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Abstract: Kernel method transforms the linear non-separable problem in low-dimensional space into the
linear separable problem in high-dimensional space. It is widely used in a variety of learning models.
However, the existing kernel selection methods have low computational efficiency and high time cost in
large-scale data. Aiming at above problems, this paper introduces the random Fourier feature to transform
the original kernel feature space into another relatively low dimensional explicit random feature space. The
theoretical analysis of the upper bound of the kernel approximation error and the upper bound of the error of
training the learning model in the kernel approximation random feature space are given. The convergence
consistency of kernel approximation and the relationship between error upper bound and kernel
approximation parameters are obtained. Moreover, the optimal model parameters are selected based on
random Fourier feature space, which can avoid the large-scale search for the optimal original Gaussian

kernel model parameters, so as to greatly reduce the time cost required for the selection of the original
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Gaussian kernel model. Experiments show that the error upper bound proved in this paper is controlled by
the kernel approximation parameters. The optimal model selected by the kernel approximation has good
performance compared with the original Gaussian kernel function model, and the model selection time is
greatly reduced compared with the grid search method.

Key words: kernel method; Gaussian kernel; Fourier transform; kernel approximation; model selection
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(11) if result>>rff-btacc;
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(13) (D, 7,)=(D,7) 5

(14) Relum([)o, yo);

(15) end for;

(16) for C in range (10~%,10%,step=10) do;

(17) rbf*acc:accuracy(DO, Yoo Clv);

(18) if rbf-acc>rbf-bestacc;
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(20) Return rbf-bestacc;

(21) end for.
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Table 1 Datasets used in the experiment
Dataset Dimension Train Test Task
jennl 22 49 990 91701 classification
a8a 123 22 696 9 865 classification
letter 16 15 000 5000 classification
w7a 300 24 692 25 057 classification
shuttle 9 43 500 14 500 classification
phishing 68 8 844 2211 classification
mg 1039 346 regression
abalone 8 3133 1044 regression
housing 13 380 126 regression
space_ga 6 2263 754 regression
cpusmall 12 6 144 2048 regression
mpg 7 294 98 regression
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Fig.1

Relationship between dimension D and MSE under different regression datasets
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Fig.2 Relationship between dimension D and MSE under different classification datasets
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Table 2 Test MSE and training time corresponding to the optimal model of various methods
Dataset RFFDG-RBF RBF Nystrom Mid-KSRC
Time/s MSE Time/s MSE Time/s MSE Time/s MSE
mg 3.9255 0.124 45 4.3911 0.124 47 16.4355 0.138 99 4.245 8 0.129 8
abalone 19.197 2 2.089 55 50.154 7 2.089 54 39.628 4 2.089 56 23.904 0 2.1354
housing 0.884 4 3.957 15 0.933 1 3.790 92 9.369 9 5.261 12 0.367 8 3.962 3
space_ga 12.675 8 0.108 80 25.607 6 0.108 80 29.395 3 0.108 81 15.1255 0.122 3
cpusmall 61.328 8 2.968 58 201.899 6 3.005 52 93.486 6 3.036 40 99.086 4 4.196 5
mpg 0.854 9 2.707 37 0.600 4 2.855 80 7.8191 3.424 80 0.176 6 2.5397
F3 FBWFENRLEER ISR A TR LR A E
Table 3 Test accuracy and training time corresponding to the optimal model of various methods
RFFDG-RBF RBF Nystrom Mid-KSRC
Dataset
Time/s Acc/% Time/s Acc/% Time/s Ace/% Time/s Acce/%
jjennl 285.526 96.68 1537.922 96.69 427.597 98.24 395.680 0 92.33
a8a 547.090 85.26 8 506.023 85.26 632.908 82.90 765.428 0 85.20
letter 209.395 96.74 656.080 96.74 675.339 96.74 98.014 5 89.30
w7a 5 144.605 97.23 9938.427 97.35 5106.867 97.05 294.816 0 97.05
shuttle 219.801 99.86 1490.305 99.86 862.808 99.77 591.522 0 98.01
phishing 31.422 96.88 326.978 97.06 58.124 95.86 98.972 0 94.90
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SULH 5B 2 T REFDG-RBF S5 #8415 3 1 5 B A o A% AR T 00 34 J7 58 22, DT TE W) A SCH i
1Y J7 5 AT DAAE 4 AR R P T S AOR n B il b, JF Hoag FHAZ T L7 ik R 4% th 3R B AF 1Y )5 i RBF #%
BAL

