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Abstract Kernel method is a method to transform 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. The
existing kernel selection methods may have low computational efficiency and high time cost in large-scale data.
Aiming at above problem, 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 is given. The convergence consistency of kernel approximation and the
relationship between error upper bound and kernel approximation parameters are obtained. Then, 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 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.
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Table 1 Datasets used in the experiment

*® 1 WASCAMES

Datasets Dimension Train Test Task
ijjcnnl 22 49990 91701 classification
a8a 123 22696 9865 classification
letter 16 15000 5000 classification
w7a 300 24692 25057  classification
shuttle 9 43500 14500 classification
phishing 68 8844 2211 classification
mg 6 1039 346 regression
abalone 8 3133 1044 regression
housing 13 380 126 regression
space_ga 6 2263 754 regression
cpusmall 12 6144 2048 regression
mpg 7 294 98 regression
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Table 2 The test MSE and training time corresponding to the optimal model of various methods

R 2 BT AR ROAER N A9 MSE LLRVIZRETIE] (s)

RFFDG-RBF RBF Nystrom
Datasets
Time MSE Time MSE Time MSE

mg 3.9255 0.12445 4.3911 0.12447 16.4355 0.13899
abalone 19.1972 2.08955 50.1547 2.08954 39.6284 2.08956
housing 0.8844 3.95715 0.9331 3.79092 9.3699 5.26112
space_ga 12.6758 0.10880 25.6076 0.10880 29.3953 0.10881
cpusmall 61.3288 2.96858 201.8996 3.00552 93.4866 3.03640

mpg 0.8549 2.70737 0.6004 2.85580 7.8191 3.42480

Table 3 The test accuracy and training time corresponding to the optimal model of various methods

® 3 B ARR MR N A9 E TR AR IZRATE (s)

RFFDG-RBF RBF Nystrom

Datasets
Time Acc/% Time Acc/% Time Acc/%
ijcnnl 285.526 96.68 1537.922 96.69 427.597 98.24
a8a 547.090 85.26 8506.023 85.26 632.908 82.90
letter 209.395 96.74 656.080 96.74 675.339 96.74
w7a 5144.605 97.23 9938.427 97.35 5106.867 97.05
shuttle 219.801 99.86 1490.305 99.86 862.808 99.77
phishing 31.422 96.88 326.978 97.06 58.124 95.86




S0 2% B e o 30 AL 0 A% B gk R ASE TR A 0T IR 4
RBF #% ) W48 22 100 2 K@ k. RFFDG-RBF 4.
%5 R UG RBF #% UL & Nystrom U {0077 1575 & B 4
bk A ) S O ASE AR T S PR 2 T R ZE A SR
RIS BN 2 R 3 7R 3R 2 9 3 Rl 50 B (1
SRR AN Ty R 22 DL R P R IR ], 2 3 R
3 BN N PR s I A AR A v i 2 DA BT 7 I
I TH) o

M 2 AT LATS i RFFDG-RBF 532 s L AL frg )
I J7 1% Z£7E mg, abalone, space ga, cpusmall, mpg %
4R b EE Nystrom TG AR 577 = 2/, IF H.
55546 RBF 120} B 1) e A 8 35 75 i 22 AH i BROAH 45
£ housing £#i4E F377 R EEOKZ H T HUREA S
FEARREUN, Bl Azl — @ B BRI T7 3
ZIWE, “EREHEAERNEBIEESY, RZERSAHT
/o F H RFFDG-RBF #% 1 UL % 1E mg, abalone,
space_ga, cpusmall, housing #5484 - {7911 25 Bt 75 B[]

HREL 3 AN 30, FEREAS B AOK (1 4045 abalone,

space_ga, cpusmall H IR MR BE IR . @ 3% 2
SIS S5 RULH 5 AN MR 4R 11 RFFDG-RBF HE#R 5
BT 55 S AR 3 07 R 22, TIE B A SCHE
H 0 7V AT DLEE SR FH B A S Bt R i Btk |, 9F

4.3 BM7 AT IR R B A9 IZRET 8 LR R
REEREL

L e R I 5 A 2 g s e S 31— A A X
UERPRAE S () b, HYERER Do OGS IAZIE AU
SEAETHSE T DUl S A Sy M N, SR 46
Bt AR B RS B N, BT DU SCHR A A X
TR 46 RBF %, FERUBLHCR 8 4 bt S8R 1

500 { -m- RFFDG-RBF A

—&- RBF /,/

»— Nystrom .
S 400 7/
= 7
o /
© s
© 300 - i
7] P
2 7
£ 7 £
E 200 A
(=] o
£ i

L

£ 100 1 PR .

& 5 L r_-_._.-—'

.-—'"“:/ _.-____‘____.-"'"
ol W=
1000 2000 3000 4000 5000 6000

Number of training samples

HAz IR A7 i ide B AR BT 19 JR 4R RBF %A
7y

MF 3 7] LL75 H REFDG-RBF 595 1 S A A A ()
R VEAf 2 7E a8a, letter, shuttle, w7a, phishing Z{#5 45
B Nystrom 775 I#ER R 5, JF B 5 R G & ik
B A B A %5 . 7E djnnl $¥E4E E RFFDG-RBF
1%L Nystrom 777 T #ER B IK, {2 RFFDG-RBF %
TR 2R AT SR 5 IR 46 RBF A A1, JF
B R KIESRET . 5340, 7E w7a BE4E Bl T4
PR G FIRE K, 33 RFFDG-RBF #i%1%
PERHIE A RI4E . D AH R K, (H A7 LG Nystrom 772
AERf R, R ELAAE A 2R 5 R 4G RBF A% AE A R AH
It . [F]AJ7E ijennl, a8a, letter, shuttle, phishing £ 545
I~ RFFDG-RBF 5% 15 B 39 $ 1 50 80 % A0 L R 4f
RBF 1% L J% Nystrom S 77V B THE 0% B & 5t
7E w7a U 4E | RFFDG-RBF 52304 48 2 i [A] 475 9%
LU R 46 RBF A% A5 3144 2 B [ 4

ik 2 FR 3, ASCIRH N SIATE B iz i iy
R KR EE = v AR I R, CRAIFAZ U AULTE (3]
B 4E b3 iR 22 5 R 46 RBF AR, 7545 283
EAE FIHER % 5 545 RBE BAHIE, R4 & k%
BERY (13 BT T AL

PETHE BERR R o A 5258 3 I AE [B] A 248 52 cpusmall
oy BAH R 4E shuttle F 475050, % RFFDG-RBF
55 546 RBF 1 DL & Nystrom J7 7% [ 45 7 %6 35 45
RATRTE . BEEFEARRBA G K, 15 tH I ZR )
I T 2 A A P R 32 R 1 K88 i 2 A K
TR A A R

-Hm- RFFDG-RBF

il ..\\\\\ —- :BFt )
—— strom
« \\ y

W w
Ry [=3]
=

"
f
!

é

’ g

Test MSE

W
)
'
!

’

3.0 T

e

2000 3Db0 4000 5000 6000

Number of training samples

1000

Fig. 3 The training time and test MSE of the three model selection algorithms increase with the sample size
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Fig. 4 The training time and test accuracy of the three model selection algorithms increase with the sample size
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