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Collaborative Filtering Algorithm Based on Multiple Kernel Learning

Song Kaitao, Peng Furong, Lu Jianfeng
(School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing, 210094, China)

Abstract: As a frequently personalized recommendation algorithm of the currently recommendation sys-
tem, collaborative filtering uses the item evaluation by the approximate users to recommend. Kernel
function is an approach for non-linear pattern analysis problems. Ordinarily, collaborative filtering will
choose some different kernel functions to analyse the influence between the users. Since the single kernel
function can not be adapted to the complicated and various scene, the combination of multiply kernel
function becomes a solution. In terms of scenes, multiply kernel learning can combine every kernel func-
tion for a better result. This paper proposes a collaborative filtering algorithm based on multiple kernel
learning. Based on the available kernel function, this algorithm optimizes the weights of every kernel
function to match the data distribution. The experimental result on dianping dataset and foursquare data-
set shows that compared with the collaborative filtering algorithm based on common similarity, the col-
laborative filtering algorithm based on multiple kernel learning achieves better performance. That is,
multiple kernel learning has a better common adaptation.

Key words: collaborative filtering; multiple kernel learning; stochastic gradient; personalized recommen-

dation

ES£WB LAE SKAA S A .
Y5 HH1:2016-05-30; f&1T HH#H :2016-06-20



REF F AT EHFINNRIEILE 497

51

i

Wil 2 L I0C PX )  R o B ELIEXF B L&A 2015 AR T 9. T AL, I B R R L R
fdi 7 B8 2l g L T T S5 A DR KR L BOK B 2 PREE 5 18 1 ik T A% 3 3 19 O20(Online to offline) My, 7 45
BE . AR R ST B B Bl E I A 5 B R A TR B . SR AR R R G B R
FH P 4 5 ) HHERE OGRS VIR S . R XA AR HE R BRI BE Y W TS T —
WFFE AR A

B I I R AR R G P R — R MR R L . 1992 4R, Xerox 24 H] ZE£F Xt Palo Alto
BFSE .0 1012 8 T AR T Tapestry. RS H S AT bW R BE G . 1994 4F . GroupLens
P& 0T o PR I U G A 3 MR BE A R LV 22 W 1 45 Ol A O 4 R T I I O e AR O P P BRI P AR
MR 55 o & T U [ 0 98 ) B N BE T R B T OCHR AL N e TN A S HE R B E LA B By
B 26 B 19 00 o BE B8 A B0 A P A0 HE 75 1 00 50, 45 R UL & i R . 03 [) i e mT LA 43 o T i P (Usser-
based) {4 I [7] 1§ 5 A1 T ) i (Ttem-based) A Blp [F] 38 9 . 56 T 1 7 A P [7) 98 6 38 2o A A 8] T P ok 2t
FHER? 2 BIE BB 1248 T P RO TR AE 248k . (Ho2 e H AT R N F 37 5 1 TP i 80 RS 5 R 7
BT P 3 B 26 B 1 RE & M N B . Ttem-based B3 [R] 8 I 5 12 02 60 P 00 0 43 5008 6 AT o0 A o Bk
30 3 SR P RILRH AR JBE R 23 A I A et 48 i ) S B 23 (B i B P T R BL . A% S 4 B [
DR MR R I H P o Rt el DU AT HERE . TR TR TR S ARG Dl iR
BERE A B P i s BRAL & A5 R . Trem-based Pip [a) 8 i 53 15 BB 08 AN 5 22 HoAth AT P 9 4T Sy R AE 35 7T LA 3
AP PEACHESE . 0L X T 280808 46 0 P ok AR 2 KT 50 H Y 80 X 43 Trem-based B [A] 18 %
HA W] A Oe 3. H3Z 7 8 [RRE A7 78 SR T A% e AR (D01 32 ek 1% e B G HURB AR IBUA% 48 U R I 8 oL OF HL
P T RS AR AR 1189 728 K, 2 T I A 50 A g e [ 8 % U S ) R e SRk 22 AR R A, PR, 4R —
D7 P B G ) AR AR 1 B B T B I D 1 — S R AR