M 30T LIAR H : REFDG-RBF 55 7% 19 Je P 450 A9 04 0 328 o 17 3R 7F a8a. letter . shuttle, w7a il phish-
ing B4k 5 I LE Nystrom J5 ¥ (9 WE 0 32 %, 76 2 F 8 4 B b b (B R Mid-KSRC M Esf 228, JF B 5 5
e T A B B T B 4 . 7E ijnnl B4 4 | RFFDG-RBF %9k [ Nystrom J7 2 (149 8 SR g A%, 1
RFFDG-RBF 53 9 0 3 o 5 28 475 58 5 It 0h RBF A% HE 6 R AH 3T, O Bt A R RIEi T o 7
w7a s 4R Bl TR SR A B I RHIE B BOK , R B RFFDG-RBF 8k i £ 405 41 25 8] 4 FE D Al AH iy 3
K ABAS e Nystrom J7 36 #E 6 B2 i, OF B D03 o 6 0% 5 5 0 RBF B E# R AR T . B TE w7a B4l 48
RFFDG-RBF %k 55 2 i 8] L Hh B 2 Mid-KSRC # £, {HJ& RFFDG-RBF i L P 75 Mid-KSRC i1
W3 7 B R . [R A FE fjennd | a8a. letter. shuttle Fl phishing %0 #% 4 - REFDG-RBF 8. 1 it B 10 16 #%
THE AR A LR R RBF A% LA K Nystrom J2 {805 2 #0 h 5 Mid-KSRC #3808 W 5 48 L 76 w7a 8L
#i4E b RFFDG-RBF 53545 B8 2R 6 5] 475 SR LU B RBE AZ AR 2 48 2R i ] S
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Fig.3 Training time and test MSE of three model selection algorithms
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Fig.4 Training time and test accuracy of three model selection algorithms

GEA R AP 40T LA Bl 25 FEAS BURE 1 38 K, REFDG-RBF 832 78 4 8 356 £ 7 175 1) 1) L AR X
JE i RBF A% 4455 750 106 435 P[] K IS I ARG, ] FsF b Nystram J7 325 TP (R 1 Mid-KSRC B Y 3 35 i 75 4 i)
(6] /b 5 I LI 2 5040 RSB A, D 3 )11 5 5 B (] 22 BB K o 7 cpusmall #0404 I+ REFDG-RBF 8.1
P 5t i v 307 A% A5 Y 35 56 )11 5 9T R I R 46 45 400 s, A Ry J5 iR RBF % Il 5 BT 5 B[] 49 13 22 — , bE Nys-
trom J5 35 Y 2k BT 75 BF 1) 45 58 100 s, J& Nystrom J5 i Bf /% B 7] 9 = 4> 2 — . 7F phishing % ¥ 4
RFFDG-RBF 512 L Ji i 55 $5r A% A58 70 38 45 )11 25 5 1) ) 46 %62 200 s, BE P % Mid-KSRC Jir 75 B[] 45 42
60 s, bt Nystrom J7 2 Fr 77 B 8] 46 55 20 s,

7t cpusmall Al phishing W %48 4 |, )5t i RBF 4% 3153 0r 75 B 4] 35 4 R 8 K T RFFDG-RBF
SR KT O 1 O 5 B 0] 48 4 S O L A A RIS 1) 48 R, TR 3 1 BoF ) S AR 2 P AOR BRKC , J IR RBE 4%



O F A TRAAGEE AR R 8 ST IR Bk 627

P [H] ol AR 398 K 480K B, 117 REFDG-RBF 5335 31 5 B (8] A 3 K JR W Bk 2218 . e 45 R &
W] : RFFDG-RBF 58 75 A ] BUAST B4 A b 9 455 700 3o 3 vh 0 S50 B0 1 3 B 008 0 KR 32 7, O B8k 41
TR RE K, TE 5 AR AR T I G SR A A 3 4 R Ty T L B R AR MU I 1 K #E cpusmall 25 4 1
RFFDG-RBF 57k % 7 (9 5 052 784 I3 MISE 3% #0870 , OF H 8 5 5 5 06 RBF A% % Ry /9 4% 08 81 05 5
B (3% MSE AR 4% 3 . 1E phishing #5484 I, RFFDG-RBF 5 1% 1 Fe D0 R 0 0 58, o4 16 5 1% 347 448 fin I
H & T Nystrom J7 32 Fl o {H 12 Mid-KSRC 5 O A5 8 % 57 9 00 52 o o 2% o 76 B A B 8% de KB,
REFDG-RBF %% 4 f5e 0 455 70 0 438 vy 256 5 0 RBF A% S 435 1) 1 AL e DI 780 00 5 v it S5 4 30, (S0 AH
2£0.002% o b 3R S50 3 A SCHR M B A 6 TR G RBE AR TR AE AR R 1 B 4R SR
PETF A, H TH RO A [R) AT AT AR IR A T AL 3% 85 14 o D0 7R 9 A B A 1) o o5

4 ZERIE

AR SCTE SE AR 5 T B AL A L o R AR A2 4 A a0 A% R KIS DR A% R R S (LR 25 A7 AR B A O HAIE
Wi 25 b A 23 52 B REALAE BL AR AR 23 (8] 48 B2 D LA K% pRE0S By BOSE ), JCBE 18 B 38 UEAZ I LAY W8
— B, R A AR N AR AR 23 ] 7S R AR A (1) e A A R R R X T A A
(4 AT REAE o D — 5 T, 16 4% R A AT ARURH IO Y i DIE AR R X T D A T ) I Ak AN LS
BT ERCR RS O B ISR s TR B0 0 R A R AR T o A MU B B AR B SRR A B
T B2, 5 H AU AZ BT AR T vk R AT X8 L, ATS AT e ) 0 3R L B 5/ B I R T i AAR SCHR HY A 53
LR T AR £F P 4R T T SRR R SRR R Z WA A . T — 2 TARRE i — P R R A A A%
PR i HIARZ AR LAY 5 B, OF BEAT IR A B9 BSR40 5T .

