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Adaptive Online Kernel Density Estimation Method
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Abstract: Based on observed data, density estimation is the construction of an estimate of an unobservable underlying probability
density function. With the development of data collection technology, real-time streaming data becomes the main subject of many related
tasks. It has the properties of that high throughput, high generation speed, and the underlying distribution of data may change over time.
However, for the traditional density estimation algorithms, parametric methods make unrealistic assumptions on the estimated density
function while non-parametric ones suffer from the unacceptable time and space complexity. Therefore, neither parametric nor
non-parametric ones could scale well to meet the requirements of streaming data environment. In this study, based on the analysis of the
learning strategy in competitive learning, it is proposed a novel online density estimation algorithm to accomplish the task of density
estimation for such streaming data. And it is also pointed out that it has pretty close relationship with the Gaussian mixture model. Finally,

the proposed algorithm is compared with the existing density estimation algorithms. The experimental results show that the proposed
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algorithm could obtain better estimates compared with the existing online algorithm, and also get comparable estimation performance
compared with state-of-the-art offline density estimation algorithms.

Key words: density estimation; Gaussian mixture model; data stream; online learning; competitive learning
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AR, 0 2 0T BT AR A B, 2 2 S HT BT A FEAS I V) 7 22 38 1o 23 b S50 48 i = R W D7 22 S M 1) e R AL
{45 AR 543 2B A1 3G & 20050 HE 5 7 12

u=p +%(xn -u") @)

/unew =X, 2

s nT_IErH n nn—zl(x" _Iunq)T (xn _ﬂnfl) (8)

FERXATHT RIS HE 2] S Py A 2 bR T AT AT LB X B S SR B SRR S O e, Al

© TEBREEEEIEDT  htp/ www. jos. org. cn



1178 Journal of Software #AF%#. Vol.31, No.4, April 2020

B TR\ 00 B IR o

#(x16")

= 9

18 ©

LAY 1 650 e 1 2 A S0 9 B 15502 SN EL AL SUBL 0 S B & 76
B4R OB, B 4 LR SO 5 T

n=n"+r (10)
_ 1 _
%=%lﬁ;@—%ﬂ (11)
k
n—1_,, n -1 Vs _
21:: kt Etl+ kt z(xz_/'l1:1> (xt_/ul:l) (12)
ny ()

Ferh g SRR B o 39 20 0 S B0 K K L g BRSBTS R N TR NN BRI AR S S Th A
W B E SRS E T S BCE R R R R S TEAES A B ERES S TR E ST &
WEA T M 2T RE1, T2 S A A 307 20 B 3K A BT SR I JUL IR Ak Dy B iy 397 20 A ) 156 DL
23 REKXR

XoF T 5 B N P v B A T 55, VI R A BV 2 M B O R BRI B BRI e e
A AE H AR A 2 8 R SO A X3 e, T L e 5 i 0 % B A B IR, IR AT A A & T RSO IR Hoda 1)
Iy A 3, T U R JE VA 2 B RS 0 3 A A5 S AR ST 48 A3 e A 0 iR O, — A A I P X
e B AR 2 5 B — Uk B 0 B A B A AR L (B 1% B AE R R IR A — B ST () AR T BEAS 2 B
FER N B 1) AR IR 5 L DR X 2 23 Bl X AR /0 5 15 R B S R b A AT 0 % B A T R v R T B 3
BV M 2 S0 7 A D et T 0 R ) SRS YT M ) A S A 2 3 I R R 2 5 TR B AR A BRI R T

A Dy — b e A oA DU, AT A8 P vy 4 2 B PR A P 1 2 A R i 8 L 2 5 R i F) R P2 L MR i, R
M A0 A B RA T 0T FA 2N A A ORE S T A MR O AR R e 0 0 R L% AR D R, T et
SRR BT 2 RO R A

K
n=

1
% (13)
Forb KON R i B H A 21l A NN GREE AR (L B E SCSE0A), 50 R I8 L5 RO Zhke A % /b
(A Bk RS SRR R B S Seere, 3658 LUTF:
S ={Cli € {1,2,...K},n, <vit| (14)