¥ R BOR A AR bl R — R AR M Ay 288005 . b R A4 W T AE 1995 4F i1 Vapnik 4%
2 H Y S 35 18] 5 L (Support vector machine, SVMD™ . 4% pf 0 o — 4~ Al 28 28 B85 S A 2 1] ke 55 3]
e AERFAE S (8] L SR G FE Ve 28 R R T S 3 o DRt A% R B L B0 785 0 1 A ] ] i A g e 2
o 4B R AIE 2 ) 8 2 P T 43 ) A, DA A AR T A0 A A i P . fELTED 6E S [6) 9 37 L R eR R T B 22 AR
K IF HAZ BB I £ B AR 7 B9 BB AR AR . PRI L K 2 4> B ek B 5 0 R0 PR s ) 2 A% 5 2
(Multiple kernel Learning, MK, iR T — AN BUBF 830 5 . U0 48 5K B9 3838 2% 3 L 5] 40 Boosting K
LR A B 2 3] 3, 3 T2 5 MUK (Semi definite programming, SDP) [ £ 82 2 J5 % . fi] 2 2 B 2
2] J5 ¥ (Simple KML) % ERIEB] T 2 4% % 2 AU RR A A LU T R BE AL RR A 4R TH - R RS HEFE . TE 2 #%

I HORCHE S 2 A A R B L HOR A K = ZBJKJ B=0, Zﬁj =1. BRuLz b, 8
T EAESRAE MBGR A 45 . BRIt 2 > R A [ L Al il T A i 2% 34 2 o 0B G R
B0r et

| BEMEE S

1.1 ZEHFEE

R X 2 —MaEsEE H R AN o 7 X 3] X MBI iR K XXX >R, 2 X
FVYa. o' €XHK.2)=<g(x),o(a) > MH K W%k E. K. 2%EE00LEE RN BEEN
—ANEST . MR Hilbert-Schmidt JFUHE AT ] i £ Mercer 254" 38 5, 95 1 LAAE Ry A% s N B



498 HIEREEH LA Journal of Data Acquisition and Processing Vol. 32,No. 3, 2018

Mercer S A 1 25 04 B BB K Corv ')+ 2 J2 56N B 25 1) 7 0 70 BUIZ B0 0O 76 40 A0 35 2% A
R AT AER o040 1L | ¢ (o de<on i

/”K(l’,1‘/)g0(1')g0(1'/)d1'd1/ >0 [@D)

Mercer 4% F /2 5 DI o B0K 360 HOR 5 7 S0 T — AR 25 6] B9 58 20 25 1 o b o 3l 2 Mercer 5
IIAZ RO BV . VAR R B0 R 2 AT T . AV A0 IE R B MR AL 5 R R R A A%

1.2 ZEHIZ

TE T 550 H (1 b 1] ok 08 e 30k v 1 S S B 0 0 2 ) oy AR LR Ok SR AR I A S5 A AR 1 48
S EE Ao R AR RLE T R L R R M R R R R . A% RS T DA
R FE AR TE AL 25 [8) 0 AR AL B2 6 ROt P AR Sy B ] 90 30 B vk v R R B iy vk R D R ) 0 e B vk
rhes T A% GE AR DL B 5 i A H Y BT A R A BT T B R A AR BX A Jaccard B AR ]
A,

B2 IR A 56 B BX (Pearson correlation coefficient, PCC)™ & I T+ FF & W > 1) 12 22 8] B9 6 11 40 56 1
B I R y 8 e [RPE 43 2R T i R 21 380 AH 56 2R KR B 3 22 (R] B AR AL BE A =

Sy = r )Gy — 1)

PCC(x,y) = — (2)

