KRR NN B R A N T L A AR AT RE S T R T
T T b S S5 v 2 O ) L I BB A R K R IR TR AH BN T2 30 B0 55 48 04 Bk S B AE A E S 8T
B AT VIZRIGE. UL 30 00 A% B8 88 Jik AT 3% 25 (1) {0, LA 7 4 A8 H (19 8 3R Bergstra 55 A\ B DU it 4k &
2y b R 8 o 42 RN 4% R FEE 45 7 4% v f) 0 2 17 Smoek 25 A T D I S0 A 1 50 1R R 6 A 448 IR 4% v ) i
ZH 181 Mahendran %5 A H—Ff 56 T DU 7004 1) 38 B 5 7R T Ok % 52 5 R i 50950120 Thornton %5 AN A
LIS 10 A R ) — ol S5 I B9 B4 19 50 A R 34 30 R 2 K008 1 ) 7 725 Auto-WEK AP Zhang 25 A fil i DL
S0 A 68 3 A Ao 4 X 8% ot 1 25 53k AT R B A e B AR el L) Wang: 2 A BsE DL - B 4 A TR TR A B RO
R SR A 2% 10 2 BORSE T SR A 2% 1 2R VO Klein 25 AR H — Rl bRt DL 397 000 4k J5 1%, B 0% 18 45 B 404 4 |
FIHL 88 2 5] B AR 2 500 Xia 25 AR FH DU 307 000 4 8 1 e S50 vl f0 8 2 50 31 v 1 FH AP s R 181,

7 BRES 5 AL

Wang 2 N A F D1 Jr 408 4 36 S A BE 4T AR 2 HX (term extraction)®), Yogatama % A\ | A U1 - #7408 4k AN )
8 ) R IR 3 I SOAR e, F S 06 5 AR BH 4 VR BR S A AR A IS (0 2R AR 5 R AR AR 1K B 2R B TR A o Ay
J5 1) B _E BA AT G R B,

8) W M Kk

DU A RIRE AT AREAT TR AR« A2 B o 1 27 45 Ak b 1 s AR A D AU ATE 55 Carr 558 AR A DL 4R A0
RAE SRR 5320 T Bk 5E W B A7 B 83 Krivak 45 A\ DU 30 400 4 32 T T A ol e o7 580 6y 3000 ot 2 1841,
Tanaka 25 AR FH UL 00 Ak 3047 4 35 DR 4 3% 36, R 1 /0 B ARSI A T 45 51 5 B AL A 356 (1] 28 1951 7 fli 42
FETMAE 55, Lancaster 55 A FIFH DU S0 4k 1875 X6 ok 8 545 T Ak BT T SR ) 2 SRR R 1) 2 8, 33 1T 08 21142



BARe N et AR AL T ik A R 4R ik 3085

7 SR L I H o),

9) iERF>

Ruder 55 ANAEIERS 7 2] 12 o, A DU S D0k 45 AR 22 95 B 2 ATk M0l v B 3t i 336 A 20 8l 1 D )
A, LAIL B SRR B8 0 i H i, LS B S RBUR TR KT