Hor, v e (0,1) A & S H QRIS A AR b A B 1 e 5 Tl A 22 DU L A K IR R L
BN 2 J .

fE4eH GMM. E I 2RI %A R 7 148 S 5 00K 1 2010 35 43 2 10 AN 40 TR AR T A D 45 Hh A B A 2,2
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FE— 52 1% 2] B8 1P SR (3610 S5 B B AN T ME B AR T 20 BT o4 e BRI B & w (% o (v)
55 8 AR R 5 T R B p () R R R R p'(x) e p(x)”, Forr, el BRONIBOK Rl F (magnification factor), fif F AN [F]
B SRAAL R B =15 B A R o
BT @ WNESIEFRIFMRE] ¢« B 2L n IEHTARYE L B RIBUE TE 3T 2 20 G A i B ) &
e(@)=1/n I, A"
w e%ixl (16)
t=1
bk, AN 0 B 2 BUE LR TR 2 5 BN & o I SReE AR I B8 NGt 22 (0 B EoRE A
PR TCIR B T R SRR A A AS B AL SRR Al b3 W] IO & e n R B P 75 245 B MR B A E B 1
B oy 045 BLXFE A TR T Y R FOE e AL IR AR T — AN R T O 2 R R X W 2 R AR A
Tz T A B A A0 (5 B T A B & o B RATA BRI TG E =0l X B ,0>0 & — AR5k
b b, 13X 0] BLE AR 2 AT Al 1 B 07 22 B8N J7 1w B ARG I T — AN IE K AR B 51N IE A 2R 2, 3R
PRAE T A5 TH 5 W Z 4R — @ R IEE N % 2 A B2 F IEE RGN T Vv =0, BATEA:
VI(Z+ol)v=vEv+ov v=0+0v >0 17)