\/2 (., —?,.)2\/2 (r,., —r)’

rel rel

K or BRI p R 2 Iy IRy ., Flr, FORTE 2 Ry b PSR T 1
A 5% AR KM (Cosine similarity) VK P A [ 42t () ¢ A1 A% 5% (E R A ek 1 4 2 8] (B AH L E . 48 n T RS
T I V53 A m 2 1) & A A SR ABLE B 22 X

r,er,

COS(x,y) :W 3)
Kepr, flr, FRTle 5Ty WESmE. || - | FARMEHHR.
Jaccard™* M & 2 B W I AY 22 4 5 01 82 00 LU ML A 50N
JACCARD (. y) = = B § )

KP X 5Y 50l ERT > 55y FE54E.
1) 2 A% (Radial basis function kernel) , M FR A RBF #% , J& —Ff & I 4% o6 %0, 3 3 5 Xk 45 ] v
8 B — B — s o 22 TA) IR B B 1) B o 5k

e —a" || ®
— )

26"
Ao | x—x" (|7 B RRAE 2 1) 5 BB 2 5 R .o R H S 8.

e A M P A S 00 B0 B L R AT AR O A B L I S50y A T A
AW INY

K(x,x') =exp(— (5

dis(x,y) =R X acos(sinxy, siny,, +
COST}y COS Y13 COS( L1y ™ Ving ) ) (6)
P s T s Viaw s V1o TP NIRRT 0 Iy WERFE S B8 o T ANl 2 02 S (B AR 132 By i) 1
JOT ¥ T 5 T 2 ) ) B M B R S DAAR ) AT R OR

LOC(x.y) :exp<fw>

AP disCa, y) E (O TSR ~ 530 y W E SR EVEES . 2AHS 5.

7



REF F AT EHFINNRIEILE 499

2 ZBRFEIFIE

2.1 EREAE
LI kM ZHF ERAZNEAZRIMEEAG T, B1 A1 2ZBELEHEH
A

HRIHR BRI
Sy ERIEN (€T =TTEE L))
& B A &R
R C'c ) C#&s ) (- ) (CBHE )
B2 Cc ) (s ) C=)( H )

K1 ZEERBERIEHGER

Fig. 1 Linear combination of multiple kernel function

AR T IACR AL B 7 B B B IR S VA R Jaccard B RIAR [6) BE A A BEAT R AL A .
HIE R aF

3
sim(x,y) = Zw,sim,(x,y)

i=0

s. t. Zw,-ZI,w,}O (8

=0

2 sim, X o7 B A 28 B 1 % R o, A3 0N LA LR B B R B OIE B IR B AR BT 1L A
BMERBEKRTHT 0,
2.2 EREBIFEIFTE
J3E Sk PP A 7 o M R OR T S AU R A 2 R B . %0 A T IR T AR RLAR SR AR T 4 R
JEMRm . AW
DsimGa) X r,,

Zsim(i,j)
AH SN R i 19 K AN AR5 s sim G ) 258 Bt i Z AR G 5, Z T w 1E
WHj ERESE.

AR SCR P BEAUAS B2 N R AR 2 o) Oy ik %Mﬁﬁ?%%#ﬁﬁ%%%¢%ﬁ%‘ﬁﬁ% bt
B B2 3 308 5 X B AR AR ) 00 G 15 2 SR AR A JBE » DT BE T 22 500 JHE— OB B2 2k A I 1) I 1] 52 24 B ¢
A PP b ) 208 20 B vk 4 45 K R BORT A e/ — iR 2 7*1§j£43»/\ N R ERIR T

loss(v,u):L(P(“U,u)—y(v,u))2 (10)

A PCos) D) F I3 07 20 y (o) T B E
5% R BRI B B SR A 32 B X X CLO) R AT A0 B oK i, R g i BRI

P(iu) =-

9



500 HIEREEH LA Journal of Data Acquisition and Processing Vol. 32,No. 3, 2018

IP(v,u)

(D) MEBRBHEE R (Po,w) —y(v,u) T

(OR HitL . R EH JEIP (vaw) /9w BB .