5 [aldSHkE

i T T 40 1A 48 T DU S8 A0 1 9 58 BIOER AR T, B 5 DK 3 I R 1 R, R B A L A 1A BB &2 2% 2 FE 4%
S IS A S A BT AR AR A K 1 5 2 B AR IR R I RO R Y, DU A A R R R TR R T I R B el
5HK.
. SEINFPERT &
D S0 A A 12 AR 7 B St R AR B 28 38 47 B T, 24 ) A P v AT T K B 7 SR O B B A SR A
L i B IR T B, 0 LS BB R T S I B SR v 1) S PR AT 4 BT R ) LA T AR T — LB AR SR
1) BRYEWCR, LB 4001 5.5 DU 3000 4b Ak 220 v 40 5 i LT, 7 S A v 4 T 2 ) S A o4 P S e AT
ek, B AR Z T VR IR T SR 3R B R T A A Il AT CEAR AT R0 4 FE 1 I
2)  IEARAUTIELEE 3.1 T AR SR N Dy SR E S 56 BT, T A P AR 43 DL e 0 B T B S AR R I SRR
J7 VRS BB IS 56 43 A 24 48 P 7 e BEARE E b bR B RS B BT 7R B O(8) B[R] B 4% L AT
{f [l Cholesky 7 fift. SPGP. SSGP &5 J7 2% iy 71k FE2E AT 1 A4 1. B AR 3k e 30T B 7 V2 e 8 e sk
FR R AR H) B SRR AN R R R 25
3) AT LA 4.1.2 AT @ U O AR AT FRAT ALY R, BEAS IR B VT A 22 Uk H bR R B IR R A sk R
T2 S W 346 R VP ik 5 B AR A 8 40 A 58 BV 1R SRR s 3% [ P 2 D00 I AL, G A S S A, & 7 —
TERRSE RO SR AR
4) WU, LB 4.1.2 1T [AIAURK I 2 25 A SR i 4% S5 R LA N R M R R T B K A AT VT A
BA% T A R AR TSR, 545 85 07 W AR L A7 (0GB 22 55 A0 32 7 DU BT 40 £ SR8 2k SR f e o5 7
T S {R] A R B RO SRR I S R R
Y TR R A R S G K R A = R ) B R A Y S NIE B B VA = e Sl = B A RV B 35 WA B e = 5 o i B S i
T ] R AR A, B A T RE A SR T S T A () R, AN Sk v B8 B A T AT R 2 AR A R AR AN T TR
DU A (A 2 A ) e R B BT, 75 LA AR 7 R A5 1 0 Ml L 194 0 v R R ) e 2k
) % =V
W8 5 A5 B 38 o, 2 2 8 AR METE — & 2o b AT TRtk D A O T B AT 4 A AL B
R 77 DU Ak i 20 A X Je BB DL A AL
1) SRR REAE G S5 R T B B U, S BRI T AR R ORTR 2
2)  BA®EBE A E A, WU AT B AR S T I PRI SR AR s [E B R AT 2 R R BT A A
Ji L SR A A AT Y B (LS 4.1.2 3. %05 IR AT A0 45 P 3Ry B 45 rp (B AC PR Al 3R (8 G 0
DB AR & R J5 B8 6 S0 0 N e 0 0 e S Mt ok S B
3) A AR A A S AR — AME S R AR, — NS AT AR R R %
475 AT 4k SEPAT , T T2 IAT 55 (A8 P 5 2 AN TR R, DL I 357 000 0 ot P 282 R vy 25 4 P R
LT B RS AL B A B AT 55 AR T B 2h 25 Mgt A7 00 4 5% i R B 451 - AE T A ML A S,
BN TEANUE RN SIS ANLEE T B 418, ASAT 5 {38 A W47 P B4R . 2 — 22 8 AML# o
T % /N2 B RE Bl A T AT, 4 R AT 1B AT 553 o 25 Hh O A D P A0 SR 86 T L3 47t 30 o 5
Ao HLASE HE A /I 2 RS 1) 75 100
4y Z RN AT AR FE R AR LS A0 I 2 A S BT R I A7 7E 22 AN AN ) 7D SR s (A [+ 14D RME 23 458 B R R
AR BRI H), IR IR FE 2 53 v B B X 2 — A B A SRS AR EL R AH LS I, DA T O B SR AR 1 2 ) R

© PEBEBPHIFST  hip:/www, jos. org. cn



3086 Journal of Software 153 Vol.29, No.10, October 2018

SR 0T L0610 A 23 A 2K R (0 M s 78 T 43 A MR 236 4 B RS R SR 2 iR P ) 3t O L3R A0 B %
AN BT A 2 TR A R A L )

=. ZH

DU AR A4 1 22 AT 55 7 2 e 098 b B0 22 AN AH DR AT 55 KR 0 AH DG 1 K — /MT 55 145 S5 5 FH 31 A AT 4%
M B 25 21 0 H 04058 4.1.1 75 7 Swersky %5 A\ i 157 i 72 (3] i A 3 22 4 56 (088 2 B AR A AT 55,
AR AT 5515 B S A V8 2 B0 B, I A 2R G e i KA % D VR RO AAE B b 2 SR R BT AT 55 K P 2
B AELE S BR B FH AP VR 22 ) AR R ISR 2 AN H bR IX 88 H bR AT 2 A7 LR 1R 58756 FR A - 7 R Rl A8 3 I
Hh B LR K] H e R A, SRS 22 b SO AR R DX D B 1 O (ELIX T A B AR AR R E EBE 4012 TR Ay
P AP e TR A B AR 0 — ME ARG B RS, 55— MR LS 2 H A (8] 47 75 b 5% I A7 78 4%
AR, RAFTE A SR AR & A0 2 B ARG e s 200K 100 51 H AR DR AL I SR 45 9 £ Ak AR A 5 A 1 e O A, 22
W T A R 2R B bR I B R Tesch %5 A4t — Rl 71 22 H Ax ) DU 37 04k 07 vk R0 1207 VA e 5 43 21
ZHLHELH 2 T H AR 2 8 f e R0 22 H b DU S0 A O S s AE T AR BR AN B AR Z IR 5E RN T ARIE AT
A H B R E AR I8 AR O R, DU e A 7E SR AR 22 B A 1] R T 2 0 TR AR A 2 AN R R AR
R AN SR A bR B0 7 DI R P T e 5 A TR R SR o 5O B AR 33k AR EL RS M 3k B AL ST 1 E .

