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Abstract: Aiming at the problems of data sparsity and cold start in the current recommendation system, a collaborative
filtering method fusing Overlapping Community Regularization and Implicit Feedback (OCRIF) was proposed, which not
only considers the community structure of users in the social network, but also integrates the implicit feedback of user rating
information and social information into the recommendation model. In addition, as network representation learning can
effectively learn the nodes neighbor information on global structure of social network, a network representation learning
enhanced OCRIF (OCRIF+) was proposed, which combines the low dimensional representation of users in social network
with user commodity features, and can represent the similarity between the users and the membership degrees of the users to
the interest communities more effectively. Experimental results on multiple real datasets show that the proposed method is
superior to the similar methods on the recommendation effect. Compared with TrustSVD (Trust Support Vector Machine)
method, the proposed method has the Root Mean Square Error (RMSE) decreased by 2.74%, 2.55% and 1.83%
respectively, and Mean Absolute Error (MAE) decreased by 3.47%, 2.97% and 2.40% respectively on FilmTrust,
DouBan and Ciao datasets.

Key words: collaborative filtering; recommendation system; social network; network embedding; overlapping

community

0 3%

Bifi 5 B 22 AR B PR 2 e Tk B e R AT A
T, NATARMETE W 5l rh e IR A (5 B . R RSB
WA AT AR BCASPEARAE B A 1 TR I HE &
BN SATA, WS HERE (Netflix) = S HERE (Amazon) L
TARMERE (Last. fm) 55 o BB LA KL V2 i3 3l ) 2445 2R
258 T ek B T JE R L, 1 8 R ASE R R 25 1 T P SR Y
PP AR EJ S o P — 1 D4 R LA s AR i
AT ARAS Y ST 00 R i S 3o 43 BT P 43R B A7 HE A (R 380R

W #s B #5:2020-05-31; &8 B #5: 2020-09-07 ; 5% A B #5:2020-09-14

A —BEBIRE I IGTEAL G R G IR B 5 Bk e
rPERE , FrP i g g S P AEAL SO B B AR BT
B A ST B AN W 2 i, R B 22 #) P AT L 2 5 B 25
WY, P B A TR B ASC R . AR R
BE TEAL S R 2 vh AT B A S OC 2R B P Z I R A
A ARARL i 4, 30T £ B AR S5 S AR A PR REAR AL 1 BiS
Henh o fERBT B2 A A A HERE R R A 4 g R .
SCHG W] < B AR SR B AR SRS T DA e M A B A
At fE—ERREE e Rn A AR . A Nt , F AR DL
AR I A A — LB i S AU P - U

HEE&WA: [HF AARARS I H (61876016, 61632004 ) 5 H e w5 A8 FEARIIN Y 45 2% L 19 % 4 %5 B35 H (2018JBZ006)
TEBE AN I (1996—) , B IR T B-H0F5e A, ERO5E 7 10 HLAs ) R RS  SORE(1976—) 4o, TR, Hod%, 1l

o s | BN IRE 5 € ik ot I e g = N



54 S R

% 41 %

W+ Wi, FH P A S8 6 R R 20 Fi i, L F A AR i Y
FEBE O ZR P4 JF AN BEAR S AR O] 7 2 ) (R A FR R . e
U, RZHB P [R) i DT 7R R 25 1 T+ A8 5 2 W 45 v i) T4
ARJs, 2 T P Z BB RS C &R o fe, — LR R
& T P 5 R R R AU P A SRR R A S R AT
A IR SBHE B o T SE 0 F I AR S R 2% 1Y
FEA AR B CELEAR s R A3 SC R ) TFAE AL T % 1
FHPREA SR R AE I A P RS LA R T

BEXTRL L ) R, AR SCHE T — ol il B 4 DXL D B
R s 45 1 13 7] 2 98 7 5 (collaborative filtering method fusing
Overlapping Community Regularization and Implicit Feedback,
OCRIF) . %5 1 19 S M AT X & B H P 2l 43 BAS )
FEXIE VRS R Al i AN R AL X, LASE 23424
TEAE 1 L[] 248 X5 FLUC, OCRIF BLRY gl A 1 AN TR] 4 X g
fR A BB A5, B T il B R — B B, S 4
PR YRR ARSI T AT P A P S e
BITEVL BT P Z AR RE T35 75 4 OCRIF A58 )&
OCRIF+, 7E3MAFFRIBIRSE EOCg R W] A S A A
D7 BT AAE Y [ AR5 1

1 #MxITH

H AT A A28 5 kAR S HEAE BRI P R 1 Jr i, A T
LR A3 i ) AR R T IR AR A R LA B At A 22 P )
TE IR RO AR AR PR | o T R A0 i 1 A S A A
AU H AT b g Sk R M e SRR S Rk H R FR Y
o BT IRARM Tk 8 Sl B — 2 AR AL B f ke e 2 5 B
i FH P (l F AR R O MBI 09 P () L SR AR S 4 & 1Y
1353 R I HARAE 53 FERE 3 AR Al A AT A A7 B Y6
W A R R O AN R] T LAYy« 00 o A i 3 =2
FH P B3 18] 77 3k LA B 160 W 0 i () R 5 4 38 2 SRR 5 1k o
SR R 25 3 A FH P = D 43R R A 28 O R e, W
ZE T PR [ 4 J5 R D20 A 2 4 PR ) 32
PR FAH A2 0 R A P b B G P (5 B

