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Abstract

With the expansion of social networks, the use of recommender systems in these networks has attracted
considerable attention. Recommender systems have become an important tool for alleviating the
information that overload problem of users by providing personalized recommendations to a user who
might like based on past preferences or observed behavior about one or various items. In these systems,
the users’ behavior is dynamic and their preferences change over time for different reasons. The
adaptability of recommender systems to capture the evolving user preferences, which are changing
constantly, is essential.

Recent studies point out that the modeling and capturing the dynamics of user preferences lead to
significant improvements in recommendation accuracy. In spite of the importance of this issue, only a
few approaches recently proposed that take into account the dynamic behavior of the users in making
recommendations. Most of these approaches are based on the matrix factorization scheme. However,
most of them assume that the preference dynamics are homogeneous for all users, whereas the changes
in user preferences may be individual and the time change pattern for each user differs. In addition,
because the amount of numerical ratings dramatically reduced in a specific time period, the sparsity
problem in these approaches is more intense. Exploiting social information such as the trust relations
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between users besides the users’ rating data can help to alleviate the sparsity problem. Although social
information is also very sparse, especially in a time period, it is complementary to rating information.
Some works use tensor factorization to capture user preference dynamics. Despite the success of these
works, the processing and solving the tensor decomposition is hard and usually leads to very high
computing costs in practice, especially when the tensor is large and sparse.

In this paper, considering that user preferences change individually over time, and based on the
intuition that social influence can affect the users’ preferences in a recommender system, a social
recommender system is proposed. In this system, the users’ rating information and social trust
information are jointly factorized based on a matrix factorization scheme. Based on this scheme, each
users and items is characterized by a sets of features indicating latent factors of the users and items in
the system. In addition, it is assumed that user preferences change smoothly, and the user preferences in
the current time period depend on his/her preferences in the previous time period. Therefore, the user
dynamics are modeled into this framework by learning a transition matrix of user preferences between
two consecutive time periods for each individual user. The complexity analysis implies that this system
can be scaled to large datasets with millions of users and items. Moreover, the experimental results on a
dataset from a popular product review website, Epinions, show that the proposed system performs
better than competitive methods in terms of MAE and RMSE.

Keywords: Social recommender system, rating prediction, preference dynamics, matrix factorization,
trust.
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(Figure-1): An example to illustrate the main data sources in the proposed model

SOty Juo —F

ale zlgnl glp golpriny Joo Ban ab lal
svbedy e ile dajad () 5l esliinl b ()5 by
o e 3580 e Dbl g
Sliloel st «oledyo o &l Bas Al (g5luaig
Bt |, sl e s lane (V) JSE 355 o ol

T

San b -F-)
Ly e Johaie swmsoleiin el
Sliliel b 5 olsesls Lals) Jlasl slogu sl
&lp 99250 slaools den | (Ll s sloel g oyl )l
e a5 bl 5l [13] aisS e ooliiwl Jaw ijgel
SrSpiz ek el (Sl by Sy e )8
Wby Jlxl 4 )5 o Gla)ld; S (oo i
ool a5 53 (e 3l algf oo (goz08 Lo
sbghy, ple S » Galple f13] sl axsls
dor 3l ol Joe 50 ol L (S
siigel 8ol lacas L3 Sloy slaoygs jo il
Ol Sgbon Sl (Shmpiz oal ogb ced ool

2 Skl G ile
RED) LS s 050

olie gilele s
[0,1] o5 &

S Shs ol gl
(U(t_l))oi—:j 0598 533 ol

2 Skl G yile
RO) Jad Slejoy90 [

olis 53l |
[0.1]sest:

y-n 0,99 ;9 slaxel sl
(T“)) ) @Lﬁj

! logm sle gl Zed !
! 2 05 Ol sl s !
: e Sl oygs :
M VO ,U®) .
1 1
1 1
1 1
1 1
1 1
1 1
| ® ® |
1 A 1
\ Joe 0! u 4 I
\ 7

N 7/

Sl i ile (i
skad Glej 090 50

B T VE—
s MAE Glajlw)

Goledion Jow (g yloro (V- %)
(Figure-2): The architecture of the proposed model
Y 2l ) 5Ll Ve Jlo

Ui Olilel e 5le
R® )shad oo s



http://dx.doi.org/10.52547/jsdp.18.1.28
http://jsdp.rcisp.ac.ir/article-1-929-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-22 ]