VU, AR i 45 1]

AT i 43— L 2 DU 397 077 V5 T WK 19 e 7 A DL ST 00 A 2 R AR i R R IR AL . (AR) S M Y
S I 5 B DL I 8 5 500 B0 0 B 00 TN Y 5 AR AT e R TR S B A T A 00 0 R 7 e A e A
BV : 24 B S B0 5 B R B A A A i A A R A 2 B AR [ il L A S (R 4 4 R TR T LA A [ £ 4 58 T
28y 76 S 00 3 T 3 S DR T B AT R G U ) 0 B3 S LR 2 R e g e T 1) R B IR
s, AT DA 5 A7 78 A B J5T 1) B0 5 2 R SR 3 2l S TR R T AW s A 358 M 00 e AN L 6 TR f R A R AT bt
L3 PR A B 3 11 S B0 AR 2R 2 A ) DL 357 D7 VE A TR S B0, T B B A HE A S Bk IR 3 S AUl T
A P55 H2 TH A R T A i 2R,

TE UL S04 v 39 0% 5 T8 P AOE 23 A B Y B 43 L SR A4 R 0D 4500 2 G A — e AU v, o) 24 R A
9 7 1), 5 S AR Lt 5 S 3 I R AR v MR A R N (¥ v A B AT A R AR R B AR —
SLABE AR 3 % 1) D VRO AL T M T VR AR LA 3 P A A7) 7 A LA 1 LR A 4 BT i P AT R R A 5 AR S
R fF) e 45 DL PS40 60 A ATF SR 2 P A8, £ e o L A il R 3 0 5 03 P AR R AR BB R 7% L AR KBk ik
) ) .

6 B &

PEDSRMRARE . 208, VEARSACH & L AR I R A DAL il R PR RO R T 5, DL i 0 A 3 4 SR AE 2 U
R TR RIE AL T I A K FEBIR.
o H e, WHARALHE SR AL AL SR BN T2, VR 20 M HL A0 385 95 5, DA I A O USRI 7 3 R N LA DLt B
DA IR 5 WA TR S 6 1) #1 B2 A 23 17 DL S0 AL PSR 0 8 23 W S A L BE R R 4R R 2, 5 A s A
SRR A AL 19 E AT AR R S T 4R (2%
o HIKAE T VUM R AL B IR AL AL BOR IR BB GRS
o IRJE, G T VU RAL IO T VAT AN 2 A 3 N UK.
(7 B, A St 5G9 B 2 5 D A0 H b ARSI 52 2 R 52 AR 389, DL - S8 D18 A0 K 1 W S I PR (5 S 2 S 0 A
o 2 HAR LSRR 32 5 46 1) -5 B R e A/ A LT AR A A B, DU S D10 A0 30 A7 £ — 2 Joy B AR SOl
DU 37 08 A PR 7 40 23 A AN 18, A5 B O A SR AU O BE 72 F DA ).