S ol P S BR b 2R ARl T 8 BE Al o o (07 98 2 80, 9 HL B 24 4 B0 B A5 A X /) DUk G 21, S B
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JR WA AT AR AAT B RS AR, 5% B A A [F) 2, RS b B AR NB AR 25 5 I 0L & A 1% 0L DR R T
FRATT A AL v I 55 B SR BR 22 100 307 B840 11 o N B 77 2 R B T A ORI B ol R . TR b SR £ 4 ¥ T =X
5 38 N EEAE IS AT I 2 v B BB AR € T, BE B DI 2R B8 102 W 18 22, ] DAL IE Uk R 3 0B a0 T 0,3 15 5 BL
FA) Ak T B % B8 D02 3 B SAEL BR A FRATTIE T LA D T B A R R AR X — A R S ST B
7 ZEFEREIG N — AN TR IO 821 FRAT Se B M\ Dy Wip 77 22 56 B SR v 891 40 A7
T (7 R B R SRR AR (R S B A B 2245 BN A T S bR R 4B T — AN SR A v T 0 A 1T e A
F T A AT I AE S 25 FE A T BE B A% O A VI 53 AR v 45 RS — BT [, B 2 AF T T EL 23 A7 AH AL I 0 22 T J
I A G I DAY/ 6 22 T P 403X A A A O 8% 1) 55 2% B R 448 A AR 45 ) 3 1 A ) AR R
A&, 2 B T ek 1 U vy 700 A 0% AR AE I, X A0 07 30LF AT LA VK 55 LR TR SRR B, i SR A A A 2
I, B 1A B K 1 38 L DA % 22 A w8 43 A R I ABLRE 77, 4K 98 B 5 40T Bk Jt ok JiR. HB B N4 10 93 A
32 SESENY K
TEH NBT R x e RY I FRATE A S W0 B IS HL T, R e % i 4 B 02 5 B0t B L 75 P AR s
Br B e T 5 o3 BRI AL 3R AR ST AN A SR S 2 IR 0% R A0 AR AR AN R ER B RE AR s B — A A A
IR AKREE T BBEES Do) E X, DA (x) = (x— ) =7 (x— pa) WUIRM — B9 dOREAHR 45010 12 40
}(‘(x): zd/zrid/z)xd/Z—le—x/Z (18)
Wy AT B a3 L 50A g7 ,, BATTERIE P[;{2 = ;(j’aJ =a. AL %G E—NEEE ¢ I RBATEEEAR
MIEAE S IRER B Dy(x) BT 8 U EAER A D (x) < T2 WS BRS¢, 84 8 v AR R Ay
PO} () <] =P[(x= ) 5" (v 1) <T* | =g (19)
TREANEHZNSE T LEEN T, =\/E, Fort g A 2 53 Ai 0BG E (5 T 80, 6 552 B B FH o J
B KRR 0.95 Bk 0.9, 1 AT LK HL M — AN H /N T 1 ELIZH /0 31 0.95 853 0.9,106 T 1 M 0 A 8 o
SN ERIE A 2 i A T PR B 3 W 35 b o 222 30 B P 1) 0 A 2 1) SR 22 BT X S8R 00 5 A5 0 i T B T v
I3 A AR, AT B A T, 9 2 DL MR A AT A TE R = M EHML B — N a2 HEELEE L
(RYAE A A e Wi S5 AR IR A . B 0 BAN T S B B2 FH IR B 4 7, = 7, \/E, EH,p, =12 E5EE RS
B, BRI T I BLBES n, W3 KM R X AN SRS 7] LSS AN m B 2> ETEVIAE B B Re B8 B 9 ik i 35, DA
WE T 2 B FOEAT B S SR B E BRI 2, g, SBERCNFBI T LT BT
X g SEFE AR w5 37 20 B T LA B — b R 1) 28 SRS AE A ST L0 80 20, AT 77, =1+1.05"7"
33 5EEHREIREKNXR
F — & 0 0 AR 2 M s SR Al 5L 46 %) 58 B R A AR 5 R TX BE AR SR A ) Rtk B ot ST R 1) B A SR
£ 3 T 7 A (prototype-based) ) 27 =) 5012k 1) JE A FE AR 3 184X 26 P 1) 088 9 7 O JR Y (prototype), B A1 138 ' LA
Tl SR T AR (10 4 Aii 5 5, LA k-means M 854 T2 0 it i — P S8 1 JRU Y k-means 55 T3
b RAEH T FEA R EAR B AR T BRAT R A DUA & AR rh O vt 5K B REAR I B 77 22 08 5 R AN R 2K
R — A WAL A I SRR T AR A I A i o B AR MR B B AT R DR X 2 v 4y
TR A, TR 8t k-means 753 7 —4> GMM. 352t s fn ik, W B8 B 7T PLE B :k-means B2 ()18
1T FESEBR B AT BUE AR 2 EM HE R H T GMM B B RFER IS L. 28 11, k-means F1 GMM #5725 26 sU I 2% 5] %,
I B BEAR B AR I A6 I SR X R B B KRR AR T AR AR
MFEFPFEEE E AT PL3E,SOINN f2 X k-means 592 1 — Pl i A0S 9 07 20, A1 42 B SR AT DU 2 1E
SOINN (1)t 388 0 7 50808 43 A 1 B 7 2245 15, [ 43 54~ SOINN #1 22 o 5 5 40 A (W Rk e I 8 N =F & A
B i 4 45 R B/ BRATH HE SRR ERECH T — Ml 20 GMML AN 1 2 T AR & — A3 A 19 & 1 =, 40
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& e A B R A, T B AT CAzh 25 2 Rt w] DA sl 25 W B B A T 5 008 20 A1 T 8 A B 535 1P
UINERAZAR T () 5 925 A2 6 A 2 8 10 2 5000 U R UBR A F, eht T AR SN — SR 1T 2 M e 13 21
BB R AR T8 A EM SRR IR GMML BTS2 A 1 e 52 PR WAL 8075 2 AR AR B0 B K a2 2
()R A B0 x RIS A% G2 1) EM S35 75 X 25 A5 2R () 5 A v B 20 A1 A — A 4 =) 10 BT I A R AR AT DARAIE
G HBHE (1 19 SR ADUBR AR, SR T, S A B X = (1 B T 43 A AR 78 5 BER SE AiT L e 2 S) B B B 2y i FL 8 5 A N
B J5 F SR UL, IO R i AN Bl x AR Z T S48 2 S B 2 A i R I 2R e RO — NI R AR AT
BEXIZ M E RIS B R A o R BRI (0 85 R OX 5 IR ASE 422 S 8 26 Rl ) SOMN. A7 1RKANAL,SOMN . BL
SOM AL AlHE AR $2 1 T — A AR S B R (2 1l T SOM LAY | & 1Rs fLIE IR & 7 BRI &t 2
(] FR) 48 41 45 4 7 L9005 B, 0 LA 2 A1 32 8 24 K B0 B ), AT M A BEAR A 5 I i 23 S50 90 1) 2 A1 7 0.
AT S 5 A XA BR ) 30 e D B — A e 07 0 B 052 — A 3 L ) A L2 0 {2 i, mT DA 3 26 1 8 o i = A
i 73 B O T R B, (R I AN BER S A e 2 S B A A5 2.

