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A social recommender system based on matrix
factorization considering dynamics of user preferences

Hamidreza Tahmasbi!, Mehrdad Jalali?*, Hassan Shakeri?
! Department of Computer Engineering, Kashmar Branch, Islamic Azad University,
Kashmar, Iran
23 Department of Computer Engineering, Mashhad Branch, Islamic Azad University,
Mashhad, Iran
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.

S Gl 4z 0,50 a5 Sl Tlools gl Ul

15 colaz! samsolitn sloalels 5 o), F tngs
))3 < . OMQOM' S ‘)Q Q)Sg_)“'a’ﬁj" ’a_,_?u ).) &.ALC)UG‘ 69.».,.9 9 & -\~J) l-’ s)-o‘ aad 99 )o
o5 il o gl ole; boools st Alis o ab ] s o b e b -fu S

lools szl 1) 361 51 oS b oot )18 ISy wiloads azlye suz ol b ol vy
Slesls ;L el s Sldd 51,50 3 o . . . :

. "’ )"‘. )L»" 2 ) o7 5] p ol Glaleny 9 g IS ope S A ()
Sloptuss (S loladgume SIS g Ol lawgs olgsds ledll 8l 5 ledll I ogul
A-JL?L»J‘ ‘_g‘).g ).3)[5 kSJ [4] 99,0 )Lo.wt-b owédwb

ol S @l 2Bl Bleddsame ol Sa i e o] g oLt slapaas
O olazel bl cplply wauS solawl w)ls sleel

i T loaibols gi go aslis ) Sledbl b Jls lgie
é,.m.)‘j g_i: 9 [20] o&y )ld.f)_ul) LQ.:‘ d.:)LC )0 u‘)J)LY

3,0 0g2g )15 3de o bl g sleel o (648
[31]

doddo —)

Slr wilgiiee eyl )l Olyieas Tosnmsslginy
39 Sgd @ly ande (SMbl Jbyw JSie b ablis
I axg Sy pSpdzr Heba 3l gl
Sloogas 5, Jebw b babls ol il s
[ oMbl 5l s BB s 0,5 2k 5 )8
ADle 550 el o a5 |, LMl w0 wilys oo
o So aSal by asS sleiy sl 4 asl )8
Solyz )5 G Ae 5550 (e az @ 4T 1) e
3 el oS Sl g5 (n et S (St
Shilewl 4y bgs e Oledlbol g oo oolaiwl aailebes ]

e Sahobde 5 Griin SoblB 4 arg L
slopi oSl cdel jo [26] T sl &3 sla s,
g o oolaiwl o gy cpl 5l saumsslpiiny slaasbile
L el s oLl ol o Sis comile &2 (b,
WS oo gl ol puple i Gk
S @Bl 1S e Ol 5l S e sl S ek
Moy g 8 (S by lepbay coisa lize oy
Srolp ey o B ol g glunl (o8 Shy

gb o0 plnil pasdal Shilel (e old 9 )
Lg coamposlpiny slaalls ;o olp)l5 L8,

ol ol 4 g s e I a4 lpl5 A el
Do oo 4idS OljLal
S eolanl (slaiml gleasiis S L

Ml dols a4 o5 bl aS G ol
P e POl Bl Sissbe g oype BaSd ol o edumosliiny clbailels

5 dads )5 slaylis, ul S e s Loy sk yo
4 Joayshay a8l 23 05 U Ll ot G
oolaiul (LB dyyo0 wan Bl 8oy 8 51 LY
O et @Bl (B Cangame (@B (S 5l )
BB o3l g e (liwgs il o SIS CuaBge S

Gbabls o3l sl ls 45 o cenl 48,5 15 ool
w9 Ol sl Sl Sl e eleia] Baiassleiin
BB as, NS e Sl 4 a8 Sl e
Sl o olazel 4 bgy e Sledbl ailarils g