© TEBREEEEIEDT  htp/ www. jos. org. cn



BARe N et AR AL T ik A R 4R ik 3087

References:
[1] Shahriari B, Swersky K, Wang Z, Adams RP, Freitas ND. Taking the human out of the loop: A review of Bayesian optimization.
Proc. of the IEEE, 2016,104(1):148-175.
[2] Kohavi R, Longbotham R, Dan S, Henne RM. Controlled experiments on the Web: Survey and practical guide. Data Mining and
Knowledge Discovery, 2009,18(1):140-181.
[3] Scott SL. A modern Bayesian look at the multi-armed bandit. Applied Stochastic Models in Business and Industry, 2010,26(6):
639-658.
[4] Chapelle O, Li L. An empirical evaluation of Thompson sampling. Advances in Neural Information Processing Systems, 2011,
2249-2257.
[5] Khajah MM, Roads BD, Lindsey RV, Liu YE, Mozer MC. Designing engaging games using Bayesian optimization. In: Proc. of the
ACM Conf. on Human Factors in Computing Systems. 2016. 5571-5582.
[6] Frazier PI, Wang J. Bayesian optimization for materials design. In: Proc. of the Mathematics. 2015.
[7] LiL, Chu W, Langford J, Schapire RE. A contextual-bandit approach to personalized news article recommendation. In: Proc. of the
Int’l Conf. on World Wide Web. 2010. 661-670.
[8] Vanchinathan HP, Nikolic I, Bona FD, Krause A. Explore-Exploit in top-n recommender systems via Gaussian processes. In: Proc.
of the ACM Conf. on Recommender Systems. 2014. 31.
[9] Brochu E, Brochu T, Freitas ND. A Bayesian interactive optimization approach to procedural animation design. In: Proc. of the
ACM SIGGRAPH/Eurographics Symp. on Computer Animation. 2010. 103-112.
[10] Brochu E, Cora VM, Freitas ND. A tutorial on Bayesian optimization of expensive cost functions, with application to active user
modeling and hierarchical reinforcement learning. In: Proc. of the Computer Science. 2010.
[11] Lizotte D, Wang T, Bowling M, Schuurmans D. Automatic gait optimization with Gaussian process regression. In: Proc. of the Int’l
Joint Conf. on Artifical Intelligence. 2007. 944—-949.
[12] Martinez-Cantin R, Freitas ND, Doucet A, Castellanos JA. Active policy learning for robot planning and exploration under
uncertainty. In: Proc. of the Robotics: Science and Systems I1I. 2007. 321-328.
[13] Schneider J. Bayesian optimization and embedded learning systems. In: Proc. of the ACM SIGKDD Int’l Conf. on Knowledge
Discovery and Data Mining. 2016. 413—-413.
[14] Marchant R, Ramos F. Bayesian optimisation for intelligent environmental monitoring. In: Proc. of the IEEE/RSJ Int’l Conf. on
Intelligent Robots and Systems. 2012. 2242-2249.
[15] Zhang Y, Sohn K, Villegas R, Pan G, Lee H. Improving object detection with deep convolutional networks via Bayesian
optimization and structured prediction. In: Proc. of the IEEE Conf. on Computer Vision and Pattern Recognition. 2015. 132-132.
[16] Wang Z, Zoghi M, Hutter F, Matheson D, Freitas ND. Bayesian optimization in a high dimensions via random embeddings. In:
Proc. of the Int’l Joint Conf. on Artificial Intelligence. 2013.
[17] Bergstra J, Bardenet R, Bengio Y, Kégl B. Algorithms for hyper-parameter optimization. Advances in Neural Information
Processing Systems, 2011,24(24):2546-2554.
[18] Snoek J, Larochelle H, Adams RP. Practical Bayesian optimization of machine learning algorithms. Advances in Neural
Information Processing Systems, 2012,4:2951-2959.
[19] Swersky K, Snoek J, Adams RP. Multi-Task Bayesian optimization. Advances in Neural Information Processing Systems, 2013,
2004-2012.
[20] Mahendran N, Wang Z, Hamze F, Freitas ND. Adaptive MCMC with Bayesian optimization. In: Proc. of the Int’l Conf. on
Artificial Intelligence and Statistics. 2010.
[21] Thornton C, Hutter F, Hoos HH, Leyton-Brown K. Auto-WEKA: Combined selection and hyperparameter optimization of
classification algorithms. In: Proc. of the Computer Science. 2013. 847-855.
[22] Hoffman MW, Shahriari B, Freitas ND. On correlation and budget constraints in model-based bandit optimization with application
to automatic machine learning. In: Proc. of the Int’l Conf. on Artificial Intelligence and Statistics. 2014. 365-374.
[23] Srinivas N, Krause A, Kakade SM, Seeger M. Gaussian process optimization in the bandit setting: No regret and experimental

design. In: Proc. of the Int’l Conf. on Machine Learning. 2010.

© TEBREEEEIEDT  htp/ www. jos. org. cn



3088 Journal of Software 153 Vol.29, No.10, October 2018

[24] Garnett R, Osborne MA, Roberts SJ. Bayesian optimization for sensor set selection. In: Proc. of the Int’l Conf. on Information
Processing in Sensor Networks. 2010. 209-219.

