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Abstract: The development of Internet has brought convenience to the public, but also troubles users in making choices among
enormous data. Thus, recommender systems based on user understanding are urgently in need. Different from the traditional techniques
that usually focus on individual users, the social-based recommender systems perform better with integrating social influence modeling to
achieve more accurate user profiling. However, current works usually generalize influence in simple mode, while deep discussions on
intrinsic mechanism have been largely ignored. To solve this problem, this paper studies the social influence within users who affects both

rating and user attributes, and then proposes a novel trust-driven PMF (TPMF) algorithm to merge these two mechanisms. Furthermore, to
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deal with the task that different user should have personalized parameters, the study clusters users according to rating correlation and then
maps them to corresponding weights, thereby achieving the personalized selection of users’ model parameters. Comprehensive
experiments on open data sets validate that TPMF and its derivation algorithm can effectively predict users’ rating compared with several
state of the art baselines, which demonstrates the capability of the presented influence mechanism and technical framework.

Key words: clustering analysis; probabilistic matrix factorization; recommendation system; trust relationship
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Fig.2 TPMF graph model
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Epinions3 LA % Ciaol,Cia02,Ciao3 fE A 25 #0442 2o :Epinions1 F1 Ciaol #4452 /2 103 97 1% J iy 08 42 97 43
HONE AR P B KT 50 19 7 LA BB 23 80K T 50 ¥ 950 F )5 15 21 Epinions2 I Ciao2 5 4 T3 o 67 126 50
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U6 Bt S VP 23 SO AT T P B8 KT 30 ] P DA RBP4 BOK T 30 B35 H J5 19 21, Epinions3 F Ciao3 4 4R
) 3 ek 9 0 Je 4y B4k A VE o BORE AT D B KT 10 B9 BL R BOR T 10 I H A 45 2 E
o, Epinins3 LA Ciao3 HH 4L AN L5 55 b Has 45 50 DR T, [ B AR B8 30— 2D W S0 AN ) 0 6 07 2 N A ST Y 4
IR P e EOE SE  PE A B LK 2.
Table 2 Details for datasets
F2 HEREIEAE R
Hgnte  HISAEC BHAS WaidE fFIERR

Epinions1 396 1797 11 802 7583

Epinions2 1100 3659 32 576 26 367

Epinions3 6329 13 969 145 842 262 170
Ciaol 425 285 7697 15812
Ciao2 773 716 16 182 31140
Ciao3 1974 4 387 58 114 69 436

S8 SR IS 3 48508 1% 75 (MAE) VAl WL SR At 12 S0 Tl vk e (0 045, i R D7 v R i
Z(i,j)sr| fii— ﬁl |
[ 1] 4
Forp, 2 S5 DR EE 46, A (R P B0 H ) e 4 2Ros P udt 2Pl B0 H vy B9S2 BR P20 f | IR
R FEASE 2R TR0t B FH P u 33 H vy PRy
AT AT AEAN SO R TPMF SE MR AR SCR AR 3 B L S0 (1) R 3 560 B 4 it
(probabilistic matrix factorization, & # PMF)&vE!(2) STE 5B S S E 2 R RS2 mIEE4);(3) SocialMF 44
IRV P B AT 5% 2 LR MRS AL 1) 5. [ I,y 7 B G b o A 2 8 A0 S0 A SR 58 2 4 P 2t I SVA R TPMIF
B, B AR E 75 TPMF 275 F8 ) PTPMF(personalized trust-driven probabilistic matrix
factorization) 5 v 1 LEA5E Y 1) % 17 4 o ILER 3.
Table 3 Characteristics of the models
F 3 BERIWER R
[ WoE R HAE RIS AAE B RHE AR

MAE =

PMF X X X
STE \ v x x
SocialMF N x N x
TPMF v v \ x
PTPMF v v v v

SRR BEALES 210 80% 170 Hedie A1 0 I 2R, 4% T I B VR 20 D4R S 36 v A B ZRURF A 4R 2 D IR &
S W RS TRS O P B LA I Ti) 52 2 B SCRR[3,23 D0 b 17 ik — B i AR ] — MRFAE RS D i 5, S B2
O F 1L R AR S A3 3 B8 D g 5 R 10 BEAT 52565,
3.2 LWHER

4~ 6 ST ASCHEH P TPMF BLE PTPMF &% 5% HHE PMF,STE LA K SocialMF 7E Epinionsl,
Ciaol,Epinions2,Ciao2,Epinions3 LA J Ciao3 #(#i4E 1) MAE {75 SE 56, 25 AN Y 1R 2 £ v k(s A 7R 4
TR BN S Epinionsl $Hi4E L YReiE4ERE ) 5 B, TPMF IS4, B0 1.8, TS el 0.6;
PTPMF 7t TPMF KIS & LXK P o0 2 38,88 — 2RI 73 50 4 0.77 F1 0.43;5%F EL ST SocialMF ) 24k
Ar BEN 3.1,STE IS Ha h 0.5.