T yCosw) JEH B P (oo 0] DL 5

iu 2 r;,sim; (v, )

(7 b i=0 SNv
G ENs e ”)7{ = L,
Ew > sim, (v,j) f

=0 JESN

(3>|m1’k *35’ < a;, = Z 7' 51m,(7/7j)’ b, = G%WSlm;('Uej)sltt 'fZlX *ITL/( I'ﬂﬂ:j‘jmﬁiﬁqﬁ/f

Bh sz A2 h bj}ﬁmﬁ*thﬁﬁﬂﬁio
DO XFTF i w B K 458

JP(v,u)77{
Iw ¢

IPCuew) _ b wa —a"wh
Iw (B"w)*

(5) [H I o A 408 2k bR B ) 16 JBE 1

dlossCusu) o 7 b'wa —a'wh
ow = (P(v,u) — y(vsu)) BTw)?

ARSI R 0 BEBILAR BE T R 9 2% 2 J7 0 6 BE SR A SR T T 0 2% bR RIORR BE SR gy k. IR T £
B S R R G R E S R E

A VPR R I 2 R B w

i t  HEAE P - T E X

(1) 38 P33 H - F P Cosa) 3 F 24355550 H o, 8 AR 5 45 SN

(2) X F MR H -F A, SR 3.2, 1 iy i SRR RS B2 o, SR BB BLAS B2 1) Oy 75 8 T %
R w. FHLBEREH AN v " =w' —ap. Hp o HHEK

(3) EBEER ~ ) HENHR R LA TRE KM E L R B w. 55 (1 5

()38 D INZRAR R I ZRA5 B 10 2% 05 B J0B TS B4 T H 9 4B 4k

GOXF Y/ H v, R A2 THE — 2 35 F A B A P A 39187 43, O 38 AT 4r A N m
FUL AT HERE

OO ¥ HEFE G 54 G #E AT U PRI HEFE & S0 i 1 fg

E?amﬁﬁ&%ﬁﬁﬂm%w%%%z%M@%E%T¥W%L*$4ﬁE%%E%%wﬁ
BAFER . PG AR OIS A B A T H AE 2 A RAE UM B e B AR R A AT FE BT S 40 w T 4R
T H 148 i 4R B U AR R UM B AR R AR T R T B A A A R B 3 R [ R
FE RO 2% B . RO, #4820 L AR AR A RO IR FE 3 E 5 40 S A B R LR A O R TE
ZRAF R EEM . R eERIE.

3 LRERSWH
3.1 HiEE

T B UEAS ST 1 7 2k L ST B op K Ak APE B0 45 A Foursquare W/ B 92 80 42 4T %
i,

R AR A VB B 18 P T A M I B PP S £ R D R G B PP R A R O
STt . BRGNS 0. 148 9% (i T - T bl 6k A VT 49 391



REF F AT EHFINNRIEILE 501

®1 AXRFHEEER
Tab.1 Dianping dataset information
P B T i W&
82 475 8 318 1021 509

Foursquare 2{# 42 46 F T B M HL IX 2010 4F 8 A %] 2011 4 7 A A M8 5E. AP 26GH
Z BT RAERIEAr . BT Foursquare 04 42 /2 J@ F — 8k M1 8546 48 DL & DML I RUR AE Foursquare
TR S S RN &) 8
% 2 Foursquare HIEEEF B
Tab.2 Foursquare dataset information
FH PR R P53
2 310 5528 105 459
NS € = U S W W R a7 B e | = v S R T 11
3.2 HEFESRE
TERBURM Z AR w Ja B RO B 5r #E4T Top-N #E#F . XF T4 7 1 e 09 ¥4 . 7E 4
HRGH B SEA F HF, Score) " VERARE . KR Fy A7 L[] EE B R 43 25 4l 2 A5 700 v ofe 1 2R
(Precision) 1 3 1] 2 (Recall) ,
TERA 2 HE 77 A b B9 B0 HERE T S ) DB R

TP
TP+ FP

A 1] 25 P T KB T i e S I HE A R B B R
TP
TP+ FN

(1D

Precision =

Recall = 12)

Fo {82 U 0 2680 A [B]410) 8 F 7 Y 80, o Kk
Precsion X Recall
Precsion + Recall (13

