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Abstract

Gaussian process regression model is a nonparametric model based on Bayesian inference. It is
based on probability theory. By explicitly introducing randomness into the model, it organically
integrates researchers’ prior knowledge and knowledge learned from observation data, and re-
duces uncertainty through Bayesian inference. The natural interpretability, flexibility and ro-
bustness of Gaussian process regression model determine that it plays an important and irrepla-
ceable role in the field of statistical learning and is widely used in various fields. In recent years,
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with the advent of the big data era, the real data has become increasingly complex, unstructured
and real-time, which has led to the rapid development of the model in terms of scalability and
model structure update. This paper analyzes and summarizes the expanding algorithms and im-
proved methods of the Gaussian process regression model in the field of big data in the past dec-
ade, summarizes the advantages and disadvantages of each method, and looks forward to the fu-
ture research direction of the Gaussian process regression model.

Keywords

Gaussian Process Regression, Big Data, Statistical Learning, Sparse Approximations,
Kernel Function

Copyright © 2022 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|8

R o R ] I (GPR) & — i UL P HE 2 R (A S ety 3 PR T b b AT L 3 9
S5t ZE AR e B A 5 N BRLRE , S4BT 12 B 1 5 ML MO o 2 S B AT L 2, 9
STt UL BT SR N S, AT A5 4 A MR SLRO e A R U TR A2 A B 9
BRI M, SR IE R, T RREE DR IS0 A, T 08 TR IRt . e, MR AKL
SR R T DB AR A, A AR U E RN ST A T ORISR AT, LA S e 4
RS, 32 TR EEORAL B S & A T . SRS S KGERT. i
Bl R BN % 2 AU 1]-(6].

S S i I TR R A BT 47 A R L, R A S 0 O R AT MRS L, 3t
LRI £ 0 R AT, 0k e IV TR S 9 0 7 e 2
2. BT REEARE A R

P9 VLTSRS B0, s 0ot P A DA e R e, L9 7 B M2 I AT DL B4
T 2 A M A A, 5 e A B KR 7 2 RO

S (x)~GP(m(x).K (x.x") M

HRREA = £ (x)+ e BRI £~ N(0,07 ) ATESIBIE y SRR X, = (X,0.000%,,,,)

T £, BIBES 57

i)
f. m(x,)
o R OBCE R R 00 B () =m(x)=0 > K (x.x) 9 mcn BB TE 2 ¥ 7 2 40 B ¢

K(x,x) = K(x,%.) 9 mn WA HE . A [K(x0%)] =K (%000, ) 5 K (xeow) B e B R RE, HL
[K(x.ox.)], =K (x,00%,0, ) o HEATLAERE] £, HOJG550 4

fol1xx,y~N(focov(£)) 3)

2

K(x,x)+0’T K@JJD

K(x.,x) K(x,x,)

DOI: 10.12677/sa.2022.115123 1195 gt 5N


https://doi.org/10.12677/sa.2022.115123
http://creativecommons.org/licenses/by/4.0/

HHEA:, X

Hrp
f.=B[f.1xx.,y] } @
:m(x*)+K(x*,x)[K(x,x)+of_l] (y—m(x))
cov(ﬂ):K(x*,x*)—K(x*,x)[K(x,x)+GSZIJ_l K(x,x,) (5)

WIEAE RIS 2] £, EERTTT 2 .
e A A (] U5 AT DA I 2 FE A [ A% pR BOR A P A R O SETHARAE, e d 3 B 21 05 18 80 (SE) -

2
dl

2/

Ko =1 exp| - (6)

Hob 2 REE %, | KRR, 0={7,L0} MBORN@EE. — BT, L EH R
SR SO A 6 ORA BRI B, HA SO BR LA o6 He

logp(y) = —%log(Zn)—%log‘K(x,x)Jro-jI —%yT (K(x,x)+ 0'31)71 y (7)

FE 2558 B B AT R 20(4) (5)XHAR AT i R 47 1500
3. EAREET R TSENTERVFER KOH

e R B BARA VA0, (HH AT AE — S R, — R LN 8] 2 B TA B AR ) = 17
PRI ANE ] T RREAR S o2 0 R [ AR R (R R AR KR P IR T A% R B ae 5, B e
TR o B A R S 2H A% bR RO VR G — RO ER SCHE