M SEEG 28 b o] LU B AR AN R B s 45 B AR SCEE ) TPMF LU PTPMF HLVEAHRF B4 ) PMESTE
PLK SocialMF SyE7EHERE SR EAE 6 AN [RIFR B2 (4R 3% o T VAT IR 3 S8 AR 20 SR AT A 54T F P 1Y)
M HEAT /AL, T PTPMF 784325 18 T P ) 0945 4T 50 & R WA L, 3028 B A P g 17 A Pk AU . W)
I, S50 25 SRAR T8 4 YW T A SCHE R 9 2 VP 43 B2 A5 AT P R A R ML 5% Wi FF) L6 A 2175 PTPMIF [ 47 0
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HIXET TPMF FE— 20 5 e, R W25 BT A PR 9 5 B DA Kb SEPE U AR, T 1 X LG 3 Fh s 6 77 4%
B 10 Bt B S LS8 45 RonT LU I 2415 A 5% AR B0 0P 70 BOBOR I AR SR Y R SR AN T E A SE B AT R

PLF.
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Table 4 MAE values of each model in Epinions] and Ciaol
% 4 Epinionsl K& Ciaol H &MY K] MAE 1H

Epinionsl Ciaol
ik D=5 D=10 D=5 D=10
PMF 09475  0.9351 0.886 7 0.892 1
STE 09063  0.907 8 0.873 4 0.880 5
SocialMF 09048  0.9047 0.874 0 0.8755
TPMF 09019  0.9002 0.866 8 0.871 0
PTPMF 09001  0.8995 0.866 0 0.869 8

Table 5 MAE values of each model in Epinions2 and Ciao2
% 5 Epinions2 } Ciao2 H &M K] MAE 18

Epinions2 Ciao2
Jrik D=5 D=10 D=5 D=10
PMF 0.889 9 0.902 1 0.8559 0.8557
STE 0.8752 0.882 6 0.842 6 0.842 7
SocialMF 0.879 6 0.879 3 0.8317 0.8316
TPMF 0.873 2 0.8729 0.8113 08178
PTPMF 0.872 5 0.872 2 0.805 9 0.811 5

Table 6 MAE values of each model in Epinions3 and Ciao3
% 6 Epinions3 & Ciao3 H' %M1 MAE {8

Epinions3 Ciao3
Iy D=5 D=10 D=5 D=10
PMF 0.878 0 0.870 7 0.8110 0.809 7
STE 0.862 2 0.859 4 0.794 2 0.794 0
SocialMF 0.8570 0.859 7 0.780 8 0.7812
TPMF 0.850 6 0.849 3 0.775 5 0.776 3
PTPMF 0.848 9 0.848 5 0.772 9 0.772'5

X} T4/~ Epinions 1 RS 7 14 1 7 T 368 (U, vy, K6 PTPMF 4532:(D=5)=R 43 1T 7 up R IH vy 13431
Pij, [ 5% Social MF 5.32:(D=5)3K 45 (1) &5 St A Sy 2 p A2 BT FH 7 100 K Cug, v % B () T BF 43 Py 40 16 ) 1) 42,
S SR IR TRINVE 2 Sy 41 R ) RTINS p A s FEAT ¢ A, L b JRUR 1 R % AR 4 5l R s Ho:p=s,H  :ps.7E
WEPEAKTA 0.05 & &L Epinions1 24 52(D=5)F Ii 31 p {0 0.02<0.05. P4 45 4 J % v, W), PTPMF &1
AR BT VE 42 A SocialMF S48 B 1K TR VT 43 2 1) 4746 58 25 1 25 5 A LA B30 41 DL RN [R5 A 4 P52 1)
1t A5G 45 AR LA A ——F .