[25] Ghahramani Z. Probabilistic machine learning and artificial intelligence. Nature, 2015,521:452-459.

[26] Jones DR, Schonlau M, Welch WJ. Efficient global optimization of expensive black-box functions. Journal of Global Optimization,
1998,13(4):455-492.

[27] Nelder JA, Baker RJ. Generalized linear models. Journal of the Royal Statistical Society, 1972,135(3):370-384.

[28] Sutskever I, Vinyals O, Le QV. Sequence to sequence learning with neural networks. Advances in Neural Information Processing
Systems, 2014,4:3104-3112.

[29] Rasmussen CE, Williams CKI. Gaussian Processes for Machine Learning. The MIT Press, 2006.

[30] Lu C, Tang X. Surpassing human-level face verification performance on LFW with GaussianFace. In: Proc. of the Computer
Science. 2014.

[31] Neal RM. Bayesian learning for neural networks [Ph.D. Thesis]. Toronto: University of Toronto, 1996.

[32] Paciorek CJ, Schervish MJ. Nonstationary covariance functions for Gaussian process regression. Advances in Neural Information
Processing Systems, 2003,16:273-280.

[33] Hutter F, Hoos HH, Leyton-Brown K. Sequential model-based optimization for general algorithm configuration. In: Proc. of the
Conf. on Learning and Intelligent Optimization. 2011. 507-523.

[34] Watson, GN. A Treatise on the Theory of Bessel Functions. 2nd ed., London: Cambridge University Press, 1966.

[35] Breiman L. Random forests. Machine Learning, 2001,45(1):5-32.

[36] Zhang Y, Chan W, Jaitly N. Very deep convolutional networks for end-to-end speech recognition. In: Proc. of the Int’l Conf. on
Acoustics, Speech and Signal Processing. 2017.

[37] Karpathy A, Li FF. Deep visual-semantic alignments for generating image descriptions. IEEE Trans. on Pattern Analysis and
Machine Intelligence, 2014,39(4):664—676.

[38] Snoek J, Rippel O, Swersky K, Kiros R, Satish N, Sundaram N, Patwary MMA, Prabhat, Adams RP. Scalable Bayesian
optimization using deep neural networks. In: Proc. of the Statistics. 2015. 1861-1869.

[39] Springenberg JT, Klein A, Falkner S, Hutter F. Bayesian optimization with robust Bayesian neural networks. Advances in Neural
Information Processing Systems, 2016.

[40] Kushner HJ. A new method of locating the maximum point of an arbitrary multipeak curve in the presence of noise. Journal of
Fluids Engineering, 1963,86(1).

[41] Jones DR. A taxonomy of global optimization methods based on response surfaces. Journal of Global Optimization, 2001,21(4):
345-383.

[42] Mockus J, Tiesis V, Zilinskas A. The application of Bayesian methods for seeking the extremum. In: Proc. of the Towards Global
Optimisation 2. 1978. 117-129.

[43] Lizotte DJ. Practical Bayesian optimization [Ph.D. Thesis]. Alberta: University of Alberta, 2008.

[44] Lai TL, Robbins H. Asymptotically efficient adaptive allocation rules. Advances in Applied Mathematics, 1985,6(1):4-22.

[45] Thompson WR. On the likelihood that one unknown probability exceeds another in view of the evidence of two samples.
Biometrika, 1933,25(3-4):285-294.

[46] Shahriari B, Wang Z, Hoffman MW, Bouchard-C6té A. An entropy search portfolio for Bayesian optimization. In: Proc. of the
Conf. on Neural Information Processing Systems: Workshop on Bayesian Optimization in Academia and Industry. 2014.

[47] Lazaro-Gredilla M, QuifiOnero-Candela J, Rasmussen CE, Figueiras-Vidal AR. Sparse spectrum Gaussian process regression.
Journal of Machine Learning Research, 2010,11(9):1865—-1881.

[48] Villemonteix J, Vazquez E, Walter E. An informational approach to the global optimization of expensive-to-evaluate functions.
Journal of Global Optimization, 2009,44(4):509-534.

[49] Hernandezlobato JM, Hoffman MW, Ghahramani Z. Predictive entropy search for efficient global optimization of black-box
functions. In: Proc. of the Conf. on Neural Information Processing Systems: Workshop on Bayesian Optimization in Academia and

Industry. 2014.