AT 35 B S5 N T ARG i 0 e 8 [l R R 1] A2 24 32 0 et S b AT R RO AR (7], (B AR 7T
FoiEER, LR ORI E A RONE, ORI I EREET TR, JHER 4 TR TR .
AN}, [ Duvenaud 55 A\ 2 & ZIA(CKS) G, AR BN H SIIE T R ARE I, A SOk X L
TSy TS, FERR 5 AT AT T

4. BN RHAFYIRORETT %

R RV g DA S S0, 6 IO Se RS, DUEHAT IR RIB. i
FAENSRL R R IR R AORE RGBS, 30K/ 0 KSR PR R e R 0, R I
W RIER O(n'), B AR O(n) (8] I, TR & BOA B MR RTIR . X
T GPR BURAEVF 29U, 5B AE KR A 5O . WAL, KT AE A M . A I B 7 S
S TMORIT . R0 10 465K, T WU LRI, S8Rt TVF 2 AR BT . X8 7Kt
AT 94 RO LK

4.1. £FiLMN

A P IR 1) 74 IR A% R B B by 200 0% K, PRGN TT IR WA AT
G, AT ASEBUZ IR R AR B E, A B BT R R H . 8RR, BATRXT Lk Iy kit
ITvEdIR .

4.1.1. BEFRIEE
B TR (SD)UT AN S il o Al 56 8 n BRI 4R D (K — N EECy m (K746 SD AR AIZR%E, I T GPR

DOI: 10.12677/5a.2022.115123 1196 gt FE 5N


https://doi.org/10.12677/sa.2022.115123

A, X

HIIZR ST, BRI, SD AEBUATER IS4 BT i) O m' ) B L T HE AT ARt GP HEIST, B E it m
AN Y S RO RRERE K, TSRS BRAE, T K., 9NN m x m. B SD A0
TR AR SR T, H IR PRI s RARSE D i BEHLIE FE m A MUE A RS HR,
1k FIE R KD B, SHARRIA o m AT o, IR NIRRT BEF 3% ST,
BAME, (R RTE R SRR 25 008 A, (LTSRS [9] [10] 1] [12].

4.1.2. W% R BE

T OB PR B [, — | i B, T4 e (x,,x, ) = O, AL A0SR 6 3t 9 13].
UM T L 3155 B ) 7 22060 K, — MR &, o BT R &, IR ET 2 R EISRIE .
PR, 8 PR B GPR (0 IIZR 82 2 ey O(am’ ), 0 < <1 it A AR R 1 EEBOA R 75 B . &,
*F1EE(PSD).

4.1.3. FEFRIEE
X A K, BATREE R, ARG OREE m MR R AV 7 25, Mk =ppT,
Horb v olyn <o m 4E5ERE . SRJE,  ARRE AR R SR 5] B 45

(K +021,) =021, =0V (020, + V7V ) VT (8)

AUt 7SR K, BRI DR m < m GEERERIS, WS O(n') KE
O(n'm), Wit RN O ) B2 0.

{ERF K, AT SRR SRA O(n' ), SKbR E IR SL R, CECRHAL R, 7T B
B Er i BRI m 9T K, BORSGER, %07 MR Nystrom JEfL. (%77 T g
ST %, AR MR, 1 AR T FRRIE L.

FERRAT DL T KB J P KK ST L R oL, (% BIET A R, (AT 5 ST
I (R B RG S606 E B AT (O

(a) 55T 10

R CERE BREERR AN, SN AERE (X, r,), BELR £, 55 S MEHR D GP
W p (/)= N (0.K,,) - BEBb, TR £, R £ ISR, SRt £ L 1| f, . Ak

B KRN
p(f.£)=[p(£1£,)p(L1 £,)p(£,)df, ©)
IR ZAT R RN IR S AR 2 31 A
p(f1£)=N(fIK, K fo- K, =0, (10)
p(f1£)=N (£ kKo forn Ko = 0..) (1)

#rg,.0. W Nyswom ik, H o, =k&,,K,,K,, [14]

am™ m

MERATEE W, f, PR SR, ZEN f W £, ZIEERBSCRZRH £, 55 1R,
DU T IR RE NGRS AT R AN 2% AR A

9(£1£)=N(f 1K K fo:O,) (12)
9(L 1 £,) =N (£ koK o f:0.0) (13)
FHRLE), (7)o Hod Bk log p(») ey

DOI: 10.12677/5a.2022.115123 1197 gt FE 5N


https://doi.org/10.12677/sa.2022.115123

HHEA:, X

A 2
an + an + O, I

1 1 1 ~ -1
logg () =~ log(2r)~— log -39 +0, +a1) (14)

I AR G, 5 6, HAELLERI TS A On'm) 56 el

REE S 074 T ARERULARRRN g, 506, HHNHZKEX K, RSN K,
SR, oA EbB 44 AT (Bl B T EE(SR)TE . BT 2R (FIC)T A . #4840 BT 2 AF(PIC) I AL 4% .

