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Similarity measurement method for normal cloud based on
Hellinger distance and its application
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telligent Information and Big Data Processing of NingXia Province, North Minzu University, Yinchuan, 750021, China)

Abstract: To address the problems of high computational complexity and weak discrimination of existing normal cloud
model similarity measurement methods, a similarity measurement method for normal clouds based on Hellinger dis-
tance is proposed according to the characteristic curve of the normal cloud by taking inspiration from the similarity of
two probability distributions described by Hellinger distance. The digital and distribution characteristics of the cloud
concept were considered in the proposed method. Furthermore, the mathematical properties of the proposed similarity
measurement were studied. Two similarity algorithms were then designed for the normal cloud concept on the basis of
the given similarity measurement method. Finally, the performance of the proposed algorithms was compared and ana-
lyzed using numerical simulation and classification experiments on time-series data. Results showed that the proposed
algorithms have good similarity discrimination capability, and their classification error rate and CPU time cost are low.
Moreover, these algorithms were applied to the collaborative filtering recommendation system, and experiments were
conducted on the MovieLens100k film review dataset. The experimental results revealed that the proposed methods can
continue to achieve ideal recommendation quality even when the user rating data were extremely sparse.

Keywords: knowledge representation; normal cloud; uncertainty; Hellinger distance; characteristic curve; similarity

measurement; collaborative filtering; recommendation system
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AP S €. Cy I8 TR — 28, & Cy. Cy
J& TR —2%,

R A TR X e T, 4SSOk [12] = 4
e S A, B IEAS 2SR UL, A S ER
25 = WS A RUE B R, M S ERAREN =
A AR EE B /), U5 BH 2% B 6 T Yk e A AR X A A
R 2 & S, CG2EFEE Xl

8c, = Y [S(C.CH=S(CC), (14)

Hp: R ECRFENZEME, CRERE5CRE
AR Z & Pl 225

0c, =IS (C1,Ca)=S (C1,C)| IS (C1,Ca)=S (C1,C5)

MR (14), % 2= BESFEAS VAR LR 3303
2R EmE2, iE2EFH, HECM Bik&
B M S 25 5 B B T HA A L X 1B HECM
B X A3 E 1 B, 1T LICM 845 21 A 4
25 BB B /N, AL EE X 43 RE 1B 22 . 5 HECM
Bk —M,ECMALREIAMEESEYRT
LICM, MCM, PDCM , HCCM % 145 2| i 4 &
SR, U I T A R i A5 0 0 A A R R X i
4 A X A e ) B, {H B ER i Ze b A R
W H, WE . TERI 5 &R F R E, L E, . H, 1Y
AL B, PDCM A HCCM 15 3] (A #E 25 25 57
FE YT MCM Hl LICM &S 3 S 2% 5
o MR 420 B 534, HECM 5 HCCM &
HHT AT REGEHE, TR E 4 E I /N T ECM
MCM L)} PDCM, it LAZEA X% lLF, HECM Fil
HCCM H A7 547 Mo PR B, 76 3 2 2 A AR DL B O
1 E A AT AT, B A ek
2 AEEMUEEETZHMEC(I=123, 90 ERE i,

Table2 Cloud concept C;(i =1,2,3,4)difference degree
oc, under different similarity algorithms

25 LICM ECM MCM PDCM HECM HCCM

oci 005 1.83 122 174 183 150
oc; 005 170 1.19 158 186 128
oc; 003 164 1.6 154 172 120
oc, 003 1.83 1.17 174 183 150

H# 1%, HECM,. HCCM 5 ECM. MCM
M PDCM BiL#AE8 C, 5 C, ML, C, 5 C;

32 WEFINEHES K
B[] 7 91 e T L 4, R R U A
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IR RE, SR UCT E04E 1 v st 8] 7 1) 5
4 (synthetic control chart time series)”, 1% (4
££53 6 25 (3£ 600 17 60 31)), B4 HHEAC R — B
[ ¥ 50, & 100 178 —2 (40 3), H i Time 3R
600 A% B[] /7 51 &4l , Num fX3% 60 4ERE, 5050
PERCE SIS 10 47 R4, 17 90 17 A Y44k .
R B A R, A B )T 8 R 4 43 B Ak
B I 2k A R0 3 A R A S I AR o 2. 3
4.5.6.10,12,20 4, F A a] 52 5 £dl 7 2 it
e WL 9,
x3 HEFINEIBED