[ DOI: 10.52547/jsdp.18.1.28 ]

OLDE G2Me (5292 (385 M5 b (s ko &35 3 (e (Eleial 6350 S lhsiasy Ailolw S

).'QL..;—‘ u,u)ﬁ.,o] )914...@"’ L Wdlwd S B o O slezel
FO) = &b 5 eslizad L1, R Jlaie o dajzal )l
8l ~[37’ 39] r“—'—'Sgs" JJ‘-\"-' [011] “’)'l’. 4 X/Rinax
Sid @b 5l oolizsl | [33, 37, 40, 42, 45] wiiles
oo olgaioy [18] o a5 g(x) = 1/(1 + exp(—x))
oS o0 9990 [0,1] 551 4
ol 4525 Bas wll Vb Olwsgs 4 axgi b

g waly> 5 &0

m n
1 ® T
1 RO p(® _ (0072
yOVBW®© ZZZ’ Ry =97V, ))

i=1j=1

m m
+ %ZZ’T“) i ™
i=1k=1

1241 VO 12+ WO 12)

Ol Sole oY) dlal, o cusw Ole g0
VSl g IT(t)le(z)
d S S el Sy il IR

sf 5otk 0o, aoslil t Sley 6,50y 1) | o8
®©
1.R

oS slallas

Hlade aS 5 ebds tasius

K S a5 S el S J,tﬁ 157 ke
Slade Dygecp! ey il 0o )S slael t Sl (g0,90
o olazel il e A el e io il 157
wiSee S5 1y ol boawlis o )5 3
r’l’ Olyee 2Bl 25,5 Ap Jlade az ;o oS5 sbay
B Ol 0ebee i )5 Bl g9, p oloiel
et skttt Ml e 5 A1 sl
o I sl o] saisSeekis el 4 a5 g

145 (6 by (el Gugang

IR® 2= [xm s RO

s e g Jlyen Sjgod ()l @0l

aS pgd phelae b am s 13, 15, 31]  wiS e
s oS Sy 8,90 STy )5 ek sl Sy
S 0 2 johie pdy S e S e BB
S Dt S 8,90 50 25 SO ki sla Sy aS
t1 Slej 898 50 ol Bl Sl Shy a4 Sl (Kl
M® € R Jlasl g 5lo S d )5 52 lys g 0,00
9t Jlge Sloj sloeygo j0 ol la Sy slop 90 (o
PR . . ® (t-1) .

wLi) GuM.lJJLO U"‘ .M)ng;o UL' 9UL: gs""l at'l

! Indicator Function

Y 2l ) )bl Ve Lo

Pl a8
g yidn osls gkt Ulie 5 Wl Lrals cusa
8 oLl e slael Gl 5l ISt ol palS (sl
oS oo oolaul wljlol LS
5 UV E R™? lamile oS 55
ol sl Ty slogw il e VO e R
wlad olal d acal t glej 6,50 ,0 ol 5 o518

s_)‘)LH.A‘ aQ .bj;).o uo)...wo B solo

9 M Hlade 55 2 5l JSzsS L d jlaie) sl Sg
VO VO s UO 5 UP g oy o (culn
Moy g 18 Gl Fhs Jor Sk «oia
e ] o Gl S
5 ols oS
gl U Slejy 6,50 50 Slilewl s yle 51 ool
oadglinl sla Shy A oo b
ooliul RO oy 5le polie i 5 (S sl
Olgreay 1?1.(;) Saie g Glp &S Oyge pl oS

bl pealss R 5| teess

ow il &ps b,
L1t gley 8,00 50 Bl g ol

Olgi oo S (o0

) _ ;OO
Ry =U;"V, Q)