© TEBREEEEIEDT  htp/ www. jos. org. cn



BARe N et AR AL T ik A R 4R ik 3089

[50] Brochu E, Hoffman M, Freitas ND. Portfolio allocation for Bayesian optimization. In: Proc. of the Conf. on Uncertainty in
Artificial Intelligence. 2011.

[51] Tzikas DG, Likas CL, Galatsanos NP. The variational approximation for Bayesian inference. IEEE Signal Processing Magazine,
2008,25(6):131-146.

[52] Seeger M, Williams CKI, Lawrence ND. Fast forward selection to speed up sparse Gaussian process regression. In: Proc. of the
Conf. on Artificial Intelligence and Statistics. 2003.

[53] Snelson E, Ghahramani Z. Sparse Gaussian process using pseudo-inputs. Advances in Neural Information Processing Systems,
2006,18(1):1257-1264.

[54] Martinez-Cantin R. BayesOpt: A Bayesian optimization library for nonlinear optimization, experimental design and bandits.
Journal of Machine Learning Research, 2014,15:3735-3739.

[55] Osborne MA, Garnett R, Roberts SJ. Gaussian processes for global optimization. In: Proc. of the Int’l Conf. on Learning and
Intelligent Optimization. 2009.

[56] Rasmussen CE, Ghahramani Z. Bayesian Monte Carlo. Advances in Neural Information Processing Systems, 2002.

[57] Osborne MA, Roberts SJ, Rogers A, Ramchurn SD, Jennings NR. Towards real-time information processing of sensor network data
using computationally efficient multi-output Gaussian processes. In: Proc. of the Int’l Conf. on Information Processing in Sensor
Networks. 2008. 109-120.

[58] Bardenet R, Kégl B. Surrogating the surrogate: Accelerating Gaussian-process-based global optimization with a mixture cross-
entropy algorithm. In: Proc. of the Int’l Conf. on Machine Learning. 2010.

[59] Jones DR, Perttunen CD, Stuckman BE. Lipschitzian optimization without the Lipschitz constant. Journal of Optimization Theory
and Applications, 1993,79(1):157—-181.

[60] Hansen N, Ostermeier A. Completely derandomized self-adaptation in evolution strategies. IEEE Trans. on Evolutionary
Computation, 2001,9(2):159-195.

[61] Wang Z, Shakibi B, Jin L, Freitas ND. Bayesian multi-scale optimistic optimization. In: Proc. of the Int’l Conf. on Artificial
Intelligence and Statistics. 2014. 1005-1014.

[62] Qian H, Hu YQ, Yu Y. Derivative-Free optimization of high-dimensional non-convex functions by sequential random embeddings.
In: Proc. of the Int’l Joint Conf. on Artificial Intelligence. 2016.

[63] LiCL, Kandasamy K, Poczos B, Schneider J. High dimensional Bayesian optimization via restricted projection pursuit models. In:
Proc. of the Int’l Conf. on Artificial Intelligence and Statistics. 2016.

[64] Wang Z, Li C, Jegelka S, Kohli P. Batched high-dimensional Bayesian optimization via structural kernel learning. In: Proc. of the
Int’l Conf. on Machine Learning. 2017.

[65] Gardner JR, Guo C, Weinberger KQ, Garnett R, Grosse R. Discovering and exploiting additive structure for Bayesian optimization.
In: Proc. of the Int’l Conf. on Artificial Intelligence and Statistics. 2017.

[66] LiC, Gupta S, Rana S, Nguyen V, Venkatesh S, Shilton A. High dimensional Bayesian optimization using dropout. In: Proc. of the
Int’1 Joint Conf. on Artificial Intelligence. 2017.

[67] Bonilla EV, Agakov FV, Williams CKI. Kernel multi-task learning using task-specific features. In: Proc. of the Int’l Conf. on
Artificial Intelligence and Statistics. 2007.

[68] Bonilla EV, Chai KMA, Williams CKI. Multi-Task Gaussian process prediction. Advances in Neural Information Processing
Systems, 2007.

[69] Swersky K, Snoek J, Adams RP. Freeze-Thaw Bayesian optimization. Eprint Arxiv, 2014.

[70] Gelbart MA, Snoek J, Adams RP. Bayesian optimization with unknown constraints. In: Proc. of the Computer Science. 2014.