Table 3 Time series dataset D,,x,

mHE % Num;  Nump Num; Numy,
Time; Dy Dy Dy Dy
Time, Dy Dy DZ,] Dy p
Time; D;, Di» D j Dy
Timem Dm,l Dm,2 Dm,j Dm,n

BiE9  mFE T HIEE > KRB

BN EEE]F 50O SE Dy

MW SRR B AHRUE CPU B[R]
Rt

1) X5 Fda 4 . BB BE T 90 17 4E A
g, BIBUERE 10 17 0 4E, BIIZR4E
540 /B TE] 7 5054, MR R 60 B[R] )3 51 4L
P, JF B 8] e 91 A58 A A B RR 4R AL B, RE4ETS
PRy A 2.3.4.5,6,10, 12,20 4, BI4rEl)5E
BAErBBCh 2.3.4.5.6,10, 12,20 Bz,

2) X 43 18— BRI e IR 28 0 A7 306 1)
AR, A5 FI R R 2 S B AR AE

3) 78 [l — 450 Bt = &, 435l Al LICM
ECM. MCM, PDCM. HECM F1 HCCM & =i %&
B — NG dE o 5 A 22 = A2 AH
RLRE, 75 2 AH AL BE RS

4) AR fe 3 A AR, AE B — 4 B A B HOMH
oL B fe R 2 AR Ry A 2R 5 R (i n 2 ZE T, 3t
2x6=12 2; 3 4k}, 3t 3x6=18 25, M), IR
P o e 85 Bt B s R R RS U CPU
B R AR A o

H %% 9, LICM, ECM, MCM, PDCM , HECM
FITHCCM BEAEA R AERCT 4 B R 3 | 40 25
ROV B RS E 22 43 i W &1 4 Rk 4 BoR, TR
Af 44530 AR BE 3158 CPU IR A Gl 18] 5 BT o

Lo, ~LICM
YT > ECM
- MCM

0.8 - ppcm

HECM

I 0.6 | —~HCCM
Ho
=
04t
RS
0.2 WW

0

10 12 14 16 18 20
i

B4 ZFEZHBERFIBEDILBIRE
Classification error rate for time series data of each
algorithm

2 4 6 8

Fig. 4

x4 TRGPTAREEN D RBREEMREE

Table4 Mean value and standard deviation of classifica-
tion error rate of different algorithms under dif-
ferent dimensions

i
SRR
s
SRR
s

LICM ECM MCM PDCM HECM HCCM

0.3000 0.1437 0.2517 0.5149 0.1413 0.1448

0.1563 0.0398 0.0909 0.0571 0.0350 0.0552

—_ =
S N

CPU W/ ft /s

N A N

1000 1500 2000 2500
TSR

B S5 JEZHELEITHE CPURERMN

CPU time cost of each algorithm to calculate simil-

arity
B4 FTN, 4E80R 2.3, 4.5 4E0T, &R0k
B AR R B 8 . iRIER 4 R R TR
#E2%, LICM Bk fe e M 22, HAh J LA R 1 o3
KRBT . WK HREEE, PDCM &
TEAE R e BT 43 S A58 R P 3 i, LICM Bk
Wit A RO 53 A TR R 2 I ik, ECM, HECM
I HCCM B35 AH Lo H At JL AP 5332 43 S B 1R R 4R
AR, H HECM 53 7 1 43 e B 158 3 R bR offE 25 40
/N, VLB HECM vk o R Re i e
U, A, B ECM #il HECM 5% 4h, HCCM 5
LICM ., MCM F1 PDCM %75 AH Eb A3 BEAR 1 55 7 %
MEa e, R4 ECM 1 MCM &k il 43 2 4R
R T LICM Hl PDCM 5592, {H i & 5 41,
ECM 5 MCM 53k (% B (1) &2 2% B 32 % T HECM
5 HCCM #H ik, HBE =&, ECM 5