3.3 BHal BATTHEFERERI RN

AT A FUAE AT P 0P 40 5 e LA R AE S 0, E S B oLl B A R Ak R S R R BEREAT BT SR
ME 5~ 8 T r] LUE B 28 oM S Ay 2o A BLRE WA 22 o1 A 525 1E A OG kI 188 20 25 A48 L TR HE 45 2
TR K T A XA AT P (R AR 5 e, AR B A5 AT PP 100 53 e 25 SR 88 B 68 1T ookl A AT F P RO P 99 R W,
LB AR AR F P 1R 50 i 28 R B T DA 2 el /N T A 3 RIS 7 2 P2 52 3045 A F P 0059 0005 170 24 10 @K, Ar
TEANEE LT 564 RS2 8 B REAE 52 W03 R I D0 AN R T B8 AR P e BRI, 4 ooflT Ay [R] A 338 K Bl 9 /1y
B, JLHEE R 4275 280 W 142 FE A B P n] LU B, 7655 A R B (09 oof Ay RESEIRAF U IO AR X 2 i T
PR EEE T 85 DO U LA B AT AT I AR AT 52 A ANV 23 5

o, Tk W L P R R AT DA R — B IR HE R R BT DL R BT R — AN S 5 A, B A AR B o) 3
K HE T FA; 1 5 T A — 2 B o, L HERE RO B A B3 KGR T 5 SR I 2 45 BAIE S T A O3 Y
PR A FH 7 52 AT I 1 L A 12
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Fig.5 Influence of parameters’ variation on MAE in Epinions1
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Fig.6 Influence of parameters’ variation on MAE in Epinions2
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Fig.8 Influence of parameters’ variation on MAE in Ciao2
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4 NEEEE L0 40%~80% I VI ZRFEAS BEAT S50, JFICRF AL 4R B O 5. 529 45 R An B 9 A1 10 P,
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Fig.9 Recommendation effect in different proportion of Epinions training data
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Fig.10 Recommendation effect in different proportion of Ciao training data

10 A[FAILES] Ciao RS T IIHERBOR



MR F TR TAR RSB 6 A P 3R TRm 3759

MIEL9 FIEL 10 mh T AT 31,75 99 A el 46 vh 2 AN 5005 A HERE ROR BEA UITZRAR L) RO B D m 4 vy X2 i T
WIZRFEAS 38 K — R REE Lo/ 1 VP 23 B0 A i 1 1) 5 i e Ah v DU 31, SCHR U (1) TPMF BAJZ PTPMEF 553K
FEAASELB I ZR AR T AR DL S di R RO HE A7 R BE O oh T I A B AE © AT B AR s i ik — D424 T4
AR S A 0P 20 F P TR S R A, AN T 0 4 G Tt 1 R 1k .

3.5 MERERFM

T B A 1 H LA AN Pk A A B (1 S 56 AR, A SCHE Epinions1,Epinions2 LA K Ciaol,Ciao2 #(#li 4 -5
A% PTPMF #880™ D=5 DL K& D=10 XA 1% LT 30T e A0, o0 T BOW kb 7R A A A TR B0 ) SE B0 3501,
ANYiks G BT Ese k2. 2R PTPMF #5581 AP AV R TR f (R DA BT bl S35 1 A T iR AR 17 00 L3 7.
B, 26 2 AT RN ABEREILE Epinions1 30854 L A0 Z S0, H b PTPMF #5584 DL & 5t EL iR TPME 1) 4RF 1l 4
[ D B 55 1 M 0=0.85/0.35, K RmA A E B L PTPME)KG FH )7 285 00 1% 2 28,48 — R A AL
o 0.85 F1 0.35(HP, 4T W (1) TPMF 5 21 f 4 [ 5 AUHE o 0.60,H0 241 &=0.25, T 15 B A ML AUE 0.85
PLK 0.35); %} b3k 1(TPMEF)[E SEAUE oy 0.85,%F L& 2(TPMF)[H SE R E aly 0.35.15 T 2~15 1% 4 1%
PIFHETE 10RO SVE (PTPME) 43 8 1 PR AN 2R A TR 22 S B i /N (5 T2 1~15 T2 4 10 2 50 UK
A AE 0.25,0.17,0.10,0.05 3 93). S 56 43 il 10 38 7 w0 AN [R) A T8 04T S0 0E, 2R g S an i 11~ 14 o ik 7
B G — SR s 1S TPMF BUS &A1 80 R K off.