4 SLIGLER

N T SR SE A B, AT N LHOE S M B Se R 4R Bk AT T 85 BE Al SRR, I S B IR A BE Al T B
VEHEAT T O EE IR S B VR B A% 2 A 7 (kernel density estimation), H 77 55 5 BON & B 0 AR 15 LR B S AR AR 1
FH AT 50405 1 3 Sk X7 R AT 98 S B0k B A% 2 FE Al 1T (kernel density estimation with bandwidth selection);
15 BT A 15 84 (Gaussian mixture model); & # [f142% % & i 1T (robust kernel density estimation); #8248 2 F& i 719§
(reduced set density estimator); k& T i #2 4% % B2 4l 11 (kernel density estimation via diffusion); 7t 2k % % £
#i 11 (online kernel density estimation).H:H1, 5 oKDE FIFATHE A SV RENE S B AE 28 2 o) Homh B R 48 H RE
BRINGRR 2 T XS BRI EAE B

Table 2 Comparison algorithm for density estimation

T2 EEANUN AR

F5 AR A T KR
1 KDE Kernel density estimation Offline
2 KDEb Kernel density estimation with bandwidth selection Offline
3 GMM Gaussian mixture model Offline
4 RKDE Robust kernel density estimation Offline
5 RSDE Reduced set density estimator Offline
6 KDEd Kernel density estimation via diffusion Offline
7 oKDE Online kernel density estimation Online
8 (Proposed) Adaptive online kernel density estimation Online

41 ANI#HiE

AT e N TEIEE LT 7 5 B AG T B SR8 8 T g2 Al 45 A0 vE R PE, FR AT R T LR S
2 AN — 4 = 40 A 4 AR XUASE (bimodal) 73 41756 N — 4 = 1 43 A 41 A IV (claw) 20 A1 DA e 3 A 4k s i oy
Aiv 41 A IR A (mixture) 73 A 31X 6 5085 48 19 7 A B AR B AR R L3R 3.

Table 3 Information about artificial data set

*3 ANTHIREREE

2
1 Bimodal lN[O,(i) ]+1N(5,1) 1
2 10) ) 2
2 Claw v+t Ly 5—1[i)2 1
2 10 {2 “\10

S X 6 R L I
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FRATHR M TR % B Al o B i R B S8 & N oy, 1m,4,v), 18 5258 il E ¢=0.8,4=1000,v=0.1,1% 3 4>
2R 10 B B 38 P, — SO T LA 14 1) R3S . IE DR T T 0 A YD, 2 B BRI 2 R v B 4 BRI g
FHAT T SR h BB g, =1+1.05"7", T2 H00 LL B RO T BRI Bl e 1 48 3 D T8 St
HF o EUE 0.3 0.1, 0.5,

T 56 AR FEAG TR RLEVRAL R R I A0 (GR 3 AR 1 N EEAR), UIZRAR B 3 000 /44 ML 28 % 1 vR 4
0 A 2H R, 45 b A VSRV A 0 1 R E 2R P 2 s (P R 2 S S R R R AU, T 40 €
2 ) of 7T P Ak VA A B MR T R ).