SoRec(Social Recommendation )™ 258 — > 1] FH 4 B4 43
PRI AL S AR v TR) I 55— A B 0 M 40 A g S =2 1T
B 8] )5 i, EA AL A S R ARG 5 AR N, [ 25 20 e A7 00 B
FAE 22 ¢ R A PR R — S Fazs BN, BUS T AR R RUR .
Guo ZE"FE SVD++(Support Vector Machine++) 2 [ JE it [ 12
T TrustSVD BERY 33 32—l o5E 40 B 20 i 3L 52 1 P B
Ay e i AN TS 1 T PEA M 8 AL 32 e 1) (X
M AT B 55 B o BRI, TrastSVD MUK 42 Ry i
SYYE R BT R T4 SR BRI it 22 LA KR i 3
SRR T4 S 43 A 25 2 IR T HL % IR T AR A X
JH PR 1) 555 (08 532 1 8] - A B %ok PR P AR 1] g s e )
FEERE, MaZE 3T SoReg(Social Regularization)*ﬁiﬂ s
SR — L T i (0 A A 28 2 RO B AR
FARAR S AR AR B0 A S8R AT AEX T AN [R) 4 A g 120 LA
X AR I T A IE N HE R . ST EAMET
FEAC 5 S R R 2 g A 28 U T A5 90 4 v B2 % 19 408
JEAR B WA R U HEAE W 26 TP A ELE A4 X5 1 [R]— 4 DX
JHP ] T EL A AL D480, Li 5542 T ek X E Ik
RY #E 77 455 Bl ——MFC (overlapping Community regularization
into Matrix Factorization) , 1% J7 1 Fl JH B4 A9 AL X & P 2%,

A5 0 P30 23 AN ) A X e, AR T4 DR P B AR AL 2%
A I FVF— T LUl o e 2 AR B X O P A7 A%
ZREPE) AR T HETERIRL ARG RE . T UL, TR A BT i D Dy
AR 8T T B35, G el TR A F4EAS ) 05 vk AR
BRI EE . S350, BUA AL SR T IR TE R AL SR
S TR BT P 2 E] A ACER 2, G P = P AR B AL
P 4 DXAR BP0 TP T (R AR AR 6 el P —
st (R VF 23 AR R T O, A S0 40 AL 28 S0 R M rp 4
A R TP I 19 25 7R 2 S REEL DT L I 6 v Y
W R RN AR E  SHE R 1 B, B IR R A A
3 B 1 1) S AT LUAE i) 2 ] v BT 2o DL LAY E
J1, AR 2R K, AR SO B %07 ¥ R E SO T35
Yoo BRI, H LA M L% R IR 2 2] A DeepWalk (Deep random
Walk) " | LINE Network
Embedding) " | node2vec (node to vector) "' I K SDNE
(Structural Deep Network Embedding) Wl s gy e s Ho
node2vec S —F SCHE BE AL I 5K W 1) D00 2 e 7R 27 2] T ik
POTEBEE T S S BRI BRL SE  T R A e R
Je) TR R BA TR B M 2K R 2T RE T .

2 HMxWERLEEE

FEF U A s 0 i 4 T A AR 2, e rp B T B
PR A AR R0 R LRk S TR P v A M B A AR S 2 M i o
BHRSG I ERNITE . TR -5 A0 VI 4
SR RGN T 15 - TrustSVD AL OSHI MFCS R,

BB m DN n DR, 2 R = (R}, ., R X
TR APFE R P PP R, s T u, R o, B ER
WeAh, T e TR u PG R ARSI B Rt Ag
M Q = (u, &)Fm, K uFmm NP SES e 3R
HER .46 =(G,) .. BnAFSHP Z RN R
MR, e, R AP w, 5P u, FEA LR G
iRIER

A 258 B VR 43 A 18 O WS N PR R R I o o 21
FURRAE R U e RO F R 5 FFAE 26 BF v e RO, Hovp
d < min(m, n)o [ U NV, 58505 P u, RV o, 10 d 2
VTR I 60 B, P 1 R R, 51 = LW R, = 0.
FH PRI i 14 98 R R AT e 1T LA A e/ B R pR (SR
(1)) A2, I P R i R [ 19 1 D004k 392 L B 1k
Ui g8

= 2SR - Uv) e (O +IVIE) (D)

==
2.1 TrustSVD#&EH

TrustSVD #i I B Guo Z57E SVD++20 Ay L7l FA55 (1,
TH B EECRIMA IR B, HIAA I .