(b) R AL

SRR, JE L MR R0 6 5, X BT HEAT AT T . ST 3 N6 g (1. 1, | )
SEBURRA p (£, £, | v)» EIIZERZERAT LU KL 5%

KL(q(f Sl 9) P (S5 £ | 7))
:logp(y)—Eq(f,fm‘y)[logp(fafm,J’)_Iqu(f’fm Iy)]
=log p(y)-L(q)

Hrb £(q) NI T FHEBLO). log p(») M T q(f, £, | y) WL B KM T HREN TH/ME KL
B, IR A RS R, WA T RHATIAL, (8 AT USRI 5045 ¢ (S, ) o LR R fRAL
FF A X, A7 B A AT B S 300 A o B RT WL, 5 VERT TR R, R IBARIER S R & f
48 E . 54, Huggins Z5H pF (preconditioned Fisher)f{UE &4 KL #%, LAt — DT ERE[15]. Cheng
H1 Boots T AL 2% [ W0 s 41 HE T —ANREAILAR 0 HE SR, S HE BT 58 I R V& [ 16]

4.2. BEBEM

JoS IS AR  JEUA KO S0 9 m A MR T3, 145U T4 B4 BIVIZR T GPR BUAL, %071
AT BB IR AT UI 55 A TRRTE GPR BUR ATy R bE . MESh, REIELUT IS 5 THiE PRt . 5
iR AR E . AR RT SR TR0 RIS I3, T4 6 8 0 R R £ SO

(a) o2 Jo 0 % 5 A

BT, BB BETAG A 2 IROAI G M . TR, 45 T 2 43 T4 B B UM 5 B A
TSI TR, 7 A TS S A P TN 7] 60 8 3 M I TR K R
R SRS R o M ARSI B, FRLE X BRI TS 00 TR, IR T 1
TGN O(nmg ), 3Lk m, = /M RAEATFAEIGBUBI 18], (EIE I8 55 SEUR R T4 0 T A 2t
BRI, Park SEAEAALFHEITY I T 299k A PFs Urtasun T Darrell WK B 85 WU 1 B J LAt
T AT 0 A7 IALCTH[19]. Chen S48 T/HURL (0 000 45 HLUEAT (80P 8, ANTTTIE — 25 417 i
FEEE, RN TR 0L i) @[ 20]

(b) RELFHEM

R 2 JR 0 L SR8 B R B0t SR O A A 4 TR S BB A M %
HEATMRSE R 5y, T DRV S RT3 . TR & BB S R FIE

P(ylx)=i2i)gi(x)p,-(yIX) (15)

Hort g (x) FITHEREL EXHAN S BT BRI 7, 8 T BTG T XK. p, (3] x) W
137 i KR TR M2 . B BR R BR AR AL 835 EM SR KA BBl 4R, AT AR 2% 37 1145 s 5
FAFARRI21]. x, HOTRI A U0 R -

r(y. \D,x*)=Zgi(x* |D)p,(».|D,x,) (16)

DOI: 10.12677/5a.2022.115123 1198 gt FE 5N


https://doi.org/10.12677/sa.2022.115123

MR, FEX

Bishop 1 Svenskn K VLB 7 vE S e RAUGRTT %, #E— € R RIERR 1 & A Nguyen 45
WHEH] 1 A Ik AT SR HEIT, 1 — 2D BRAR 1IN 1A] S22 B[ 22] 23]

5. ¥R #HIHaE

R R IEREGE T GP BT A2 SR AR A I ELa e s S AR, pR B33t AT AR SR AAR N 7T LA
BB H SRS B, T REE, WiEEERZR R T T X A% . EHEEL
T REEX T 2 4EHE, RBNAZIN T MG IR R . SRR, Oy TR PGX AN S, AR T
AR BTE, Kk A U AR,