True density Kernel density estimation Kernel density estimation (bandwidth)
2
il —TRUE 23 —TRUE 3 —TRUE
201 2.0 — KDE 20F —KDEb
1.5 | L5 3 1.5 'I
1.0 | 1.0 | 1.0 [
0.5 } | 0.5 p ost ||
L S LA e, 1\ e

o 0 2 4 6 8 0.0 0 2 4 6 8 0.0 0 2 4 6 8

Gaussian mixture model Robust kernel density estimation Reduced set density estimation
2.5 25 b 2.5

—TRUE . —TRUE - —TRUE

2.0 1 —GMM 2.0 ‘| —RKDE 2.0 | —RSDE
150 || Lsp Lsp ||
1.0 \ 1.or | 1.0
ost | ost || osr 1)

I A IR e AR e S
00 0 2 4 6 8 g 0 2 4 6 8 09 0 2 4 6 8

Kernel density estimation vla diffusion Online kernel density estimation Proposed

2 2 25
2 —TRUE 23 —TRUE 9 —TRUE
2.0 1 —KDEd 2.0 —oKDE 2.0 | —Proposed
1.5 I 1.5 1.5 f[
1.0 Lop o 1.0 I
osf | ost || 0.5

Al e A e 1 Pl
W= =24 ¢ 3 M="¢ 2 4 6 & W= 24 6 8

Fig.2 Experimental results of bimodal distribution

B2 XU A SE G 45 R

N 2R 45 R p AT AT AY)SE E B),GMM. KDEd BLACFRATI 4 H i Sk s s 52 1 T B s i B
it £&. 71 KDEb Al RKDE B8 el 73 A A4 v () vt e 20 A #0459 AR (ELR X 4 3 75 Z2 K 1 e 7 20 A
At b 2 mh Al D DR A B X0 RO IR PR A VA A R LR E 1 2 R [ 5 2 M P LU A REAR 4
I 2T 1 )5 #8 A2 4K 17 KDE A1 RSDE A oKDE # 8 S gl &5 17 A 0 7 22 BOK I v i 2 A (EL R e ATT AN fiE
A7 2R e N 77 22 0N B v B 3 A REAT Al R 0, 5 (R S R A T SR A L BRAT I RS B T SR I A
A TSR AR 2 ) S0 ROR

B 57— AR 3 A G5 A SN R 2% 2 AW TR 73 A5 (R 3 B ES 2 AN EUEAR), VI REE R 2 th 45 58 3 2
BRHUH I 3000 MFEALAL, SCB T GMM AR 18 2 A (B v 70 A B0 BB D 6(RE s e i 2 4D,
BREIRA R A R 2 a3 P (e S € il 2 I8 30 ST M A R B K, T 2 € 4 D) 0 2 2% o o
i TE SEVEAS B M 2 8 I v ). A2 % E i 26 1T rh AT AT BLYI 2P A I,KDED A1 KDEd 7E 82 2% 70 A fi5 L 1 R 4
Mo 22 7 S B 2 AR TRATTE ] T e i S LB GMM 50 iR 31 = 6  FE A A, B R &
(LA .RKDE M RSDE L AAXT b 8] & 4% A2 4k (1 70 A A T B b (ELAR X 5 P 4 23 415 RKDE JL-F- 5047 #E4T 41
#,RSDE 1487 Hi 25 i) 5 DR WU L5 99 55 oKDE - Ak T 485 SR AR5 13 R REAR 4 oAy 412 31 Jm) 348 10 85 P2 A2 40 8
Jev BT H R B v 18] AR A e A2 % D s 2 98 0 400 B SEOR B AR AT 30 SIS B 0 A1 X P ) 2 At A G b it
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AT 7 ARER PR 5 A S L, FRATT (0 SR R SE B T AR 0 R A T AR

Kernel density estimation (bandwidth)

True density
0.8

—TRUE
0.6

)

a:o _2) 5

Gaussian mixture model

0.8 e
—TRUE

0.6 —GMM

04 [ ;

0.2

l]‘l] )