R,=b+b+p+

(Large-scale  Information

1 n
U +|L[2 Y 1y, +| T,
p=1

1 m T
2 ZI,.(,fWk) 7 (2)
k=1

HCP R, h R BOBUNIEAY b P w, P40 00 (2% b, 2
o PSR 2 1 2 PE MBI 1 R T P P4 O
BTy, R o, X FE PR [ R R B D T, 7, 277
P (UK B SRR TR P, W B PP w6 PR 1
B H 0 P T Gk S 160 B, BEef 10, 19 8o R, 45



% 1 47

FMBRT oS T BAL K BN AL & X R84 B i 08 7 i 55

1) = 1R perl A1) =1WEKH ke T,

X G e L R 0 O O, R TR AR
HLECH] P2y [ — SRR I, AR AR IR A AP DO T
L i SaUATTIESRINPN N G PR DSOS N u i
(55353 ) s [ I A7 — SE e RE R RS, — BB e T8
(AL, AR L2 AT A R M A s e T Bt
SABAR L PP RS 5 it 9 1 B0 04310 S sl 0 W i S T
A TAT S5 B B e, L T % A B i 647 T 9743, ]
DA T 52 Il ok 3o 288 R it S R[] S0 T P 585G
A5 B EE T R A BB A S R 35t

TrustSVD"" A (R34 B AR sRECH -

mn LoN\2
_ R
JTrustSVD = 2 Zlij (Rij - Ri,]) +
i=1j=1
mn 2
S T
%ZZLJ(GM -U; Wk) +
i=lk=1

a,(go(bi,bj, U, Vj’ Yy L)) (3)

Hor, 6, Fom B P u, 5 H D w, AR R 6 R,
@ (b by Uy Vi y,, W) FRRXNIENI A LI0  Fod 15 R 4675 bR
BOAL = 1MW S, # 0, TrustSVD &1 % A [f] i 1F 1) 4k 2 %%
F AR B AR SAN R , PF0-15 S T AR 8 9 FE P R DR S T
AT AE I LA it T TS A IE AR 2
2.2 MFCHH

B T _E A AR B AL A R TR iR — 2
R4 E 28 O &R B 7 32, e L 4 L 25094t i S B At IX
IEME R Rl A LSS MR B A ——MFC., B RAHEA
FBAT X R BUAL ISR 58 R 45 v A 41 XA B (IR U
1=t IE S 2R ) F R o B [ L X R ZEAR TR X
P P B AR B D A s T S TR it it 38 29 3

MFCH S HEAL ) B bR sR B

rrrrr

Jure = 3 20 (B, = 0TV w101+ IVIE) ¢

a, 2”2 'z, Z} s, |v. - v, ||§ (4)
o I RFA XA, 1N L) AR s R, AT = 1 W3R
P u g FALX by 25 1) = 1 WEW u, e M M} FERSH
u SEFIHE TAE R B P A (|U, - U, || ARGE T P,
AP w, Z AR ST BEAH T . o Fla, S B 1S5,
R TF 0, S, Fom P u, 5P u, 105 2R A G B B
(Pearson Correlation Coefficient, PCC)®", 7, A4k X fr 47 ¥ 2
HIIEME ) €, 5 P w, 09 B IR IEMH C R B, Hor S, 19 PCC 1Y

Ai,l Iiﬁ:p (Rz;k - R[)<Ruxk - Ew)

i ()
SN _\2 T —
/ ;‘1 14,(R.. - R.) / kzzll;;p (r..-R.)

Ho 1l = 1R ke, N1, RES (0) = (v + 1) 2%
PCC AR 2 X [H] [0, 1], #F X I{E )5 C, it X P r
A R EE, & AR T .

C,= Zlifzui (6)
=1

T AR R (5 B 2, B R A O

Z, = PCC(Cpo ) (7)

kA & A X U A6 R R SR A5 B9 T ] 2
& 77 7 ——OCRIF+

A BN A A TS A X IE R A B[R] 3 38 D ik OCRIF
DL HE T W 28 3R 2% 2] BT 1Y) OCRIF+,

3.1 OCRIF#3!

AT TrustSVD BT & AR =X A I3
FMFAE R IMA B B R b B0 R % 08 T B AR
HI P B 25 8 P S AT 56 R AL AL #4408 . T MFCH™
R, BAR TR T —Fh B S K IE N 5k i @Rk &R
Sy HURLE /N IX O R AR ERA F EITE B D R
ARG BB . bR BE &, A SCEEH T —FfEs|
A B A X IE U Ak 14 ) B 25 P 22 A B o R s A B (R P
o B o B P Ak X B s ) (9 05 i, A XA 2245
BV INE R i T Vo0 PR A B A [ B, A5 3 T a0
T OCRIF #i %,

OCRIF FE7Y {) B BE 43 «

Ri'j =b, + bj o+
1, e !
UL Sy, e S M TS ew| v, ()
p=1 h=1 k=1

Horp MY R S P u SERSER TR R T P A, U, %
PRAEREBC R PP, X P, B K B2 B0 B T B
w, BOREAE ) L L UV, T LA 452 7w, (354 1
OIS B2 HC A, BB AM HIBE R . e i 5
UV, 35 5 P, J8 LI P w, MRS R, B0
VPG, P, HOHEAE 1) B 5T 1T 13 £ 010 R R 6 199 )

! 1
PUEA AR B Y 1 MY 2 Y 19W,. 5 TrastSVD R
h=1

=
AH LG , OCRIF BT 44 X ARG Rl ARSI 2 v 8 T P 40 4330
AR, AT AEAS [ X b2 Fa 22 A . L i Tk X Y
FEAEAE BB R v, WA & A Al A 7 48
e R B

A SCH HBLA AR X & B 3R (A CMP (Clique
Percolation Method )™ | BIGCLAM ( Cluster Affiliation Model for
Big Networks ) /%8 ) 4248 4158 [ 2% b (1 B B 4L X 4549, I
6 AH [F) 4 X B9 F P R 32 5L A LA i g, TRk, 2840
MEFCH H 8 8 4k DX IE ) fh SR, AR SOBE 3 B 4 X IE I Ak 24 3R
WA OCRIF BEELZ i F3 2140 F OCRIF AL H A7 R 4L

