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Abstract With the rapid growth of Web2. 0, social recommendation has become one of the hot research topics in the
last few years. It is the key point to improve recommender systems using social contextual information in a more effi-
cient way. The existing social recommendation approaches mainly take advantage of user’s direct connection(explicit re-
lation). This paper detailed social relation as explicit relation and implicit relation and obtained the user’s reputation by
using his/her historic records. Then we proposed a recommendation framework capturing user’s global social relation
(reputation)and local social relation(explicit relation and implicit relation). Using two real datasets, Douban and Epi-
nions, we conducted a experimental study to investigate the performance of the proposed model GDLRec. We compared

our approach with existing representative approaches. The results show that GDLRec outperforms other methods in
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terms of prediction accuracy.
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RP. RS HREMEERRRS STk
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XH2ZINERERFHAEIM THIARE. HAW
2Rt 317 B (global social context) # )2 F P 7 H B FE F)
BN A2 W P BT AL R AL BB R AR e L B P R
B it 225 B (local social context) 23 F F 52 AH4EFH
FZE AR .

BHAPEERITRE P — A EH P ERET R
PRER FEATIR S, BN i B R W IR A SR
B, CER[2]E B A A RERT, fo PageRank 833t
HH AP S, BE BEEHEZ A BETE E R 0,1]
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KRR SCHRES, 7R P Ak e e R4 B 56 R (Direct
Relation) #13E B 3 3¢ & (Indirect Relation) , 3 13 75 4% 3
WHHEFAP X RONE, XIS TE TS
tion 5 explicit interaction, $& H} T #r i HELEBLA! RoRec, B
A EHFFLRT implicit #1 explicit BT T A—RH & S, CERLS-
1134 explicit information B #% Fy4t 3 Mk H R A%
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SIHEAFHAUESE.
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4.1 HESE

SZRA T Douban ${# #1 Epinions ¥, iX ¥~ 503
BRI GETHINE 1 R, LRTANSESER PR EE
VR GEATEE R 1~5) L3 X R4 (trust) R 5 4
B (), T4 B3R e BRI 4R 48 (train) ; PR EE (test) K 60% -
40%.70% :30% .80 % : 20 % B EL AT BEALRI 43

£1 PAEESKIT
Datasets Douban Epinions
User Number 7700 22168
Item Number 6497 41369
Ratings 851220 583968
Relations 5874 342037
4.2 RHristw

RENERER TN RERREEL NG, EHEHN
REFRBESAEE LR ERT AP YRR R NE
KEE., AERANTESERENRG IO ENRE
(Mean Absolute Error, MAE) DA &% 77 #R 18 2 (Root Mean
Squared Error, RMSE) :

MAE—|EP| 3 Gl (8

RMSE= |E,,| T (et (9
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HNT M BEREEER A XE RS UT Bkt
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PMF) . #3245 R A A (LU P 1 SV 40 BB i 1 e o
AR, A SCHR H IR DR A TR AL,

SoRect™ : Z 77 kB FHERIE 4R, 3 ¥ FI P AL 30 fE
BRI RENES S, ERERE RN RR AR
R

SocialMFU#) ; B F4E 4 4 R H AL S AL, SIA T 15
TEAEIBHLH], T LA 8 3 sh Rl RR A B2 .

SoRegH" i 7 g th B 3 THERE MR , 8 13 5| AL IE N
0 (Social Regularization) ¥ Fi B R E B BEAER 4
H,

BT PMF &EF B XRI, HWE R BRIBERL
GRS EER LA THPMAZFER . BEREES
BRARCEEHNERREL, PEREZ R MBS H3E
XE,

BHRHEMNGERME 2 Mk 3 Y, EP 80%.70%,
60N FRYIGRERT B B, ERFW, R B WEREH

M EE LR E M &,
% 2 Douban $(IEE LB NS KT H
. 80% 70% 60%%
MAE RMSE MAE RMSE MAE RMSE
PMF 0.5714 0,7301 0.58 0.7336 0.5922 0.7383
SocialMF 0.5691 0.7253 0,5761 0.7310 0.5%04 0.7370
SoRec 0.5705 0.7287 0.5783 0.7321 0.5916 0.7377
SoReg 0.5683 0.7278 0.5764 0.7319 0.5893 0.7362
GDLRec 0.5608 0.7170 0.5609 0.7172 0.5683 0.7280
# 3 Epinions BHE L ENEE T
- 80% 70% 60%
MAE RMSE MAE RMSE MAE RMSE
PMF 0.8641 1.1503 0.,9123 1.1713 0.9572 11,1832
SocialMF 0.8531 1.1342 0.8514 1.1425 0.8729 1.1596
SoRec 0.8502 1.1437 0.8677 1.1583 0.8964 1.1649
SoReg 0.8496 1.1312 0.8519 1.1396 0.8691 1.1528
GDLRec 0.8351 1.0805 10,8513 1.1050 0.8773 1,1474
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