T
2l VO s s0leil 5 VO a5

B €slomyle wuiSco (28 (yized

(t) € Rmxd 5]Rmxd

sleomsle  cwige W
P Bl (pdeine y GBaSoleiel Gl sla Sy
Wk(t) s BO 5 Bi(t) S Sl
Sop g b saSolezel )5 o Shy o Sole
sbar wiea T Jloj 8550 j3 K dwiae )5 by S

g WO s

slayloy (ple & hg, 5l colaiwl L aline
3)50 B UJJA:\M 9 QKJMSQLQ.».C‘ ULQJ.» L;LQ‘;)JB
O yguodudy Tls(t) slezel jlade ¢ zlppeal U Gl
T . T
Wk(t) a5 og ol o BB Bi(t)Wk(t)
] Wk(t) salgil s
Ol e bl
slad e skl gl o BasSsleel
Syen 4385 S s LS 55 ol Sle sla s
Ol Sl Sy il & 0980 558 (rlnle {37]
9 o Side glaShy glad UO e )l
Soy e asmaye wdl e sleiel 5 Oliliel o Sl
A i - c. & ® e
g Pl i 5 el (KSx U7 Shs
Sygods tgley 8,00 10 1) 1,550 4 ol slezel  SsS>
omle L wnlp 0w e parie Glojee
sy slad &b 3l 1, il 9o Bl Olyiee
polde a5 pl Jdoay J10, 37] o5 Jaie ppdy S yidee

obe wlilonl s sle o


http://dx.doi.org/10.52547/jsdp.18.1.28
http://jsdp.rcisp.ac.ir/article-1-929-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-22 ]

[ DOI: 10.52547/jsdp.18.1.28 ]

oL
y® = p®

=G *)
J J ()
o,
oL
® ®)
w,” =W~ —n Y
k k aWk(t) )
oL
® @®)
M Mi n aM(t) (A)

S e e L bol 5 el 5250k 25 oS
3l cwl OLle b e

L

u®

n

ZIR(t) ,(U(t)V(t) )(g(U(t)V(t) )

) ©®
~R)V A
m

® o T
+ ATZ 156 g/ (Ui(t)Wk( ) )(g(Ui(f)VVk( ) )
k=1
_ T(t))W ®) + Al(Ul(t) _ Ui(t_l)M[(t))

+ 2, u®
oL

® -
o

m

® , T T )
215 g uy® )(g(Ui(t)W(t) )

i=1
Oy © ®

Ny - RO + 1V,

oW
Apym 110y (U(t)W 0) )(g(U.(t)Wk(t)T) IR

L

Tﬁg{r)) Ui(n + w0

aw

am® av)
LUV WEIME —u®) 4 2,M®

&b Gie g'(x) = exp(—x)/(1 + exp(—x))? a5
Al ee g (1) S

Ol jlcol (o gy —F-Y
Ui(t) bwlawsd sl Sy Jop g0 LB oo b
T e . g u®
sl 5l 0gd oo i ] o8 T )18 Ll
ol Sy U o e 6yl wm o fols Az oS
g 5o (S ) Dygody Olilal jlade
N T

% =0 (09) R o)

o 0 @l Joe Wigy (V) sl
Gl MY sl s Y s s aas e i | @il
2o | ggae d Xd Jlad uple Li 55 2
s VO UG ey Sis ol e 5 4
Yhs o Web oo 880k Solas polie L WO

2 ompbe L3 by 3l solerinn Jow gilwesly o

ol ok She Jlse Lbr s
L waSee ol 1, WPUEY clals,

Jael sl |y 5 e JEl e (5,5 k0,0
e o )13 (V) dlly o ol 5 @Ml Sloy ol

U® ~ yEOy® ®

yy Oheed (V) dal, Gua &b a0

18,5 o (s g3l

L=
1 U T
; - R® (t) _ ®) O \\2
vOTOWw® ZZZ’ CChR )
i=1j=1
A m m
T (t) t
PN A
i=1 k=1 T
— g W )
JR )
+71Z 1u®
i=1

U(f 1)M(C) ”F 2 (" U(t)
1240 VO 124 W@ %
m

D IMO 1)
i=1

Slie Ay el b pow Syle (F) A, 4o
Ele &5 Col e Gl el )lgen (gilplass
Ol S s Oley b yo Jlgen Ojgoas b o8
o il Gred gl giluaneS Saasplis o)le
3 aSolr ssbie 4 ST ojle ol M Jlad
ol ol sanS st gelb Ay AT odgr b5l i
B A plp A ssleesly jo (Jae (Sole sl y
MQ

Silwding p yol -F-Y
don lp Glojen jebay (F) Al o L Gus &b
5 1 oame MO WO VOUT sl i
Ll Gz e &g it 51 SO y0 4 S
0 L LGl (e doge S Olee a0
S35l Jsemeysbay a5 T Bolas Joi (Lol S b,
051 Cawsay 13] cenl Jloy95 95 s (2, Ken
lopiie plo GLAleaS cob b piie 52 uelém e

g0 Sluyigya p) buly, &g

oL

® _ ;®
u® = y® _p
au®

L L

()]

g

! Stochastic Gradient Descent


http://dx.doi.org/10.52547/jsdp.18.1.28
http://jsdp.rcisp.ac.ir/article-1-929-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-22 ]