(=]

500

Fig. 5
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MCM 535 CPU B M4 A S 034 Kt %, R,
2545 % , HECM F1 HCCM 544 15 I 1] 7 51 £ s 42
T EREA B I SRR
33 AEEZRENRTEEEEFRNA
33.1 WRELEMES FikAbik

Pr[A] I 3E (collaborative filtering, CF) #EFZ B 1%
AEACLH P AT R B A AL H 38 2 o B B P 4 D3
SEAT AR X H AR P AT R AT B0 I 2T A Ak
ez, TR0 TR WA 10,

A 10 DR pE A

wmA PR

Wit HERF S UID %30 H 1D A4 R4

1) THE =300 B A B R, o AR 48 P PE 53
TR, 20t H P =300 3 35 56 B R, 35 m 17 H
FLon BVIHE, WEE i F75 j 9T R ry R i
FH Pt A5 H B PE5y, B

i TI'n r
Iy r
Rmx = .
Viml ) Vinn
N = e e

VT 0, FER P IUE AT IS

2) VB PP SR e A AR 1) TR
T B Ry, GETT H 55N P B PF 23 931 2 1)
U=[uu - ugl (1<i<m), ;H\:I:Flug(g: 1,2, ,G)1J€
K P i W EATH D g KIBEL, G T H
PO R o H

3) VR P I R ) i AR P T
BE U, R 0 B — O L 2 i, 38 bt
] 2 A SR T AR B A TP B PR AR i)
V.=[E, E, H,](1<i<m),

4) THE AR BERE R o P AR AL R R
RH

S(1,1)  S(1,2) S(1,m)
¢ S@2,1)  S(22) S(2,m)
Sm1) S(m2) S (mom)

Hr, SGOERRHF i 51 HALEQA<LI<m),
9l LICM ., ECM. MCM ., PDCM . HECM #I
HCCM R ki3,

5) JE B . MR 4 H bR A UID . H P AR
KBS e 1T 7 =200 B H5 B R, 72 P 25 (] 1 A
HxriZm H A E B S Bis P S iEm
k A 5 AH LR B P, 45 3] 5 3 48 8 4R New =
{Neinys Neiny»+++  Neing }» FEH, Nean 5 H AR TP AHABLRE 5
155 Nen, 5 BRI P AL R Z, AR HE . AR 4l
e i AB 4R B Naw JE BUHEZE, 000 H 45 H P UID

St R IR H 1ID BT 43 Pupine A% SCR F AL
- A5 S W A5 B T 43 Pop o' HE TN T
D SUID,u)x 7y,

Ui €Nein

Z S(UID, u;)

;i €Nein

K r WP, MR HERFE U H 11D #9945,
S(UID, u;) Ky B AR UID X3 4B P i, AR
3.3.2 WREEIES FEEHIPHIE R LA

MovieLens 100k %5 # 4 % S i 8 FiI 7 4 1 5%
VA5 B, I 38 2 Dy 58 4T 405 50K 000 2 43 55
MWL B AP o Bl 1997 4E 9 H
19 H % 1998 4F- 4 H 22 H UKL 943 A~ P X) 1682
BB LR ISR E %, 25 100 000 45, %8RS P T
A3 B YR R B 9% 1-(100 000/9 431 682)=0.937
W BUEHE L)L 80% 11 20% Lo 1] K1) 43 Il 25 4 Fn i 3k
£, HEZE T PR 48 b5 >R P 3 46 %0 i 2% (mean
absolute error, MAE) 134 J5 #1132 2% (root mean squared
error, RMSE), .