5.1. HERRRE

WA AL ZIENe B 2 B b B BE A AL ok B I B ek A i — NP B A i s 8], A %28
ERAG B IX AT TR A AL 0], LAFR B 5 HHs 45 1) DT A% 1R o 48 2 R A1 — A 17 2 1 i AR A,
HH MR AR — OB R o b — JOBAR R HERT 0 S W T Z R B K, o ZORBS IR I AR R HL
Ky R B T Z R &, » WP E— BRIV HMRIE R &, FFAEI P BB BT I s e T 7 22
B Ky, o AWHEN, (EAF3EE GBS A LR &),

Duvenaud %5 \f8 FH 900 BVERM A RIATIE R, DUEEE G PR R EE NS, A
B B 45845 73 o e (A% BR K, AWk AR B — 20 1 52 R MEAS R X A R o e el ) R R R BRI 241 7
B LL L Bt Duvenaud 55 N £ 0 H02 B AR AR ik AR R rh A AL 1 Ll b v, I HL 91 N DU 1745 5 vt
M(BIC) LLEE T #1 & - Steinruecken MWZHN sigmoid ZF piiafi, HCHI )= HE R H W 7 22 sk B 1E B [25] .
Kronberger I 5% & AR 7 22 R B8R, A8 FEAL R B0 KA ZAZ08 5 T AT BRI 24H & 4% 2 (A
[26]o ZITIET, ZREHESEA IR FEN, 1028 PR RR BN B ds AT AL

LI IKITVES 2 A % R EOE T DL i A R AT AR R B AL, DR A B () ]
R . (XKL Z DI EOA BRAAVEN ALY R &, TR &, X 2 i R AE B A B A A 1)
TR AT[27]0 X PRI = IRISAT A% B R 1 SR SRR AR R e B BRI (28]

5.2. S #%E

5HMERIEARE, MREZZEE T EA MBI AR AR H &R . 8RR Am T
B
kﬁ(x",xj,®)=]£[w,k,(xi,xj,®1) (17)

i o=(a,0,) FRERE, FHES o =1. 0=(0,.0,) RERKOBSE. Wik, #H0
BBMIEN = (0,0) o I R(10)E SRR T BLELBE L 507 26 B K

Chugh 51 % FAFLERRIET GP IIZ, LIRS AR ERRIE, IS HdE AR
BT A5 120]. Palar 5 AR FILA KR IBURIAEL 4 Fats— A BR B0 LM, KRR B SR 24
1 25030]

TR B, A AR T AL a0 A . F LRI B B R
BT MR A . R LIRS B R A R B SO AT 5, St — SRR BRI T 2Ty
7. IRt 5 BCAETE T AR ) 06T 1 B 200 ) B L 2 R 5

6. REERE
H Williams 1 Rasmussen 2 — /X $g H @it FE BH 24 O 20 24405 TR, st f2EE 77

DOI: 10.12677/5a.2022.115123 1199 gt FE 5N


https://doi.org/10.12677/sa.2022.115123

A,

TN

o

[

[

FAFEN 7P R o RIS, e e A [ U1 0 8 FH AT AR 02 o AR ST AR T e o A e g S A S
IFERIR T RBHE TS 5 N m i R B R R 3t e 2, DRI 52 23k 1 il 1 4L 45 A% e ) i

T FARK, R AT AR EAR EIE RN b, U0 VF 2 R O EAR A WF 72 2 18] Y il Lo
VERASCHIGE R, FATTHRE Y g e R (A VR R SR 75 L3t — 2D AT S B il R 5 170

1) N E LK

EIRRERY AR T e R AR D ORI OREEAT AN AR B AR, SR R AR AR IR — R L
B S RNAN), AR AR B s, DU/NICRAI DT NENE o X+ R AL a1, A7 o )«
(a) XTREE BA @R (b) REALFE R HUAE K4 -

2) TN E R A A R B i T

AR A R AR R B3GR S IR T R i R A A R T R I T R AR, ] I
BRI TR R BRI B P RS o SR A ST R IR AU TT iR TSR A2 B A R B E VE A
B AR ERRE LR

SE 3k

(1] BKYTMA. 31 it 2 (B VoA R g e b 25 Ab B D [ 247 850 Jhat: dbRisgil R, 2017.

[2] BB, ZEkde, 20, AR, KT, THREP. & RERRMEAHFGTNBAG FERD]. SR
KEEEER, 2022, 54(3): 341-364.