[ DOI: 10.52547/jsdp.18.1.28 ]

OLDE G2Me (5292 (385 M5 b (s ko &35 3 (e (Eleial 6350 S lhsiasy Ailolw S

b (2 Ao y) 0kl 5o 200 plosl WOVOT) 2308
Shlel pmyle polie (OF) Ak, 5l eslil

Algorithm 1. The process of rating prediction

Input:
matrices; R®, Rt-D T®:
the dimension of the latent feature: d;
parameters: Ar, A1, Az;
learning rate: n;
convergence parameter: .

Output: matrix R®.

1 Map the raw ratings in R® and R¢~ into [0,1].
2 Initialize M for each user i, U®, V® and W®,
3 Compute UE-D,

4 Repeat

5  Randomly select RS) eR®and TP e T®,
Update U (equation (5)).

Update V) (equation (6)).

Update W, (equation (7)).

9 Update M (equation (8)).
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10  Compute £ (equation (4)).
11 Until change of L is less than & igh oo T Sloy 5,90 M1 5 (0,15 ety slo S
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(Figure-3): An example of the rating predictions in the proposed model
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(Table-2) The performance results of comparative methods
Method Metrics | Case-1 | Case-2 | Case-3 | Case-4 | Case-5 | Case-6 Case-7 Case-8 Case-9 | Case-10 | Average+Std

MAE 1.2819 | 1.2114 | 1.2184 | 1.1758 | 1.1814 | 1.1898 1.1423 1.1141 1.129 1.1046 | 1.1749+0.0545

TimeSVD++

RMSE | 1.4185 | 1.4111 | 1.4192 | 1.3624 | 1.3344 | 1.3367 1.2998 1.2645 1.2708 | 1.2591 | 1.3377+0.0638

BTME MAE 1.0153 | 0.998 | 0.9949 |0.9415* | 0.941* | 0.9378* | 0.9589 0.9654 0.9862 | 1.0141 |0.9753+0.0302
RMSE 1.28 | 1.2703 | 1.2814 | 1.2145 |1.2141*| 1.1734 | 1.1203* | 1.1269* | 1.1413 |1.1291* | 1.1951+0.0658

MAE 1.2639 | 1.2401 | 1.2134 | 1.2095 | 1.1954 | 1.1154 1.1192 1.0814 1.0214 1.033 | 1.1493+0.0868

DMNMF RMSE | 1.3871 | 1.3943 | 1.3814 | 1.3819 | 1.3312 | 1.2767 1.2815 1.2293 1.2108 | 1.2215 | 1.3096+0.0744
TME MAE 1.2723 | 1.2471 | 1.246 | 1.2191 | 1.1648 | 1.1621 1.1576 1.1053 1.1104 | 1.1027 | 1.1036+0.0635
RMSE | 1.3904 | 1.3812 | 1.3802 | 1.3296 | 1.3195 | 1.3013 1.2843 1.2428 1.2456 | 1.2437 | 1.3119+0.0584

CMF MAE 1.1859 | 1.1151 | 1.0904 | 1.0497 | 0.9701 | 0.9665 0.9998 0.9649 0.9971 1.004 | 1.0344+0.0745
RMSE | 1.3512 | 1.3476 | 1.3272 | 1.29 | 1.2652 | 1.1376* | 1.1385 1.1286 | 1.1257* | 1.1354 |1.2247+0.0997

TrUStPME MAE 1.1438 | 1.108 | 1.0636 | 1.0319 | 0.9742 | 0.9691 0.9696 0.9704 0.9805 | 0.9911 |1.0202+0.0643

RMSE | 1.3314 | 1.3256 | 1.3207 | 1.3151 | 1.2614 | 1.2322 1.1291 1.1278 1.1259 | 1.1311 | 1.23+0.0926

MAE | 0.9971* [ 0.9766* | 0.9763* | 0.9775 | 0.9833 | 0.9711 | 0.9584* | 0.9612* | 0.9711* |0.9732* | 0.9745+0.0109
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