=4 -2 0 2 4

Kernel density estimation vla diffusion

o
0.6 I =

i
0.4 fil Q F
w1
0.0 e

Kernel density estimation

0.8

1183

0.8

—TRUE —TRUE
0.6} —KDE 0.6 \ 1 ; —KDEb
0.4} {HM 0.4 M N’lﬁ
i A h
0.2t ’/j \ 0.2 IJ jrvy
M 3 8 2 8 00— 2 4
Robust kernel density estimation Reduced set density estimation
i —TrUE| 8 —TRUE
0.6 bt —RKDE 0.6 1y —RSDE
0.4 ﬂw 04} MNH
i |
0.2 1 0.2r 1 i
A ) ;
L 0 2 4 e 0 2 4
Online kernel density estimation Proposed
—TRUE i —TRUE
0.6t —oKDE 0.6 ] ﬂ . —Proposed
0.4} f} | M 0.4 UW\ ﬁ
02t /J L 02 A k
0.0 -4 =2 0 2 4 0:0 -4 =2 0 2 B

Fig.3 Experimental results of claw distribution

True density

5 <TRUE

-4 -2 0 2 4 6 8

Gaussian mixture model

-5

-4 -2 0 2 4 6 B8

ion

Kernel density estimation vla diffus
st ___ <>KDEd
0 b

5t

K 3

TG 5 A S 96 225 R

Kernel density estimation

Kermnel density estimation (bandwidth)

5t

-4 -2 0 2 4 6 38

Robust kernel density estimation

-4 -2 0 2 4 6 8

Online kernel density estimation

3

-2 0 2 4 & 8

Proposed

—s}

Fig.4 Experimental results of mixture distribution
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95, 3 — 35 0 5 B9 0 . 6B A 1 3 A 0 A AL R T TR A A G P B8 3 A
554, WS 6 45 SR T DA 0, TR R M T AR ST L GMM 9 145 5 52 3R 3 B2 092 40 4 KDEb A1
KDEd 1548 5 T 10§04 T i A 50 7 A2 oK DE. [ A3L3E T 42 ) 25 LR FOA 1, 5 — S 3000, H
3o T AR 0 4 8 ) L4 1 BEAE R B4R 87 KDEA, 3 L LA O 22 4%
Wi B A5 5% oK DE [ £ T4 52 88 IV .

Table 4 NLL value of artificial data set
FT 4 N LTHHRE LG EA SR E(NLL)

Data set KDE KDEb GMM RKDE RSDE KDEd oKDE Proposed
Bimodal 0.986 4 0.950 3 0.9255 0.950 4 1.4402 0.925 6 1.1170 0.9347
Claw 1.2620 1.2126 1.2815 2.3070 11981 1.1951 1.2858 1.2075

Mixture 3.826 5 3.778 8 3.763 5 3.854 6 39137 3.768 9 3.8137 3.787 8

B o J e P T i EL A 1 B LR, AT B S S A R VA AR I 2R AR AT B AL T SR R AR 4R
A 35 GO BUBL AR B (negative log-likelihood, il FR NLL)AE Ay Aili v 55325 (4 1 4 v DU 2% BB AIC, 3 WA 28 o T
X 4 5 A0h AR B K, 78 RIS 8 P A v 1 1 240 BB A e, DI AN A B DR U, 6 T 28R At A . 4% o
fETFSEEE L E 3 DN THEE ERSCIR 45 R AR ACKARARE T RAALRAT 3 AMELHE s in T R 2k i 9 e A
fB). AT DU H AR Rl U S SRR AR b SO0 S A A I 5 1 23 B 3 ,GMIML R R A X 73 A7 Al
TR A o3 A1 BSR40 R I A A U Y DR D BRATIASE P e D8 ) st 38 20 8 ) Ml e, tha 0 o e e 77 NILL AF:
N FEAG PP FE AR (K47 2t KDE W 7E 3 AN Al LU 1 3 4 At ok 5 R AL 1 s 2 00
S 10 % A T B T FRATTHR H ) SE AR P A 0 Al L ERAS T 5 S BV 2 ) S0 45 2R R ) 2 B L R AR
LLSIER) oKDE HIftitH45 RIE 4T 256 DL B & B N TR AR LR Sei 45 R WP I0AIE 1 AT ) B B
R 25 FE A T SR I A Rt
42 EZLHE