Table 7 Values for PTPMF model
%7 PTPMF Bl HH
e 15 1 15 2 15 3 15 4 TPMF HU{8
Epininos1 (D=5) a=0.85/0.35 a=0.77/0.43 a=0.70/0.50 a=0.65/0.55 a=0.60
Epininosl (D=10) «=0.80/0.40 =0.73/0.47 =0.70/0.50 &=0.65/0.55 a=0.60
Epininos2 (D=5) a=1.00/0.40 =0.93/0.47 «=0.85/0.55 a=0.77/0.63 a=0.70
Epininos2 (D=10) =1.00/0.60 a=0.95/0.65 a=0.90/0.70 a=0.85/0.75 a=0.80
Ciaol (D=5) a=1.00/0.88 a=0.99/0.89 a=0.98/0.90 a=0.97/0.91 a=0.94
Ciaol (D=10) a=1.00/0.88 a=0.98/0.90 «=0.97/0.91 a=0.96/0.92 a=0.94

Ciao2 (D=5) =1.00/0.88 =0.99/0.89 =0.98/0.90 =0.97/0.91 a=0.94
Ciao2 (D=10) =1.00/0.90  =0.99/0.91  0=0.98/0.92  =0.97/0.93 a=0.95

I B T e T st
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WE—  §E- WEBE= KRN WE—- WE WHE= KEN
(a) Epinionl (D=5) (b) Epinionl (D=10)

Fig.11 Recommendation results of personalized algorithm in Epinions1
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Fig.12 Recommendation results of personalized algorithm in Epinions2
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Fig.13 Recommendation results of personalized algorithm in Ciaol
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Fig.14 Recommendation results of personalized algorithm in Ciao2
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ML 11~ 14 1) S50 R0 B R BUE 2L PTPMEF S0E7EH 7 B0 8 — R T A B 5, iT/3 MAE
E AL I T 18 5 B B (155 7%, R B B AL T 5 TPMF S0 B R0 M4 00 82 % A 5048 42 7 354 PTPMF 45
LS B ) 0] DR I % R — AN B 4R, 40 B 20 4 B SO I e S 8 o3 L B B (A Epinions1 Bl 42+,
D=5 W, 5t fE a=0.77/0.43;D=10 I, 551 a=0.73/0.47).3% 52 th T [F] — AN S04 46 5 10 P A3 6 e 1R e f: of B, B AT
AN W A S 2R 1) SO T R AR R A T AE AN TR B0HR 4 v e A S 8 oz 1) 22 S L A5 B 18 (0 D=5 B, Epinions1 45 4
R4 0=0.77/0.43,1 Epinions2 P &% Ciaol $#fs & h £ ad) 124 1.00/0.40,0.97/0.91).3X /& B T~ [ B &2
F P AR AR AT AN R I dge A o Al AN ]

IR SRR BT A IR P 8 33K A AT AL A A A (] 0, ) N G B T AR ST B I I

4 MHXIME

4.1 FRHEMEFEL
1 G B 17 SRS 3 AT JE T Y A AR SR DL BT B R 8 A S VAL B A A A A,
Forp T 9 2R I HE 2 SRR TR P s A S A P R B SR BT A A T H AR B A P AR S LA
BRI 1 5 T 13 03 D PR 4 0 43 DA T AT I 0 I S 0 B R B AR Y ) i D ARV
o BT WNAZ PRI R SRVEAR B TP R T E Vo A5 R, T 4R R T s AR L AR A IR
XEGAR 6 T VA AR D R HERE T 6 I V4 R 23 LI VA T P B b )
Fk AT IE B e SRS

o JETORIIY 1l [ Jek ARl I SR AR SRAT AR Y S K, IR PR Oy P AT HE R L v
Ji o 3 B U0 SR R 200 e AR08 e Salakhutdinoy 25 AU HY () PMF B8543 F o
HE T30 REAE LU R P VT 4 W T v B 2 56, 5 AR I AEG A R R 2 A 7 2349 P P i e LA B 3 ) g ¢k, AT
SEIL T HEAE AR 1A AP DA R HE A S5 1 v Ak TRtk PMIF A 28045 31 T 32 (19 DGV AR T

SR AR e W 400k U2 18 T R P % 0 H (VE 415 5, 208 T 1 P IR A5 AT 00 R fe sl se i B oK
1 VR 22 2 DG A BN 06 3 4L A (5 AT IO HE R ST VL 04T T AR B A 5%

42 BETFHREEHHEEFEZE

BE T AL AT B AT B4 32 B2 I 7 U (R 4 2 A 2 o I N AL A8 ) 4% mh IRB AT AR S 45 T () 15 X8 4R e
LA H 5 000 56 22 15 LARE— 20 g5 i, M i B v 17 R R S,

