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Abstract Collaborative filtering is one of the most successful and widely used techniques among recommender systems,
However, it suffers from serious problem in sparsity. Sparsity in ratings makes the formation of neighborhood inaccu-
rate, thereby resulting in poor recommendations. In this paper, bipartite network was used to alleviate the sparsity prob-
lem in collaborative filtering. Users and items are mapped to nodes in bipartite network, and resources on items are re-
distributed. Resource approach degree between items is computed, and the original rating matrix is converted to com-
plete matrix based on the resource approach degree. Then affinity propagation clustering was applied to cluster the ra-
ting matrix to improve the scalability of our approach. Finally, two different recommendation methods were presented.
Orne is generating recommendations according to neighbors in the cluster which active user belongs to (BNAPC1),and

the other is generating recommendations according to clusters’ preferences (BNAPC2). Experiments on MovieLens and

Netflix datasets show that BNAPCI1 is more accurate than BNAPC2, and is also superior to existing alternatives.
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A T B MR BN E IR E R R TR R
HERE ., 430 MBS ARRAELRAIIER. BEL
B B, R BT = 43 B M 445 B T 43 T O i R BRI A S
A R S, MR TR R 3B AR B, 36 R FR I SBAS IR IR K 2
WEAMEREFEIT R, BN RO FE L BB RN R’
. EAELHEL, REF AR B B AR P RIS
W H LSy, I 5e R #E. MovieLens 1 Netflix BIEE KI5
BERERLAXELAEBERNTIRE.

EXE 2 FNBHEENBEROENEE 3 TNER
BEMEREFELE; B 4 TR HERERNT: &G, &
Ze3FHIE RN TIE.

2 BENE

2.1 WERiEsLEE

— 43 B (bipartite network, BN) 2 &l i v ) — Fl S R A2
B, HER NN EIST R MR AT EFIEEEEN
BEX. EAEEPRESEETUR_SBERER, LINE &
40 TR RR(E B AR IR M4 a1k 24 IR Ak &R A AR
BRI A CRES I EERMEEE, — 24
EEEEETUER Y GX,Y.E . X HTREVARES,.Y ¥
KREWEEE ENMBFEZEGDNES, XRY FER
FAEFR—E &P SEANEEME.

RBWHERGEFE m A M e ARE, RAITAZ2E
GWU,LERFREZHFERLE. HE— mXn I EER
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TIARRZ M wey =1 B wy =0, TP u, RIEFHIE
—TiH i, FESE x BAIBEIR, £ B, ZREE &
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RO BEBEUE » K, AIBRFAT AWK EER
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cw=d,, /ds @
Hif,o.®RWH i, BEICHESRBESELTE , HERE.
o MBUETEE R0, 1], BEBE T 1, RARTHE i MEKRTIE
BRSEATE 1.,

WRIBHMTE S E 7 HFRWEES,  TLHERA u

I E . BTMIFLT
R Z;:twcts XRPK
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Rp‘?&m 1
HeA R N u, MWE i, WELVI.
3o IR AA PR E M A T I AN . B BB N TR VRS- 45 A
Rys Ry7#0

Ay= B,, R,—0 4
2.2 B

R T BB LT, AR SOV RN E B 5 B AT
Bk, HHM k-means B H k-medodis B M BEHL %
B—BIE SRR R R AR A BUE R RS9 4 2648
T ARG U, BRI LMRIE, AR3CRAESR
f&4% B 2K (affinity propagation clustering, APC)! 58 gl B 26
THE.

APC 7EX048 U U AROLRE S8 R I 2R AT SR 8L B
BHABIERENBREEARA. N TEEREES o M
xe» AT BT AR B BE PT LA A BR ER B B SR W BE , sim (i, k) =
— iz || 25— HEE S AEN] Z R B F LR, APC
HIE- AT TN BRESAMZREINHMERRS.
APC & ¥ 5 Z [EME B PIFE B : 5] BE (responsibility)
FIAEE (availability), HBEMERIEREIBMEERE
TEBHHER. BSIE resGLRME x A E 2 LR K
e BLRMIEDE, FRERR o BE1Ex: BRFTENBE AR
B av(i, )N 2 FEEA z:, RB R = RBWIES, AXE
Aoz EFEn FARRRENGERE. X TEBEHEEA
x s TTEA B SRS E resG D MEARBE av(i, )22
FLI x; IR FE AN xp s arg pax{av(i,k)+res(i,k) Yo

BWEMMBEEEXALITTER sim(k, k) R—HFE p=
X simae ¥ WAL res® (£, ) =av'® (i, k) =0, MK 5| B F1)S
BERER G —ROH#TEH,

res(i,k)*—-sim(i,k)—k,:rtli;;(&k{av(i,k')+sim(i,k')} (5

If i;ék,av(i,k)<—min{0,res(k,k)+i,&tilze(i'k)max{o,

res(i' yB)}} (6
av(k ,k)*i,$§¢kmax{0,res(i/,k)} )

T BT A 048 SR 7§ B & responsibility F1 availability,
KA AR P LR, HHEUAT G, Bk (DB
AR —ZRBEREE:; OFERERETE—BEERE; (D
BEMNKTOEESILPEREBPRIFRBE,

ABR B REH BT EER, RAW L, WS p
B, BEEH#IT L RABEREEREBEHRERNIL.