TATEAE PSR B A LREAT 185 BE A % L s 56 43 F A 0 460K 1 T UCT WL % 1 B UR LIBSVMIH,
HEFEE L 5 3 6. Hp 38 5 8 7 —SfURME S, R C A SERE AR IR Z (R T A4S
BRI R IFREAT 2 B SRE OGS BRI, D 1 9%l AR 2 Pl SR I R AT AR 6 B 1%
PRI UE oKDE FIUA ST AR Hh i S AL R MBS 4R 1 1) 2% 52 ik 11k e

sk 5 b e MR 4, 2 5 0 SO0 A R A T SR AN E N e R L ROAR [F), O BB B A 1 A
B FEAG T 10 23 S R S 06 B B T A B B BRATTRE LI 3 70% HOREAS F AR I 284,300 T 1) 30% H 111
U T8 FLAN T SRIR AR 55, AT B NLL AE P40 i L 75 2 R 95 R L3R TCRUIAAR B T e AR ATl 3 ML Hoh
IRINN R e B R Rl A B AT LA 1 SCBL T 5 KDED BLJ GMM(fiE i i Ll 2 %) 22 A
Z BT RE, T HLAE KHE > Bt £ LA B LRI R AE 2L 5EVA ) oKDE fili ) 45 2R 58 47 % 70 AE 55, A 14
73 FEHE AT 907 4 U, 75 20 i 45 SR L3R SCRELIR AR B 1 e LT 3 ML rh i R RIZ i o e L ). 5
o) A TR AN [i] 5 o P A T ) 2 SR mT U D A e e o SRR B AT T o S il T 48 A SR 2R AR 08 )i 46
S A 425 R DL 28 A5 2S00 5 B A SR 45 R R AT DUt BRATT ) SR AR KT 70 S B 46 1
B2 7 s LI 7> HHERG 2, F B4 T8 2 % B A 7 5195 oKDE.

Table 5 Information about real data set

®5 HLBIRERGED

Data set # of class # of instance # of feature
Iris 3 150 4
Wine 3 178 13
Glass 6 214 9
Diabetes 2 768 8
Breast cancer 2 683 10
Image segmentation 7 2310 19
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Table 6 Information about real large scale data set

* 6 HSELAMBREEREGE R

Data set # of class # of instance # of feature
Letter 26 20 000 16
Shuttle 7 58 000 9
Webb Spam 2 350 000 254

Table 7 NLL value of real data set
FT 7 FLSCHUE AL L SO EUBISR B (NLL)

Data set KDE KDEb GMM RKDE RSDE KDEd oKDE Proposed
Iris 4.402 4 -0.0496 1.3039 -0.0498 0.4005 0.1819 0.570 0 0.073 6
Wine 13.5557 2.6396 4.100 2 2.6396 4.628 5 5.307 3 4.460 7 3.899 8
Glass 9.0197 0.776 9 1.0819 0.776 9 0.5242 0.400 1 -5.1952 -3.076 6
Diabetes 8.087 6 1.0843 2.5600 1.0843 22133 1.389 8 2.1293 1.194 8
Cancer 10.828 3 0.023 9 3.4250 0.023 9 2.866 3 2.774 2 1.603 6 -1.636 1

Segment 18.010 2 -5.0224 2.1533  -5.0224 03632 04806 246246 -27.1357

Table 8 Accuracy of real data set

F 8 FLHEE FAI KRR

Data set KDE KDEb GMM RKDE RSDE KDEd oKDE Proposed
Iris 0.9378 0.9556 0.982 2 09511 09733 0.977 8 0.968 9 0.977 8
Wine 0.978 2 0.9817 0.974 5 0.9818 0.956 4 0.970 9 0.916 4 0.974 5
Glass 0.6151 0.698 1 0.766 0 0.698 1 0.7396 0.6377 0.739 4 0.701 9

Diabetes 0.649 4 0.716 0 0.726 4 0.716 0 0.7316 0.719 5 0.699 6 0.748 9
Cancer 0.939 8 0.672 8 0.967 0 0.672 8 0.944 7 0.9728 0.9252 0.957 3
Segment 0.839 4 0.569 4 0.885 1 0.569 4 09191 0.842 9 0.909 1 0.908 3