A TP R E S T IELH AN FP R 4E
HHRAEABGEN RREAFERGEESRHIERS 079
. 0.790-\\.
3.3 XWHER 0.785F \
TESE 8 P, SR O SF 2 4 X iR 2% (Mean absolute :
difference, MAE)M™ 3 Al 2 4% 2% > 5 72 v A4 04 25 1%
Bl EHL X IRZE AR T A SRR AR S B AW 0.775¢
AR 19 5 XM 25 2 A0 S 3948, A

MAE =137 f — | (14)

F,=2X

EO 7801

~

0.770+ o N W YO

0765

iﬁEF'f %\?ﬁ?ﬁ{m{ﬁ»y ﬁ%m‘,%‘?ﬁo 0 20 40 60 801ter1£i(2>1120 140 160 180 200
H 00 A 0 AR A K B AR R R R B ) B 2 2% H AR R T

WL, WL . ERBE ) SRR CRAMKAAEEANT  Fig. 2 Descent of kernel factor cost function

W AT TR, EAR SO SR b R E AR

FLIE] B K 1000 R, 26K a y 0.00 002, WLEEIE 2. 7E 60 IR 2245 W% s BG5S L BIK Y 60 000




502 HIEREEH LA Journal of Data Acquisition and Processing Vol. 32,No. 3, 2018

WCAE A B0 2 2 AR B IR AR K BRBCT R i s T A2 . 5 e B T AR A% R U S 205 R kAT B
[F] 208 0 HE A7

AR SORG T 20 4% 2 2 19 B[R] 98 O B3k 49 R L RUAR ARUPE B8 48 D7 3 A4 T Jaccard B VAR BXMX VAR 1)
FEAZIK 3 M7 IE S LSV A RUARARL A JBE 4 T7 3 9 Db () 208 R 2R AT L. #EAT Top-N HEFERT
WHEARIF 1 Top-N ZEL Top-N G E B EAE 1020 ~25% R AW Fy EE R PE5 bR .

0.036 5.0
—e—iaccard
L ——Loc
0.034 s
L ——Multipe kerne
0.032 ] —e—CosinI«)a
0.030 —a— a%%%}% 4.0
0.028 —o— Aggrage
5 i 35
& 0.026 —e— Multipe kernel
0.0241 3.0F
4
- 4
0.022 25
0.020F
. . 2.0 ) .
0'01810 15 20 25 10 15 20 25
Top-N Top-N
B3 RAPEE s 5 S50 45 [l 4 Foursquare £ 56 25
Fig. 3 Experimental results of dianping dataset Fig. 4 Experimental results of foursquare dataset

AR RLF I HE 4R 1 f i A8 BORE ER 30 AR I S L S 1, WA B 3L FE R Ak
VR 4 1 56 282 0 0 U ) 0 U8k 55 3% AH BE T SR AL S8 AR AU B2 o D7 i i B ) D D B 0k L FL (4R
FHT 3.973% ., MK 4, Z M F Foursquare 50485 4 19 — Ik il 44 . (13 76 Top-N # /N, &R A 2R
B2 76 Top-N KT 20 %0 iy, 3 F 22 42 27 14 Ul [ 08 18 530 30 AH BE SR A% 8 4 ALk 32 o O 325 1) P
[F) U8 U0 B AR M BB T AR 4R T P38 Fo (AR BT R B AR GE AR AL B o 0 vk 1 P 1] i D Rk 42
FHT 6.523% . ULBH T 3T 2% 2 20 (9 Up I ik e S0k B A B A i i PR R

4 HRIE

ASCH T — Rl T 2R ) 9 U R IE Bk IR 45 2 ) O ik e . O I TR R S
FEARLAE JEE A5k 5% PO [ 308 90 B0 06 10 5 B AT e R SR L% IO RE 0 - BEWS 11 82 >0 % R BOR BRI PR RE L R A Bl 4%
A A% R RO S I 5 R R IR o A R AR AR 4R AT Foursquare $OHE 48 1 (9 52 96 3 WL AR SCUT 488 1 )
T 25 ) N O R DR P A AR T T HERETERE  HoA A A o (U R AR O 00 Pk 8 L KA o 0 2
B A SR A R A AR KA . A B T RO SR L e A R RS R R R A 2 A T P R R

&% 3k

[1] Badrul Sarwar. Item-based collaborative filtering recommendation algorithms[ C] // Proceedings of the 10" International Con-
ference on World Wide Web. New York: WWW10, 2001.285-295.