11111

L= lzzlf(le - éiy/')2 + g i[ﬂ",sﬂ’nvj - Vp”z +
2 l 2~

i=1j=

B o &y )
32 zlihZih zlih SinUi - Uw|||{,+
et W=l

o wviz s Sho; Sl 2

Hi,a.By >0 NABSEL S, 58, R FER v S, 1
BRI S BB B 0, 5w, BRI SE FR B e )
HAG R R, AL = 1R pe N, N AR o, 193145
Etre

X AR U, Vi by by, y, HEATHEEE T B, AT LIS 2] H A5
PR (X (9)) SR A /IME

b,

AR



56 AR A w A%
oL [R(R _R ) Horp 1P Z 6] B ARAUEE S, TSR AT
b _; PR Su = A PCC(uyu,)+ (1= A)PCC(g,g.,) (11)
oL & . JH P AR 5 8 2, R A
b, ;1'/ (R, - &) Z, = A.PCC(u.. C,) + (1 - A)PCC(g,. C,) (12)
ol BN . o LUK A Ry S OR - R 45 BT o8 LL B
6U=Z¢UQ—MWZ$ENHMMZK+ R R 4 2 21 5 s A R 6 AT 10 AT 78401
=t ol Rel VEOME B LA R AL SSAE B B2 RAR LB AT HS0R il B2, 2 1 8K
U g Sz, S s (U - v)) - R B NG R
s :32”2] " 2. ’ ( ‘ ) (10) 3.3 HEEZRESW
BiﬁiﬁZﬁJU—U) 1 d AP 5 ) 9L E A PR m g B o A
P B T AN 25 R PP 00580, /o R TP B 4 DY~ 24 4, o
IL _ - x 5 L 5 g B AR DX O X 5 B TR Al B AR R RO B A
an-;%@aRJ“+“Z%%@ﬁRJ+ O(iiimd + Fiamd) , i+ 50 B8 HE (0 R AL O (ind + Fiomd). X
YV, Se QA m A fw ARV OC R .t TIRGSE R R R B, m A
ol v X L XPEZ/IN o AR T A 45 £ B R 45 (Wiikipedia) | P9 25 35752 (9 2%
Typ = ];Iifsjn (RL] - Ri./‘)‘ Ii‘ sz +vy,s Vpel, (Flickr)*ﬂ?ifé[ﬁ]éﬁ(Facebook\Google+$ﬂ Twitter ) 7 PN B EH.52

Horb 1D R AR R R A ) = 1R W w, e DT
MR C, eF,ERXRIFIELHE G AP ES,HD=
{w,3h,u, e M{&L), = 1}, F ={C, € lu, e M} &I = 1}

AR BRI, IR TR T SR AT
SR JE EE R I R 2 T T PR E B B SR A R AL AR L
25 AR SO AE 3. 2 5 e A 3SR BB P -4 B SRR
BE VAR H P 2Z ) (AR AR BE 1358 2 o, AT g il 5 D P
N SS I RE AR o N S
3.2 OCRIF+#&ZY

7E OCRIF A8 5 B3 7w, 5 P w, Z 1R R AH A
BE S, VAT —+E ISR B AR B Z,, BRI, T P 4 S 5 E
FERIOR R R . A T AR A P42 R R/ G R,
ASCAE By W 28 R 2 2] O ids W P AE R s h 2 RN R
WS 30— MR GE BB ) A ), DATE 4 b b P =
MURFHIEE R A S, VR 7, A RUA T

AR SCHRAE I P At 38 I 28 45 5 £ B node2vec! > A 7R 2% 2
B w, R4 LR g, e RO VLK 7w, WM 4 £ OR
g, R HhiE g, g, WU H P+ H B R DL
Fug, w, ZE YRR . A 1 R 45 3R0R 2 2] ik C U
TR AN PR A I 28 2R 2 2D B RSl R A/ h F oG
T ARG AR, A SCE FH node2vec! ™ B HLZ 4
HAb G FR, HA W &% F I8 = S HR W W FE A, n
DeepWalk "4 77

PN

R 94307, @ HAR
4  SCEE AT

HiRE

AR SCHEHCT FilmTrust . DouBan A & Ciao =/ £ VEAT
R > < 1 Sy o awval L Dy e e ) (W20 IS 22 7N G P =
A : FilmTrust 2038 42 (http://www. librec. net/datasets. html)
SETE B S 0 FilmTrust (www. trust. mindswap. Org/)ﬂ@m
FRAT PR LR A C R AE X s #EAT IV, IRl P 2
[a] o] DL ST AR L & s DouBan 24 £ (hitps : //www. cse. cuhk.
edu. hk/irwin. king. new/pub/data/douban) J& 7£ ft 3¢ M ¥k
DouBan (www. douban. com) E3MHGRARAY , L5 T H X6t F
B IR R RIEE R R ZAL 22 Rl A P S
B4/ 5 Ciao Hu4E (http - //www. jiliang. xyz/trust. html) J&
TE T & PR M3 Ciao (www. ciao. co. uk) FIRELAY, A4 H M
X T HEAT VR AN o AN A BOHE 4R 0 3T 43 30 R R A ]
FilmTrust ¥E43J5 LN 0. 5~4, 2K 0. 55 Douban LA & Ciao P
ST 1~5, 0K 1o B GTHRE ISR 1 s, F/h
#user (n) F2 75 B 45 09 FH P 2, #titem (m) R Bl 42 v Y
T B, #ratings 278 BRI PE 4388, velation F R #E3E 4
[ m P 22 ) Y 56 2 880, RDensity 2678 2120 % I 0 55080 19
Bi 2 i, SDensity 278 £E 4138 56 R AR P AU MR B R L m
FRER AN T 0 1Y 353 TP 88, m AR FR A P A 3437
53 R RO SARFRIAA T 1 T 2 G R AL