[3] Lally, N. and Hartman, B. (2018) Estimating Loss Reserves Using Hierarchical Bayesian Gaussian Process Regression
with Input Warping. Insurance: Mathematics and Economics, 82, 124-140.

https://doi.org/10.1016/j.insmatheco0.2018.06.008

[4] &Rtn, B, AR, PIRE, XNEFE. FTHIEES )08 E SRR s R T 44 (7], L5k )
22022, 36(3): 44-54.

[5] %, FMEE, v, R, LT, BAEAR. HeT S g AR B R AT IE0 A A R TR [T]. KPR e 2
%, 2020, 41(3): 45-51.

[6] Velasquez, RM.A. and Lara, J.V.M. (2020) Forecast and Evaluation of COVID-19 Spreading in USA with Re-
duced-Space Gaussian Process Regression. Chaos, Solitons & Fractals, 136, Article ID: 109924.
https://doi.org/10.1016/j.chaos.2020.109924

[7] ER, X, BiEgdh, THE sEnd R 7ES0R ). #5615 ik, 2013, 28(8): 1121-1129+1137.

(8] 7FCAN. AR AEANZ T BLGid AR BB NN F U T A LA [D]. TR L7241k, 2010, 31(4): 123-129.

[9]1 Preparata, F.P. and Shamos, M.1. (2012) Computational Geometry: An Introduction. Springer Science & Business Me-
dia, New York.

10] Lawrence, N., Seeger, M. and Herbrich, R. (2002) Fast Sparse Gaussian Process Methods: The Informative Vector
Machine. Advances in Neural Information Processing Systems 15, Vancouver, 9-14 December 2002, 625-632.

11] Seeger, M. (2003) Bayesian Gaussian Process Models: PAC-Bayesian Generalisation Error Bounds and Sparse Ap-
proximations. University of Edinburgh, Edinburgh.

12] Keerthi, S. and Chu, W. (2005) A Matching Pursuit Approach to Sparse Gaussian Process Regression. Proceedings of
the 18th International Conference on Neural Information Processing Systems, Vancouver, 5-8 December 2005,
643-650.

13] Melkumyan, A. and Ramos, F.T. (2009) A Sparse Covariance Function for Exact Gaussian Process Inference in Large
Datasets. 21st International Joint Conference on Artificial Intelligence, Pasadena, 11-17 July 2009, 1936-1942.

14] Williams, C.K.I. and Seeger, M. (2001) Using the Nystrom Method to Speed Up Kernel Machines. Proceedings of the
13th International Conference on Neural Information Processing Systems, Denver, January 2000, 661-667.

15] Huggins, J.H., Campbell, T., Kasprzak, M. and Broderick, T. (2019) Scalable Gaussian Process Inference with Fi-
nite-Data Mean and Variance Guarantees. The 22nd International Conference on Artificial Intelligence and Statistics,
Naha, 16-18 April 2019, 796-805.

16] Cheng, C.A. and Boots, B. (2017) Variational Inference for Gaussian Process Models with Linear Complexity. Annual
Conference on Neural Information Processing Systems 2017, Long Beach, 4-9 December 2017, 5190-5200.

DOI: 10

.12677/52.2022.115123 1200 Gtz 55


https://doi.org/10.12677/sa.2022.115123
https://doi.org/10.1016/j.insmatheco.2018.06.008
https://doi.org/10.1016/j.chaos.2020.109924

A, X

[17]

(18]

[19]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

Choudhury, A., Nair, P.B. and Keane, A.J. (2002) A Data Parallel Approach for Large-Scale Gaussian Process Model-
ing. Proceedings of the 2002 SIAM International Conference on Data Mining, Arlington, 11-13 April 2002, 95-111.
https://doi.org/10.1137/1.9781611972726.6

Gramacy, R.B. and Lee, H.K. (2008) Bayesian Treed Gaussian Process Models with an Application to Computer Mod-
eling. Journal of the American Statistical Association, 103, 1119-1130. https://doi.org/10.1198/016214508000000689

Urtasun, R. and Darrell, T. (2008) Sparse Probabilistic Regression for Activity-Independent Human Pose Inference.
2008 IEEE Conference on Computer Vision and Pattern Recognition, Anchorage, 23-28 June 2008, 1-8.
https://doi.org/10.1109/CVPR.2008.4587360

Chen, T. and Ren, J. (2009) Bagging for Gaussian Process Regression. Neurocomputing, 72, 1605-1610.
https://doi.org/10.1016/j.neucom.2008.09.002

Chen, K., Xu, L. and Chi, H. (1999) Improved Learning Algorithms for Mixture of Experts in Multiclass Classification.
Neural Networks, 12, 1229-1252. https://doi.org/10.1016/S0893-6080(99)00043-X

Bishop, C.M. and Svenskn, M. (2002) Bayesian Hierarchical Mixtures of Experts. In: D’ Ambrosio, B., Smets, P. and Bo-
nissone, P.P., Uncertainty in Artificial Intelligence, Morgan Kaufmann Publishers Inc., Burlington, MA, USA, 57-64.