Ma % NUOME -7 3 B D7 5 |\ B PMF B e DA ok P T3 £ 435 4T 5 38 AT LASE 3o ) P R4 1) o 45 9 DA
THRAE 1) 5 0 IR ARG B %A ORI A AE AT SR R YT R BIVE 2 e L kAR T STE B4R Ak
AR 6 I H PR 4 <= f2 i F P P i H ) s &8 00, N 276 % 08 7 B 8380 LB P RIS S
o L B VP4 SR AIE WY, A2 B AR A T 24 I8 B 0 43k Tamali 25 A DY, Sclk[2] B 42 1K) STE BERL BT 2% 18 14t
ACATAT O FR AR RE I P 00053 W S AS 2 T2 PR D 43 2 W, T 3 A 53 i) e AN L 4% A B ks B BT P 22 I
S ] LT S5 i PR R M 1) 3 b 5 i AN A0 R % A 3 T IX O T % B8 L3R HE T Social MF B, Sz 56
SR L WA BY A LT STE BV 2% B B 04 T+ Yang 45 AUIE SCBR 3100 L6 D8 F P 2 AN R 37 5% R %
UF R BB AT R RS FEAHM ) A 13 5, B L e KSR 8 P B 2 ET ST MEH R T2 REAR
A3 5t R TS P 15 AT 5% R 10 7 vk, 9580 8 (R 4 AR B Y 1 21 SocialMF #E7 v Xu 25 NPR A28 e R g
HEAE 0 P AR B P Rk R AE A d A 2 W) T LA (0 S 1R i 2, AN T S A b A AR AS ) 40 38 3 5 P A
I AN TR R AR 3 TR MRl 2 b — 20 2 08 T 7 4R A8 56 2 1Y) 3 RITRRUER A 5 J S 4 4tk A T A B B
TP AL A H B AT A v (R A 2 1 G b 3R T T S v DO

WA VF 22 T AR S A 2 B0 P N e ) B2 £ Lt 30 £ T A A0 0 L AR A SRV R B Al 2 1 R T,
XAy — 77 T AR EDIE T T 90 38 T 41 A A5 AT () 4 42 92 1 o

Y R IRAH G TAREAS R, AR SR 45 A A5 AT 1 )42 5w 1) P i e F045 AT 1 7 B 5 i VT 43 &5 SR 3 o AR
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[FIHLHIAF 2] TPME B8R IF B XA [R] P 52 39 AL b 52 mi A E AN [] 1 i) 73, S B0 17 P B 2R 2 0 ) A PR AL %,
BETIHR TR A HEHE L.

5 BRIE

ANSCHE TR FEBE S i A R, Ak A 5 28 52 W Je 11 P )42 53 W AR A8 O 38 5 ) SR 1) L 2 2 WK L
FINTFRANTEGE T H P I AT O Z 0 HE PP 2047 A7 25 0 5 i, AT S 77 3 P P 435 A G % R RBE 23 R
AR S 1T, A ST XT3 S A RRGE JI AT D 850 A D ] AR Rl 5 15 4 5 28 1) 79 Rl AN () 5 Wi AL 7 X SR o, B
REZ BT VRO A DG SEBUHT 7 JE2E O F B MR AU BB SEE e St 1 SE B (R A P4 P PR 23 T AR 4t
HESLJE 1L Epinions LL & Ciao 23 T Hus £ (14 KH S 00 4 W A SCHRE R 38 T FH 7 A5 4 R 2 TR RBE 3 1 I 2 A A6
TR RE 8% B M B8 T A7 T 4[] I, S 6 5 PR AIE S AR ST T B8 LA IR 3R (PP 20 S0 L R S DA Sz A
B ) 708 5 2% R 7 5 SRR 31 T S B A .

H TP T) AR AR DR A8 BT B X8R 1 7 259 i P 1) e 2B 38 2 A oK T A0 3 2 B g e il B . el X —
T AR LA I S IV A TIOR8 O bt A A Bl [ P Dt T LRI, P TR KD D 2047 S (X8R i ) 2 56 80 7 T £
R AT R 2R DALk, 5 B ) 5 G0 (R0 W A 220 ] e S8 i e AR TP T FR A AT 56 2R Bl A AL (1 T R IX 2 4 )i
TARIIRZ L A TR AROR TAR A B T 51 A 5 AR R R AEAS RN AT 1 AN RIS, AT 3k — 25 58 36 A
SCRTHRE T (2 TR AR R AR I VR I BOR
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