5 Z X W
[1] THOMAS H, BERNHARD S, ALEXANDER J. Kernel methods in machine learning[J]. The Annals of Statistics, 2008, 36(3):
1171-1220.

[2]  ZHANG T. Solving large scale linear prediction problem sussing to chastic gradient descent algorithms[C] //Proceedings of the
25th International Conference on Machine Learning, New York: ACM, 2004: 919-926.

[3] JOACHIMS T. Training linear SVMs in linear time[C] //Proceedings of the 12th ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining. New York: ACM, 2006: 217-226.

[4] HSIEH CJ, CHANG K W, LIN C J, et al. A dual coordinate descent method for large-scale linear SVM[C] //Proceedings of
the 25th International Conference on Machine Learning. New York: ACM, 2008: 408-415.

[5] FANRE, CHANG K W, HSIEH C J, et al. LIBLINEAR: A library for large linear classification[J]. Mach Learn Res, 2008,
9(2): 1871-1874.

[6] ASSIA O, ABDELAZIZ O, MOKHTAR K. Low complexity method for DOA estimation based on nystrom method[J].
International Journal on Communications Antenna and Propagation, 2017, 1(6): 239-245.

(7]  YANG C J, DURAISWAMI R, DAVIS L. Efficient kernel machines using the improved fast Gauss transform[C]//
Proceedings of Advances in Neural Information Processing Systems. Cambridge, MA: MIT Press, 2004: 1561-1568.

[8] CAO H, NAITO T, NINOMIYA Y. Approximate RBF kernel SVM and its applications in pedestrian classification[C] //
Proceedings of the 1st International Workshop on Machine Learning for Vision-based Motion Analysis. Berlin: Springer, 2008:
120-129.

[9] RAHIMI A, RECHT B. Random features for large-scale kernel machines[C]//Proceedings of the 21st Annual Conference on
Neural Information Processing Systems, Vancouver. Red Hook: Curan Associates, 2008: 1177-1184.

[10] FENG C, LIAO S Z. Large-scale kernel methods via random hypothesis spaces[J]. Frontiers of Computer Science and
Technology, 2018, 12(5): 785-793.

[11] LIU Y, JIANG L S, LIAO S Z. Approximate Gaussian kernel for large-scale SVMI[J]. Journal of Computer Research and



628 R E B L Journal of Data Acquisition and Processing Vol. 38, No. 3, 2023

Development, 2014,51(10): 2171-2177.

[12] LIU Y, LIAO S Z. Framework core selection method based on an explicit description of the integral operator space[J]. Scientia
Sinica Informationis, 2016,46(2): 757-765.

[13] FENG C, LI Z D, LIAO S Z. Efficient algorithm for large-scale support vector machine[J]. Computer Science, 2015, 42(9):
195-198.

[14] RUDIM W. Fourier analysis on groups[M]. San Francisco: John Wiley &. Sons, 2011: 1-285.

[15] BHARATH K.S, ZOLTAN S. Optimal rates for random Fourier features[J]. NIPS, 2015,28(1): 1144-1152.

[16] MEHRYAR M, AFSHIN R, AMEET T. Foundations of machine learning[M]. Cambridge, Massachusetts: The MIT
Press, 2018: 22-812.

[17] CORTES C, MOHRI M, TALWALKAR A. On the impact of kernel approximation on learning accuracy[C] //Proceedings
of the 13th International Conference on Artificial Intelligence and Statistics. Brookline, MA: Microtome Publishing, 2010:
113-120.

[18] CHANG C C, LIN C J. LIBSVM : A library for support vector machines[J]. ACM Transactions on Intelligent Systems and
Technology,2011,2(3): 27: 1-27: 27.

[19] ZHANG L, ZHOU W D, CHANG P C, et al. Kernel sparse representation-based classifier[J]. IEEE Trans on Signal Process,
2012, 60 (4): 1684-1695.

EE B
S EL(1997-), 5, Wi+ w5 ITE#(1982-), 5 , Wi+, vk F X 81(1968), BIE1EH .
A BFFE T ) AL ) s Ui, BF 5 05 1h) < 3 R 1) AL 2 T R BESE D 1A
2 48 , E-mail: 573437827 HLA 4 > e A% 7 Bl 2% 2 B e EA
@qq.coms JUBLI

(8.2 Z &)