L oablas glp 55, b aaie SO sloss] gloaSils

3 Data sparsity ! Information Overload Problem
4 Matrix Factorization 2 Recommender Systems

Y b ) 5Ll 1Fee Jle

&



3
3
3
i
ﬂ.
|
F
5
¥)
3
3
2
3
g
3
L)
4
3
Y
E\
D

SLl )8 4 558 sleslpiy &) jslaieay sloe!
ol 5 ol @dle abs Js 10, 34] el ous
099y SR ik Sl odl 48,8 onyol leasleles
olpinn 3,505, 5o ol solawl el a5 s jlo &350
lises il wledbl ool oS 5 oSl cwl oals
i ol cbysly olazslay [35] cusl Jas
5o le
575 g, 3 oolitel b iy pluo Jao o5, &)l @
Ol @M Sl b oS5 slr ol
C8s dgun yebieay 15 o olazel 5 S5l
Ol Slilael (oG
2 2 @l et Gl (il g gl Al @
Bl L eleinl sammssliiy, alls o
8195 55 (e Gl et WA (sl U e Sl
P ) e sl Jlse Sl
2 Sosre s e 0 s Allie pl Al s
Tl Bun Ul pgw i5u 9 00 i SlaiRsR:
PlaB] gl Joo By apylez A sh e
5 Culgdye g oad &l Sbs )l wls paey (idu jo 0l
oui] gloayl5 slaoloidiy 5 (o pS et edd (i
g ge £ylae

B ls 45 eamasliin gbable 5l oyl
o Pl i Gy 5l WS e S e ) Gl
bozmoolyiing ol oy 5 bsyme [39] 0iiS o oslizal
5 TIMeSVD++ ol 4y s yilo 4525 » o Slej
Sl o (Byre b Jow ol cconl oals sl [12]
oley 2 58 Jpame o8 2 g 5 e 6ly ' bl
Joe s gl 1) Gl)ls @dle (e Sl s (o5
G575 by ool g 1y e ile &5 (g, (nl S e
Folly 2 6 pSol s o pll (SVD) YQ.SA Slade
liee Oygods al> 0 2 o TiMeSVD+H g, o
e ok Sl OO 4y a5 dpde ol
[15] 5,5 oo & y0 el b (65 Luopeudais
[15] ;o 55 omsle s e oo S
Sy 1y Gbol)F mals gy a5 cwl ouls olgainy
5y 2 5 5 ol s Shs Jbp xSob
lroygs dan o cadesls Olilonl 5l eslawl b Sl
O3S 5 3l 00laial b s 10003 (o0 Armgs (L3 Slej
Joe G ol 8L 50 50 )l lesy oy sl T

! Bias
2 Singular Value Decomposition
3 Lasso

FY b ) S bl 1Fee Lo

Jsb 5 ol @dle 5 b8, s @ 4z b
Jb o Glasls 0,503,910 b olpen wds Lia> oyle;
2 bl Gy 5l (S g e Gl s
aazg b 38 Jaw obl ceasmoslpiny slapinw
[16, 24] el 5loy Jsb 0 ooy @dle s
Lol cal 53 ollS @dle ey iy o8 Joa
5 Oy amr &Sl (K8 Jod 5l ala il Loy
9 i GILA) L_Sme)sé L) d—’y" ).....u C‘)M‘
s @ 5 el s g cnl oS e
iz el azlse [15] gl @Me 5880 i
590 S5 50 9z g0 8ol lade gl e g5 (pl yo
Alae a3 9 Whoo 28 (298 JB jsbar Sl
<o [15] cul pasas Sl cpl o eeols Sels
Jdoay Suw 3o Soere bamsslpiing slaasble
oo 2ol )5 @Me b 58,515, pae
slaible ok a5 s o lid sadplxl Sldlas
5 plae yebas a8 )5 slasls 5 Bdle b oasmoslpiiny
bolpin 2,5 Had g el e o b
o5 eS| 2l el pl by <[5, 6, 17, 29] oo oo
@eolpiin &)l cel 5 005 555,08 LS, o
2 2] 955 e lagl (Jlad e 5 Ll 4 5o
) el sazmoslyiing glbalbls il Lol b
58 oo ool 1) IS 80Me yo ey b il
S B gy 585 05,5 L i () 5o
loixl samoslping able SO by Job o
Shl Gl @ 5535 9 e Glaskiin adss skt
oS oley Jsb 5o 0l)lS des sl @e ss ,
53,01 955 el 3o oS o8l )15 e g S
0,9, cnl 5o il 8,5 waaslpiin wlils S
S Jlyen Spgods Gl B0le a5 09d e )3
4 S ed g 5,50 ke 5 [13, 15, 31] aiiS e
o le Sug o)y (K (3 Slej )95 0 ol @l
Sn oS e sk S e sl @l i
Ly osden ooy (B5el lste 8,50 55 (e sl Ml
2 ol o slazel 5 5 Slilel oS
Lo el o5 ol pmple &5 )
albobo (paiz Plilieen,s Wiz e WS 0 gt
5 Shliel oledbl oS5 e Basassleiing