Nguyen, T.N.A., Bouzerdoum, A. and Phung, S.L. (2016) Variational Inference for Infinite Mixtures of Sparse Gaus-
sian Processes through KL-Correction. 2016 [EEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP), Shanghai, 20-25 March 2016, 2579-2583. https://doi.org/10.1109/ICASSP.2016.7472143

Duvenaud, D., Lloyd, J., Grosse, R., et al. (2013) Structure Discovery in Nonparametric Regression through Composi-
tional Kernel Search. International Conference on Machine Learning, Atlanta, 16-21 June 2013, 1166-1174.

Steinruecken, C., Smith, E., Janz, D., Lloyd, J. and Ghahramani, Z. (2019) The Automatic Statistician. In: Hutter, F.,
Kotthoft, L. and Vanschoren, J., Eds., Automated Machine Learning, Springer, Cham, 161-173.
https://doi.org/10.1007/978-3-030-05318-5 9

Kronberger, G, and Kommenda, M. (2013) Evolution of Covariance Functions for Gaussian Process Regression Using
Genetic Programming. International Conference on Computer Aided Systems Theory, Las Palmas de Gran Canaria,
10-15 February 2013, 308-315. https://doi.org/10.1007/978-3-642-53856-8 39

Hensman, J., Fusi, N. and Lawrence, N.D. (2013) Gaussian Processes for Big Data. Proceedings of the 29th Confe-
rence on Uncertainty in Artificial Intelligence, 12-14 July 2013, arXiv preprint arXiv:1309.6835.

Kim, H. and The, Y.W. (2018) Scaling up the Automatic Statistician: Scalable Structure Discovery Using Gaussian
Processes. International Conference on Artificial Intelligence and Statistics, Lanzarote, 9-11 April 2018, 575-584.

Chugh, T., Rahat, A. and Palar, P.S. (2019) Trading-Off Data Fit and Complexity in Training Gaussian Processes with
Multiple Kernels. International Conference on Machine Learning, Optimization, and Data Science, Siena, 10-13 Sep-
tember 2019, 579-591. https://doi.org/10.1007/978-3-030-37599-7 48

Palar, P.S. and Shimoyama, K. (2019) Kriging with Composite Kernel Learning for Surrogate Modeling in Computer
Experiments. 4144 Scitech 2019 Forum, 7-11 January 2019, San Diego, 2209. https://doi.org/10.2514/6.2019-2209

DOI: 10.12677/5a.2022.115123 1201 gt FE 5N


https://doi.org/10.12677/sa.2022.115123
https://doi.org/10.1137/1.9781611972726.6
https://doi.org/10.1198/016214508000000689
https://doi.org/10.1109/CVPR.2008.4587360
https://doi.org/10.1016/j.neucom.2008.09.002
https://doi.org/10.1016/S0893-6080(99)00043-X
https://doi.org/10.1109/ICASSP.2016.7472143
https://doi.org/10.1007/978-3-030-05318-5_9
https://doi.org/10.1007/978-3-642-53856-8_39
https://doi.org/10.1007/978-3-030-37599-7_48
https://doi.org/10.2514/6.2019-2209

	复杂数据背景下的高斯过程回归模型
	摘  要
	关键词
	Gaussian Process Regression Model in the Context of Complex Data
	Abstract
	Keywords
	1. 引言
	2. 高斯过程回归的基本原理
	3. 复杂数据背景下高斯过程回归模型的改进
	4. 适应大样本数据的改进方法
	4.1. 全局近似
	4.1.1. 数据子集近似法
	4.1.2. 稀疏核函数法
	4.1.3. 降秩近似法

	4.2. 局部近似

	5. 核函数的构造
	5.1. 组合核搜索法
	5.2. 加权多核法

	6. 总结与展望
	参考文献