4.1

®1 LBBIEESIT
Tab. 1 Statistics of experimental datasets
BlE #user(n) #item(m) #ratings RDensity/% m n relation SDensity/% s
FilmTrust 1641 2071 35487 1. 044 23 17 1853 0. 0690 2
Douban 129490 58541 16 830839 0.010 14 5 1692952 0.0201 10
Ciao 7375 106997 284086 0. 036 39 3 111781 0.2055 15
4.2 SEWIFNIERR Z(R _i )2
T B AR SCHR O R R R, AR SO IR T A RUSE = | I oo (14)
e ® BT F6 A 35 MR 15 25 (Root Mean Squared Error, - [R|

RMSE) DA J - 34 46 %5} % 22 (Mean Absolute Error, MAE) . Jf
PR ARORIR] (F 2 5 7 i b Al 2o TR TR0 S A
22T 1) 1578 2 SR A 4P R ), (R /N AN o v, LA
2\ R, - R, |

MAE = -2 (13)
IR|

bR O E SRS R (R F T IS | R| 1832 -4 1y
ML
4.3 ZBMWHFERSHIZE
h T Bk OCRIF & OCRIF+J5 ¥4 B AT &bk, A SCHE #6177
ANTEMEST Z2 G0 U L A 28 B 1R DG B [R) 2o 98 A R %o L
1) PMF (Probabilistic Matrix Factorization )" ; 1 % 4 [4: 43



% 1 47

FMBRT oS T BAL K BN AL & X R84 B i 08 7 i 57

AR o 2SR AR S 14 ) 85 X 46 B G S A T R L 2 — b
TR PR AR A [R]— A3 1) P o P RS A T 40, AT
TV AEREAE B .

2) SVD-++20T s —Fift B TR B 43 14 7S PR AR . AR
K PP R it 64 i 2 25 AR P, i EL 25 0E T P O
BB st WA TP R B

3) TrustMF (Trust Matrix Factorization)"'s ; — Ffrl 52 #fE 75
BRL MR AR AT R AT 0 ), 5 A S JE e i o 15
1B RAE 1) LA RS AL B R 1)

4)SoReg " — Akt 2y IE I AAL . AR 3@ ok P AR
FERAZEH A YA AR

5)MFC™ : — A~ F 5 B4t DX IF W) £ A9 4 25 A A8
ARV T TP AR 22 56 R A5 B AL X7 4 et P k)
FIF AL DD, IFA A DXL D5 Rl A6 e A iR

6) MFC+: A< SCHE H 9 OCRIF-+H I X F OCRIF A58 1 24
PELE T 15 B node2vec 5 815 > S| ] 7 ] & AR ZE IR | 11
TG Ak P 2Z ) AR ARLRE LR PR A SRR AR B AR
R EAE T T MFC AL A5 21 MECHRERIAE Sy Xof LE S8, 36
UEIXFPEAR A R

7)TrustSVD"® : SVD++ 07y HEATY AR B Y []
A 25 R P TS BB A B OF B S e R B %
TE P BAI T

32 250k Lb vk o 0 S0 fe FH T SCE TR AR A A
SRR B R i SR RO AF A I B R, AR SR LY
T5 kR B L TS U TR L DA ARSI 45
RATHT A SORE F P RS RV AR R s AR ROR T 10, 45
FeoRAE 2 h P R A SRR 4E R 30, 7E FilmTrust 54
P LUK Ciao B H A =0. 8,1 =0. 6; 7 DouBan i 5,
A,=0.6,1,=0.5, 7E3NEHRET, Z—KE S5 «=0.0005,
B =0.002,y=0. 02, AR A58 I UER) 5 =X, ¥ B 4k
G5y R SAFRARAE  BRIR L, 4 0 FRAR R A REE
T LB A IR | 5 R ELEG T RE LA AT A T4k
PRI IR, 5 RS2 50 S5 45 IOV S Ry e A 4 2R
4.4 EWERBIIWIH

R T SR L (A A AR SCNER AR P DL RS ) B
U B SR S SR AT T . — MG BL T 6 T IT A8
NS PR IR S Y R 2 885 (a) 5 (b) 43
SRR T AT P LKV S 2 P S0 3743 5 52 BRaT-43 2 [
) MAE Lk J2 RMSE