Z |pi —ail

i=1

N

- (16)
> pi-a)
ERMS = I:IT

Horps W0 A P93 0 p SEBR PR g0 —
JBAE LT, MAE 5 RMSE 8 /NfE 77 o il i . 3¢
ik [3] © B LICM 375 HEFE 8RO T A 5% AR A
M | 18 1E 4 5% AH U A1 BP-CF(back propagation-
collaborative filtering) /7, HUH K S5 H ¥ HECM
A1 HCCM &5 LICM, ECM., MCM #1 PDCM &
R HEREROR AT b o H R B 40 Fa 8K & 43931
B 10,20, 30,40, 50, 60, 45 B IEAE k AW in st
HEAF B ) MAE FI1 RMSE 7284k 23 51 UL 5] 6 & 7,
ANEV LR k BOR [RME RS 9 MAE #1 RMSE 3%
E AN 5 Fim .
098 ¢
0.96
0.94
o 0.92 1
< L
> 08|
0.86

0.84 ¢
0.82

(15)

Pyipoip =

Eyia =

LICM

10 20 30 40 50 60
k

6 IR Kk G INE & E K MAE BUE
Fig. 6 MAE value of each algorithm when the nearest
neighbor number & increases
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LICM

7 EIEBIEAE K IR & E R B RMSE BUE
Fig.7 RMSE value of each algorithm when the nearest
neighbor number & increases

AR E AR SR EA ik BUA BE R X #) MAE
t{E#1 RMSE ¥{&

Table 5 MAE mean and RMSE mean corresponding to
different algorithms when the nearest neighbor k
takes different values

x5

15 b5
MAL 09092 0.8690 0.9127 08777 08697 0.8648

RMSE 1.1638 1.1077 1.1729 1.1231

ME 6 FIEL 7 F i, BEE kM 10 350 = 60,
6 T AH {02 25 2 ) MAE #il RMSE Y 52 31T [
o ghaE 5 F W, LICM, MCM 1 PDCM &
LA ECM, HECM fil HCCM & 1515 3 19
MAE F1 RMSE #B%% /57, #E7#2  A X022 . A L
Z F,ECM.HECM fll HCCM & % 15 3| 1)
MAE Fl RMSE 7E 6 33 b/ H BUE 23k,
H HCCM % #:715 3] MAE Hl RMSE & &% /N¥, #
A7 T HE A B A FE RO, M AR TR AR, U HH HC-
CM BRI — o s o

HRAE il S 25 8, AR 3007 ik 5 H A T i A
FeA an e 1) WA ERURE, R %
ML 3 BT ARAE, Hom T 3 S ARAE it et
FIES =M, 256 %8 T =& LT R
PE, AR SR ES, BETHELMN
5 E, GBI, B LI A& X 43 B R 43 25
AREAT; 2) MITE L RE, Al HECE R AE R kAT
A7 B ) A Bz B8 e T AT RO B R LA is
., 5 ECM. MCM. PDCM % s #1115 5 Ky i
R DL BRI R 5 3) AHETT AR
F, T Hellinger 5 25 & —F £ #U& FL 2 B 2
oS FRARSE SO, BT DL A B B o ME S AR AL A
BRI, 25 ST A AR A s R G s B
AU, ELAG 0 M

4 %5 FAE
A A T B TE 2 25 AR U v A 1 )

LICM ECM MCM PDCM HECM HCCM

1.1080 1.1051

B, 255 IE A 2 FRRAE il 26 LA 454 A1 Hellinger B
5 20 1 ARE S8 53 A AR R A, B2 1 T 55 T Hellinger
P 0 128 = AR R 7 ik, IR MaE T 2 FROE
PP [ =R (Y- N =R S i B Uy € (K = AN NN ]
JFOVEHE oy H S0, WA SO R S B A Oy kAT
XTI, e a4 AR SO VR N T U DO e A A, S
U 25 SR A F A SO A R A e R TE T
i, JET Hellinger B 25 F1IEZS 2 R AE i Z A8 3 11
WAL 2= MR AR DU B DU e B4t T —Fob
I, BB HET 2R IES & S 4 o
Bt 5 PCEEE, 456 G n) 8, anfel kB A b
B RRAE Hh £ 44 35 AH V. A% Hellinger B 55, B2 —
Wi TR R F T AR,

% Lk
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