[71] Kandasamy K, Dasarathy G, Oliva J, Schneider J, Poczos B. Gaussian process bandit optimisation with multi-fidelity evaluations.
Advances in Neural Information Processing Systems, 2016.

[72] Marco A, Berkenkamp F, Hennig P, Schoellig AP, Krause A, Schaal S, Trimpe S. Virtual vs. real: Trading off simulations and
physical experiments in reinforcement learning with Bayesian optimization. In: Proc. of the Int’l Conf. on Robotics and Automation.

2017.

© TEBREEEEIEDT  htp/ www. jos. org. cn



3090 Journal of Software 153 Vol.29, No.10, October 2018

[73] Ginsbourger D, Riche RL, Carraro L. Kriging is well-suited to parallelize optimization. In: Proc. of the Computational Intelligence
in Expensive Optimization Problems. 2010. 131-162.

[74] Hutter F, Hoos HH, Leyton-Brown K. Parallel algorithm configuration. In: Proc. of the Int’l Conf. on Learning and Intelligent
Optimization. 2012. 55-70.

[75] Akrour R, Sorokin D, Peters J, Neumann G. Local Bayesian optimization of motor skills. In: Proc. of the Int’l Conf. on Machine
Learning. 2017.

[76] Torun HM, Swaminathan M, Davis AK, Bellaredj MLF. A global Bayesian optimization algorithm and its application to integrated
system design. IEEE Trans. on Very Large Scale Integration Systems, 2018, 1-11.

[77] Morere P, Marchant R, Ramos F. Sequential Bayesian optimization as a POMDP for environment monitoring with UAVs. In: Proc.
of the Int’l Conf. on Robotics and Automation. 2017. 6381-6388.

[78] Colopy GW, Roberts SJ, Clifton DA. Bayesian optimization of personalized models for patient vital-sign monitoring. IEEE Journal
of Biomedical and Health Informatics, 2018,22(2):301.

[79] Candelieri A, Perego R, Archetti F. Bayesian optimization of pump operations in water distribution systems. Journal of Global
Optimization, 2018.

[80] Klein A, Falkner S, Bartels S, Henning P, Hutter F. Fast Bayesian optimization of machine learning hyperparameters on large
datasets. In: Proc. of the Int’l Conf. on Artificial Intelligence and Statistics. 2017.

[81] XiaY, Liu C, Li YY, Liu N. A boosted decision tree approach using Bayesian hyper-parameter optimization for credit scoring.
Expert Systems with Applications, 2017,78:225-241.

[82] Yogatama D, Kong L, Smith NA. Bayesian optimization of text representations. In: Proc. of the Conf. on Empirical Methods in
Natural Language Processing. 2015. 2100-2105.

[83] Carr S, Garnett R, Lo C. BASC: Applying Bayesian optimization to the search for global minima on potential energy surfaces. In:
Proc. of the Int’l Conf. on Machine Learning. 2016.

[84] Krivak R, Hoksza D, Skoda P. Improving quality of ligand-binding site prediction with Bayesian optimization. In: Proc. of the Int’]
Conf. on Bioinformatics and Biomedicine. 2017. 2278-2279.

[85] Tanaka R, Iwata H. Bayesian optimization for genomic selection: A method for discovering the best genotype among a large
number of candidates. Theoretical and Applied Genetics, 2017,131(1):1-13.

[86] Lancaster J, Lorenz R, Leech R, Cole JH. Bayesian optimization for neuroimaging pre-processing in brain age classification and
prediction. In: Proc. of the Frontiers in Aging Neuroscience. 2018.

[87] Ruder S, Plank B. Learning to select data for transfer learning with Bayesian optimization. In: Proc. of the Conf. on Empirical
Methods in Natural Language Processing. 2017. 372-382.

[88] Tesch M, Schneider J, Choset H. Expensive multiobjective optimization and validation with a robotics application. In: Proc. of the

Conf. on Neural Information Processing Systems: Workshop on Bayesian Optimization and Decision Making. 2012.

BEERB(1990—), 5, BRILFHFIE /RN E
A, 32 B ST AR A DL O A, 2 2
HARAL.

HE 1974 —), 5, 8 4 HER, 1l 4 A4 S0,
CCF 75 th £ i3, W 50 G o il R 3
55 AR AR, P 2% 23 A B 5 BT AR &
4t % f Rk R 4t

© PEBEBPHIFST  hip:/www, jos. org. cn