R2 THWLARIE

Tab. 2 Comparison of experimental results

. . ) FilmTrust DouBan Ciao
FHEH RS RMSE MAE RMSE MAE RMSE MAE

PMF 0.87278 0. 66901 0.78692 0. 66470 1.01930 0.78034

SVD++ 0.85204 0. 656 60 0.83715 0. 65267 1.02908 0.77308

TrustMF 0.85813 0. 64802 0.81927 0. 64092 1.00799 0.762 80

SoReg 0.85387 0. 646 90 0.81014 0. 63982 0.99872 0.75620

()R P S22 51X L MFC 0. 848 68 0. 65265 0. 80672 0. 63028 0. 99027 0.75392
MFC+ 0.83157 0. 64510 0.793 89 0.62719 0.983 62 0.74925

TrustSVD 0. 83990 0. 649 69 0.79293 0. 62641 1.02763 0.75929

OCRIF 0. 82601 0. 63829 0.78120 0. 61491 0.97815 0.74011

OCRIF+ 0. 81690 0.62712 0.77271 0. 60782 0.97106 0.73229

PMF 0.93398 0.74208 1.04094 0. 88506 1.07621 0.88912

SVD++ 0.91375 0.73891 0.98671 0.78637 1.093 62 0.87160

TrustMF 0.93708 0.67336 0.97325 0.77219 1.06231 0.84712

SoReg 1.01882 0. 745 81 1.02537 0.81879 1. 06163 0.87762

(L) RSP E g 45 8% 1 MFC 0.90012 0.68971 0. 963 68 0.75972 1.03719 0.81237
MFC+ 0.87291 0.67512 0.93019 0.75003 1.02196 0. 803 82

TrustSVD 0.87941 0.67629 0.93971 0. 74529 1.05572 0.806 12

OCRIF 0. 86267 0. 65670 0.91275 0.72901 1. 005 69 0.79421

OCRIF+ 0. 85190 0. 63921 0. 90021 0.71754 0. 99679 0.78129

TH a2 2 HP Y S5 (a) X HEAR SCEE B 1) A AR R 5 Al
PRI ) S 6 85 SR T AAS B LR A58

DRZEGOT , Al G 4138 W R 38 vk o7 e F10%
FEPEAME B SE Y RLE UE vk BEAN AR SCHE H Y OCRIF
I AL T PMF  TrustSVDU LA K MFCU 5 125 X BEIER] T
A H R B S X AR S B U s B4 A A A
PR ML AORS L -

2) 38 i 5 H Al 7 FhoPR R 08 Ok LR, AR SR Y
OCRIF+J7 75 3404 45 L #BHUS T i A B R0R . Beshas
i LB MFC 5 MFC+7772% LA K OCRIF 55 OCRIF+ 545, 5 4 1Y
SIS SE S FHT A, 1150 BH 38 Ao 0 £ e 7 2 ) Ofe g AR R 1Y)
SEAEURT DU - b ) R AL 32 M5 8, 76— R B L G A0 74
G, $2 o AR S S B T L ) At [ 28 A% A

E QI TR B0, A I B0 ) U HE TR AR 4 W ) 32 2
PRz — o T A SO R TR A R4 i B0 ) R BE T, AR SC
BT T ¥R sh P A7 5258 0 Bt o 78R SCREILY
FilmTrust . DouBan LA f Ciao = N8R, B 8 31 P50
SR 315,18 943 A1 171, 43 5 o5 B 400 19. 2% 14. 6%
2.3%, 2P (b) IR 25 R mT LG AR SO vk
XA EBUS T8 a1, — R L TR
Bl
4.5 KESHIH

TEARSCHRE B PR R R 5| A T LB S8 (e By LA
B, A B BUE R 2 R RO . o o T B AR 3R
TR T R R AR R LA B B 8 X I ) A AR AR v B (5 )



>8 AL A

% 41 %

i, A A A3 SR 2 FH P T L £ B R 5 5 R AR
o5 LA P 2Z R AR R S, DA O P -t SRR fE B
Z, BT el . AR SCLA FilmTrast 20808 5 4 141 JHFSY EiRS 5
XY SE o B 1~4 43T o, AT A R A IR 52 1)
KR MAE LK RMSE FYTE L, y sk ZEAORY v i) AL I JUJ 30,
X L 63 R BUR B . B 1 AT, 24 @=0. 000 5 B4R
Ty Rek (ERuN T T = N Sl A A D O S ) <
B E . w2 AT, 24 B=0. 002 I 3505 e f: 5 24 BB /N,
FESAF B o LA/  HEREPE BRI A 5 (5 2 BB BRI, 2o
ZHIA G BN ST A ARG, I 3 DL 4
AL, 25 A =0. 8,4 =0. 6 Bf MAE L &% RMSE % , 28k F
0. 5 18 W 26 1155 AR ABLEE B 320 0 W flT T o5 L0614 o, A i 1
R 24 A =A =11}, OCRIF+B ALK AR i OCRIF #18)  SCRA i