3 HERIEE

3.1 HEEHER

TETFELIEREYT B, T B 45 A P X R IF 0 B B PE4 8
VSR B RS B P . ARSCRAw R 2T E R
P43 s (LB INAT B 45 B P BT 2R A0 4008 H P 4 = A 1
W(BNAPCL); (2) i 3 £ 25 B9 B R R 17 7= & T W
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OO It i) s MR R P L={L L, -,
l}e
Ei% 1 BNAPC1
BAEARWITSER A RPRES COREPLES L BHFA
Fou RIS R R BOESSR B R BIEET EH BN
Wil BARRF u B9 top-N H#EFF4E I,
i,
Stepl R Pearson X ZFITEERAP u 5 L={l,l,, I}
PE—RAL RS, BUB R KK R 2P O X B
2 crax BN u FTEERYE
) Ziel, (Ryi—Ry) (Ri,;—RD
sim(u, D= — — [¢))
iEZ]‘;‘(RU,;—Ru)Z ig{;‘(Rl,;——Rx)Z
Step2  RFER(BIHE u 5 e PEALA A B MUE, BUEBIEN K
ZI/NESIAET k N PFAERN u RIESEES Us={u,u;,
...’uk}c
Step3 KA (O u MARIELFTE | IES Puio
2 sim(u,w) X (Ry i —Ry)
pu.i=§:+u"eu"

2 |simCuyug) | @
cu

Yk n
Stepd 1% P fEMKEI/NEET N N5 H AR top N HEFHE =i,
iz-“',iw#iﬁ&‘.n
#ix2 BNAPC2
BARAPRES CEBRPLES L.BHRAS u TR R B
HETERN
Hidi: HARFF u B top N HEEE 1
Pug R
Stepl FHARGITEBIRAP us L={1,l,, L) PH—FHEP
LB HAAE simCu, 1) .
Step2 HE C={c1rcps» e PB—FPLRMELE.

Y(C;)zfcjl/);)fcil o
Stepd & L P E—REPOI u HITHEHFENTRE.
pCu, ) =sim(u, ;) Xy(¢) 11
Stepd  FHW u Xt KIESTE 1 B Po,i,
S X (R R
pui =R+ ’ (12)
_lep(u,l;)]
=
Steps % Po M KEI/NEAT N 430 B 487 top-N #EEE L= {1,
igarees in RS

3.2 HEEFESN

58 FBASMBT RETFRBRINHASEEI BRAP
u BBEAR HBEREZE R OmXn), B¥ m fla RE—%
B%, B OmXn)~0(n*), BNAPC1 & Stepl i+ H#r
AP w55 PLHEME HEERESR O Xn);,
Step? 7 u FrIE FH P28 I/ ITTEERE R O0n, X
n) (m, Fzn u FTBRP 250 P B30 ; Btk Stepl —Step2 3
B E 2 N O Xn) +00m, Xn) , B H t Fim, FRITHTF
7, B AR E 22 S O(n), BNAPC2 H Stepl — Step3
HEE—REPUITEIRFP « 370 B N R, I
BEIRE R OGXn)a0(n), BNAPCL # BNAPC2 i T %
R TEARER R, AT B R 25 B ERK.
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BetFTiPAh . Movielens BU4E & 18 943 {3 [l /2 %t 1682 &
FLEZ A 100000 ZIFMHEF (PEAMEN 15 B98ED . Nertflix
BUESEALS 480189 7 B P ¥ 17770 e & A 100480507 4%
WAMEROGFHMEN 1—5 MWBHD . BT Netflix $ig 4 M
AL FATMN P BELANEL 25413 KIEAMC FAE L SR,
RIUABM T ERAPRENERSE., BRITHES—BEEY
53R 80 %6 B YIZREE F P AN 20 6 B TR AR T P, b IR £ R

FRH Given K HFEHITHAE.
#1 ERBEEEERRFE
RArga ME#E T8 E HHER
Moviel.ens 943 1682 100000 0. 9370
Netflix 500 1333 25413 0. 9619

R SR =1 BIRE DS BB/ AP BXTEEO

4.2 R piRk

% R A ¥ 7 MR iR 2 (Root Mean Squared Error,
RMSE)! ek R B % h % ftniE. RMSE a8 A
PR TR 535 SE R V43 22 18] 4 25 0k B B T A e T 4
RMSE g8/, Bl s et . BRI ER 358 H &
PR BB BRI B R (ar s @2 oo qu ) » BB S S0 PF 43 4K
WHITIE A prsprsoees pu ) B R RMSE .

(13

4.3 LIGHER
4,3.1 BN##R

HEEE BN MR BB 0, R A B R A
BN(-+BN1,+BN2) fiA % H BN(Non-BN1, Non-BN2) {& i
T RMSE. WA 2 WL Rl IE B (D FEEWIRE S
SRl IS AR B 2, 5 B A TN MR R R 5 (2D
KAT BN R B, HUERME L T %A 5k A BN (W
Bk (AR MR RHEEE B, BNAPCL B B HE
AT BNAPC2; (O BB 4 LR g REARMF,
Netflix 384 BA F LA RMSE, L4 SIF T BN 7L
RAEEFERNERYE. XEHT BN ESUER T 1F50%5
TR, R4S S E s, AFRR T B
KE.

on-BN1 ® +BN1 aNon-BN2 B +BN2

(b) Netflix ¥4
B 2 BN HER =25, BF450% £=30)
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