Table 9 Training time of real data set (s)
<9 FSTHUREAE ERIEEUIZRI E] )
Data set KDE KDEDb GMM RKDE RSDE KDEd oKDE Proposed

Iris N/A N/A 0.0157 0.002 7 0.002 0 0.046 7 09154 0.034 1
Wine N/A N/A 0.0119 0.001 2 0.002 4 0.110 5 2.171 1 0.041 2
Glass N/A N/A 0.045 2 0.0059 0.002 0 0.040 0 1.948 1 0.0325
Diabetes N/A N/A 0.006 6 0.0209 0.003 4 0.282 1 37.306 5 0.209 5
Cancer N/A N/A 0.004 9 0.008 3 0.001 7 0.163 3 31.3803 0.2390
Segment N/A N/A 0.124 5 0.267 3 0.022 1 5.806 8 305.403 3 0.653 1

T PP R I S B FH BB ), BATIE 25 T B AT IS AT B Rk b, 25 SR AR 9. L+ KDE 1 KDEb [H
N SERR B 2 S IR, B LA IR IR TR 677 8 N/A(not available), 83 AT LLIA A EANTRIVIZR IR 045
A2 T AT B SR IR AF fits 25 TR R B [ b A SRR B2 22 ik S B B2 KDE SRVETE SEBR N H i 75 AR R 1)
W] B — TR 45 A LA #,GMM. RKDE. RSDE (Kl 2N o] 34 £ 2 R £ KDEd B %4t 5 &
LR TE S B R, 7 B IR TR e A 14 R LR HVE oKDE M HH SR 7 AR RS, U R A0 AR AE 4 B bh i
7o B B T A SO HH RO TR 28 25 B Al i VA B LE oK DE 15 2 X T AR, Z IR TR A K S ST AKE S
25 H HE B 008 AT I TR (R I R A TR R S B 2 8 B TR i R M K AR A s i 28 E N K,
[ BB 1 27 S BOREASBOA N REA ISR 4 500 o 52 BRATT B0 (R B 1) 52 24 B2 T A ONKP @), Je b TR 7
d® SRR AFEAR B S Ak P (B A VS 1 7o 307 0 B O ), DR 1 VK DU A6 A S B K

R T RELE 28 5 B Al E SR A R AR R LSRR RATIE N R 6 R EEMBURERT T 2d8sL
98RBT H A 2 E N R RA T R R it B 1L X 34 s b R T EZR VL oKDE AR 4R
H I EE S B EE LR 10,85 7 2 S A 25T 75 I 18], 3 77 NVA 3R 7R % B 1 SR L8 5 — BRI [ (5
KPR BEAT 45 H 24 5 S5 56T Letter B0H8 45, FATM FVLZL L oKDE 43 28 A 26 45 — £ (B2 YT 2R ) ) 2/
22 %F T Shuttle Hd 8, FATH A 4> 8T R AU 50T A1 4B EL LL oKDE 1FR £ ;% T Webb Spam %#i4E
oKDE FI I ZRI A1 HE# K, /0 5 KIS 18] PI TS AR AT 45 A 45 1 T A D AR 00 AR gk o] AAR 38— AN AN HE 19 3 2R
i 26 T LARE X 1T 5, A SCHR H ) SRR B S S B T OB B 4, LA B A 1 S e
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Table 10 Accuracy/Training time of real large scale data set (s)
10 F SR B 23 S AER I SR IN (] ()
Data set oKDE Proposed
Letter 0.4517/1420.4 0.4562/1.2119
Shuttle 0.7978/107.14 0.9460/0.4662
Webb Spam N/A 0.8436/~1h

5 ZRIE

SR T — R R 2 8 LA T 53R SA S & 1 R IR A B AP £ 22 3] 0 Rl i R A A
R i A4 ) M 2 A DU AR, X A 7R 2 M AT S, B AT AR 2 S R B R ) A S K RE T R
SCAT AN A — A B 1 GMMLIE R O RS v i 2 BB — S B e i 5 SRR BLEE B0 B 2 3 s
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