REAG
0.855 0.665
5)_]().845 m().()SS
=0.835 £0.645
*0.825 0.635
[~4 g
08153 5 8 10 002573 5 8 10
a/10° /10"
(a) RMSE on Film Trust (b) MAE on FilmTrust
BT aXt OCRIF+HERURE JEE 52
Fig. 1 Influence of & on OCRIF+ model accuracy
0.655
0.845]
m
20.835 70.645
% 825 20.635
0.815 5
o 1 2 3 5 0.62 o 1 2 3 5
B0 B0
(a) RMSE on Film Trust (b) MAE on FilmTrust
B2 X OCRIF-+ IS B 1o 50
Fig. 2 Influence of B8 on OCRIF+ model accuracy
0.665
0.845]
m m{).655
©0.835
= §0.645
~(.825 0.635
0.815 627
0.2 0.5 0.6 0.8 0.9 1.0 0 623.2 0.5 0.6 0.8 0.9 1.0
As 5
(a) RMSE on Film Trust (b) MAE on FilmTrust
€13 A X OCRIF+f57E0RS B 1) 5% 1)
Fig. 3 Influence of A  on OCRIF+ model accuracy
0.828, 0.642,
20.824 g 038
s <0.634
% 0.820 0.630
0.816 0.626

0.2 0.5 0.6 0.8 1.0 0.2 0.5 0.6 0.8 1.0
(2) RMSE (:15 Film Trust (b) MAE <>/1n: FilmTrust
B4 A4 OCRIF-+HE RIS A 5 0
Fig. 4 Influence of A, on OCRIF+ model accuracy
AR T B TERS TR A A BRI , AR SR BB L T OCRIF+
R T 2% YR AT RO R (SEBR g R an e 3) . R3 e
AT AWM AR 0 S EORCZ AT B R AR AR B B . R
3TN : 2 =0 B, FEASE AL v 25 SR il P T 2, A RO A
TR AR T MFCU B AY ) Je TrustSVDM A5 R | 35k 26 B 75 4t
XA A B STHE B0 R A RN 5 24 B=0 B, B 2L R

T ESA X IE AL AR S, KRR T #1385 B AEBI R Y
LA (LR B T A28 i B = R A A3, i LIS HER ORI 2
PETF SVD++2 BRI 5 24 o=0 H B=0 i, B K KA, (Hif
BAAR TR BHER A5 T SVD++ AL, Ed T
IR AR SCHRE ) Rl A A DXL D B s X s 45t 1) b [ el 9
R AMHEARA .

3 OCRIF+SHBNMEXKRER

Tab. 3 OCRIF+ parameter validity experiment results

S FilmTrust DouBan Ciao
RMSE MAE RMSE MAE RMSE MAE
a=0,
B0 0.83129 0.64672 0.78917 0.62035 0.98274 0.74792
a#0,
=0 0.84991 0.65305 0.83284 0.64715 1.01493 0.76821
=0,
aB—O 0.85112 0.65629 0.83592 0.65028 1.02157 0.77012
a#0,

B0 0.81690 0.62712 0.77271 0.60782 0.97106 0.73229

5 4iE
ARSCHE T — b B ) i 8 75 3 e HAE 2R OCRIF , ZAE

BN T X P Z A SE & A B 1 AR X AR Y

B PR 8IS X 2z, JF B R P s

PSECT A EE ' EHEY) (1WA S i = L ) IS I R 5

£k DI DREIPAS SO A e N W RS S SN DD A e

2R A I, GEAR R AR [ L, AR SO B I 2% 2 27 2] 5 kAR 3

FHP i o34 IR FE 24 T 2Z 6] A 3, A SO %07 12

PR OCRIF+, SEEA5 RAE T 1A SCH A O k00 T B 1Y

[T

SEZ 3R (References)

[1] RESNICK P, IACOVOU N, SUCHAK M, et al. GroupLens: an
open architecture for collaborative filtering of mnetnews [C/
Proceedings of the 1994 ACM Conference on Computer Supported
Cooperative Work. New York: ACM, 1994: 175-186.

[2] ADOMAVICIUS G, TUZHILIN A. Toward the next generation of
recommender systems: a survey of the state-of-the-art and possible
extensions [J]. IEEE Transactions on Knowledge and Data
Engineering, 2005, 17(6): 734-749.

[3] JAMALI M, ESTER M. A matrix factorization technique with trust
propagation for recommendation in social networks [C]/
Proceedings of the 4th ACM Conference on Recommender Systems.
New York: ACM, 2010: 135-142.

[4] ANANDHAN A, SHUIB L, ISMAIL M A, et al. Social media
recommender systems: review and open research issues [J]. IEEE
Access, 2018, 6: 15608-15628.

[5] TERVEEN L, MCDONALD D W. Social matching: a framework
and research agenda [J]. ACM Transactions on Computer-Human
Interaction, 2005, 12(3): 401-434.

[6] TANG J, HU X, LIU H. Social recommendation: a review [7].
Social Network Analysis and Mining, 2013, 3(4): 1113-1133.

[7] MASSA P, AVESANI P. Trust-aware recommender systems [C |/
Proceedings of the 2007 ACM Conference on Recommender
Systems. New York: ACM, 2007: 17-24.

[8] MARSDEN P V, FRIEDKIN N E. Network studies of social
influence [J]. Sociological Methods and Research, 1993, 22(1) :



14

FMBRT oS T BAL K BN AL & X R84 B i 08 7 i 59

(9

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

(21]

127-151.
SCOTT J. Social network analysis: a handbook [7].
Sociology, 1993, 22(1): 157-169.

PEROZZI B, AL-RFOU R, SKIENA S. DeepWalk:

learning of social representations [ C]// Proceedings of the 20th

Contemporary
online

ACM SIGKDD International Conference on Knowledge Discovery
and Data Mining. New York: ACM, 2014: 701-710.