[2] Suykens ] K. Least squares support vector machine classifiers[J]. Neural Processing Letters,1993,9(3) :293-300.

(3] HMAR. 28I kL] A3 b#4i.2010,36(8):1037-1050.
Wang Honggiao. On multiple kernel learning methods[J]. Acta Automatic Sinica,2010,36(8): 1037-1050.

[4] Meirom E A. Nuc-MKL: A convex approach to non linear multiple kernel learning[J]. AISTATS, 2016, 51:610-619.

[5] Li Liyan. Gene networks identification using independence measurement based on the Hilbert space[ D]. Hangzhou: Hang-
zhou Dianzi University, 2014.

[6] Lyu Siwei. Mercer kernels for object recognition with local features[J]. CVPR,2005,2:1063-6919.

[7] Liu Haifeng. A new user similarity model toimprove the accuracy of collaborative filtring[J]. Knowledge-Based Systems,
2014,56: 156-166.



KRE F. AT SHFINWHRELLX 503

[8] Ekstrand M D, Riedl ] T, Konstan ] A. Collaborative filtering recommender system [ J]. Foundations and Trends in Human-
Computer Interaction,2010,4(2) :81-173.

[9] Chung Kai-Min. Radius margin bounds for support vector machines with the RBF kernel[J]. Neural Computation,2003,15
(11):2643-2681.

L101 A7 B8y Z2 e 3 T et 20 A2 o 19 o 3 i IR 00 [ . MR 4R 15 A B, 2014, 29(5) : 730-734.
Xi Ji, Zhao Li, Zuo Jiahuo. Speech emotion recognition based on modified multiple kernel learning algorithm[ J]. Journal of
Data Acquisition and Processing, 2014, 29(5) :730-734.

(VL] M A R B I 5 e O 3 i L0 1. TS HLAR 2. 2006, 33(6) - 172-178,
Wang Guosheng. Properties and construction methods of kernel in support vector machine[ J]. Computer Science, 2006, 33
(6):172-178.

[12] Lu Yanting. Research and application of clustering and hierarchical classification algorithms based on multiple kernel learning
[D]. Nanjing: Nanjing University of Science and Technology, 2013.

[13] EATSRE , BE 0 B 04 0T FRAH AL BE 5 1 b 5] 2 IR AR 2 300 LT 1L T F LN L 2016,36(1) 1 171-174,
Wang Fugiang. Location-based asymmetric similarity for collaborative filtering recommendation algorithm[]J]. Journal of
Computer Applications, 2016, 36(1):171-174.

[147] Léon Bottou. Large-scale machine learning with stochastic gradient descent[ C]//19th International Conference on Computa-
tional Statistics. Paris: Proceedings of COMPSTAT,2010,:177-186.

[15] York D. Least squares fitting of a straight line with correlated errors []J]. Earth and Planetary Science Letters,1968,5:320-
324.

[16] Yang Yiming. A re-examination of text categorization methods[ C] //the 22nd Annual International ACM SIGIR Conference.
USA:SIGIR.1999:42-49.

[17] Vassiliadis S. The sum-absolute-difference motion estimation accelerator[ C] // Proceedings of the 24" Euromicro Conference.

Germany: Euromicro Conference,1998:559-566.

EEEIT:

RS (19935, F B+ BF
A RS T ) B S 4
HESE R 48 » E-mail ; sktsxy @

gmail. com,

E (1987, B, 1,
WFFE 7 1]« B0 42 6 L #E 77

BhEEUE (1969-), B, # #2,
WF5E I3 1) AR R

(m#R B



504 HIEREEH LA Journal of Data Acquisition and Processing Vol. 32,No. 3, 2018