TANG J, QU M, WANG M, et al. LINE: large-scale information
network embedding [ C]// Proceedings of the 24th International
Conference on World Wide Web. Republic and Canton of Geneva:
International World Wide Web Conferences Steering Committee,
2015: 1067-1077.

GROVER A, LESKOVEC J. node2vec: scalable feature learning
for networks [C]/ Proceedings of the 22nd ACM SIGKDD
International Conference on Knowledge Discovery and Data
Mining. New York: ACM, 2016: 855-864.

WANG D, CUI P, ZHU W. Structural deep network embedding
[(cln Proceedings of the 22nd ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining. New York:
ACM, 2016: 1225-1234.

MA H, YANG H, LYU M R, et al

recommendation using probabilistic matrix factorization [C ]/

SoRec: social
Proceedings of the 17th ACM Conference on Information and
Knowledge Management. New York: ACM, 2008:931-940.
YANG B, LEI' Y, LIU J, et al. Social collaborative filtering by
trust [ J].
Intelligence, 2017, 39(8): 1633-1647.

GUO G, ZHANG J, YORKE-SMITH N. TrustSVD: collaborative
filtering with both the explicit and implicit influence of user trust
and of item ratings [ C ]/ Proceedings of the 29th AAAI Conference
on Artificial Intelligence. Palo Alto, CA: AAAI, 2015: 123-129.
MA H, ZHOU D, LIU C, et al. Recommender systems with social
regularization [CJ// Proceedings of the 4th ACM International
Conference on Web Search and Data Mining. New York: ACM,
2011:287-296.

LI H, WU D, TANG W,
regularization for rating prediction in social recommender systems
[cly Proceedings of the 9th ACM Conference on Recommender
Systems. New York: ACM, 2015: 27-34.

BEN KHARRAT F, ELKHLIFI A, FAIZ R. Empirical study of

social collaborative filtering algorithm [C]// Proceedings of the

IEEE Transactions on Pattern Analysis and Machine

et al. Overlapping community

2016 Asian Conference on Intelligent Information and Database
Systems, LNCS 9622. Berlin: Springer, 2016: 85-95.

JAMALI M, ESTER M. TrustWalker: a random walk model for
combining trust-based and item-based recommendation rcly
Proceedings of the 15th ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining. New York: ACM, 2009:
397-406.

JAMALI M, ESTER M. Using a trust network to improve top-N

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

recommendation [ C ]/ Proceedings of the 3rd ACM Conference on
Recommender Systems. New York: ACM, 2009: 181-188.

MAN T, SHEN H, JIN X, et al. Cross-domain recommendation :
an embedding and mapping approach [ C ]/ Proceedings of the 26th
International Joint Conference on Artificial Intelligence. Palo
Alto, CA: AAAI Press, 2017: 2464-2470.

FAN W, LI Q, CHENG M. Deep modeling of social relations for
recommendation [ C ]/ Proceedings of the 32nd AAAI Conference
on Artificial Intelligence. Palo Alto, CA: AAAI Press, 2018:
8075-8076.

WU L, SUN P, FU Y, et al. A neural influence diffusion model
for social recommendation [C]// Proceedings of the 42nd ACM
SIGIR Conference on Research and Development in Information
Retrieval. New York: ACM, 2019: 235-244.

SEDHAIN S, MENON A K, SANNER S, et al. Low-rank linear
cold-start recommendation from social data[ C ]/ Proceedings of the
31st AAAI Conference on Artificial Intelligence. Palo Alto, CA:
AAATI Press, 2017: 1502-1508.

KOREN Y. Factorization meets the neighborhood: a multifaceted
collaborative filtering model [C 1/ Proceedings of the 14th ACM
SIGKDD International Conference on Knowledge Discovery and
Data Mining. New York: ACM, 2008: 426-434.

BREESE J S, HECKERMAN D, KADIE C. Empirical analysis of
predictive algorithms for collaborative filtering[ C ]/ Proceedings of
the 14th Conference on Uncertainty in Artificial Intelligence. New
York: ACM, 1998: 43-52.

PALLA G, DERENYI I, FARKAS I, et al. Uncovering the
overlapping community structure of complex networks in nature
and sociely[J]. Nature, 2005, 435(7043) :814-818.

YANG J, LESKOVEC J. Overlapping community detection at
approach [C]/
Proceedings of the 6th ACM International Conference on Web
Search and Data Mining. New York: ACM, 2013: 587-596.
SALAKHUTDINOV R, MNIH A. Probabilistic matrix factorization
[C1// Proceedings of the 20th International Conference on Neural
Red Hook, NY:

scale: a nonnegative matrix factorization

Information Processing Systems. Curran
Associates Inc. , 2007 1257-1264.

MASSA P, AVESANI P. Trust-aware recommender systems [cln
Proceedings of the 2007 Conference on Recommender Systems.

New York: ACM, 2007: 17-24.

This work is partially supported by the National Natural Science
Foundation of China (61876016,

61632004) , the

Fundamental

Research Funds for the Central Universities (2018JBZ006).

LI Xiangkun, born in 1996, M. S.

candidate. His research

interests machine learning, recommendation system.

JIA Caiyan, born in 1976, Ph. D., professor.

Her research

interests include data mining, social computing.