Log il o ohiletel s 5o 58 B8 Sl
5 L8 ahilesl a4 ol gals &b SOl eolai]
S S Sissba st o0 s
3 ke Al 3 58 oSl sl e
Ol g ey ol L clildS aialgs gl e oliLo
oy Ol des Slilel 4 sadolul o;5 o)
Ol pess a5 Codly ol g el LSy (ol Slej 8,90
w8l Solite Wlgoe )5 2 lr ooy Job yo @l
Oh9y drwgs b [28] jo 05 co 485 onyol 23, 31]
3 el S ld el sle (YLl &8
zleeal Gl Gl e wamsslpiins slaasble
b Sl slad Jow 4 axgi b g cnl oedise
ssliial (1)l &dle 5 o Shy JUS! msle S
S o sl @dle et oS &S bl IS
Gl e 5 gy cnl (Ghel Cusgazme el Sglite
Ol den sl JUKT Gyl S (oo (5,8 a5 ol
2 ol B by 3 [32] 45 18] o L
S eolilial pogdle a5 s ail] (S5 e 3 ol
2 oS o slezel Lty 5 ol Sledbl
OBl )l S oo oslainl I8 Slbel cio i
@Oliel 4 by o Boloacgere o Jelow b b,
12 oS adle abs 2l a5 wols i ol
S Mol 85 sy sly oley b
Skt JSite zalS eely by, cpl o slael 5l solizd
Sl gl g (b Joe g0 «Ghg) (nl 5o 298 o Laosls
el o ) SV gama 4 )l les s W,
Ml slp )5 52 hled jots W) oy &5 s
123, 25] 05l Oogliie cans] Scme sciliien
o Pl omple g by, 5l Al s
S St oot ol il o ile 50 41 L
el bz ol 4 a8 ogh oo i B S
Sl By ool Gl gy 9sd o0 48 [14] T Lo
S5 b a5 el ond ) [22] o aslgiing dys
Jae o o 50,0 lo] Sloasgs 5 ol)lS il
G by Shess 5 (mile el &
o le Sl sk (noy S e gl ) Ll
8,9 95 ;0 oLl sla Ty om <SS ol Jul
o rle (Ghyy ol jo S e eolital Jlge Sl
ol o 4 F 55 s ol S des gl Ui
Dolite (Sen )5 2 (ln BMe S Wy, &S Jl>ys
S e e s, e (28, 31] il
gl 2bsy gl sl DMNMF? ol ils

sals (higel @dle i g5l (siluae (slp o
Gl Sl g, cnl )0 eal Al Lol S by, 098 o
Sl b gy ol b s o laosls ols S ia
Oyl 4 g wlosls sLaal 1) @I 51 oS by olass oS
w8)S owsl by ol 5o s Bgpme N0 9,0
g A e 5o S Jed cnl g Sl oad
Sy Egyi olp)l5 Shilisl a5 Jb o Wgd 0 B>
2l Ol Gloloy (e 80 50 055 g 4y WilgS o
[15] wsly axsls 3G o8
o sl JEl G yile So 50k L [44] o
svbeds Jlgie Sloy s0,99 99 )0 )5 2 sba S
SVl &5 w2, )5 3l ol gl
Sybiss 28 il (nl )3 29din 0ol drng e jila
9 WS (o0 S N Ojped olp)l5 @l oS
S Sley By 4 s Sl 890 o )5 Bdle
et 5 el Giisel ln Gy ol sl s
55 5l 5 o oozl g5 ool 5 5 JUl o il
do el )b sly cslio polie (uasd (09l JSidee
BIMET (b &) ojmt 1 (siion b & a5l i,
6y TS i Ui e ez 5 45 A ool damsgs
S g0 ool JE! e 5le Soj90] g o 2ally (e
Ge Jil lam plo Ghigal oy, cnl (el IS
EMe yis oS )8 5 (sln 35800 sl oS Cu
oddol by Cuye Slyied g 39h gl Sl of Logass
Sy E975 Ol i Shgy (nl )0 09h o0 Camre
1PN I RS 1 RN, S KL S SV LA KPS
O p e Al ey (23lel Yoo 5l aS) wileols
G by oo Sdwe b [38] o agdoe Bi>
Oz 9 el e (Swen 1855050 5 )8
g wdee Ml Ly ()l AT e Olxesss
Ol Skl il 325 Joo o il dos oS 5
3 e Sbnedg jleslitul ax S1.0igd oo (S
orle yo eosls (o> JSae a5 4 )b (nl
o oBawodl)l Jy S o SIS Sllel (gol>
o (2Uly byl by, a5 aS e ledl sasl
Sl was ol 8 el
Slp omle GVl 528 o (e (g Sy
33 Sy S 50 Ol Sl @l S
(sboy 50 2 50 (Jaw cpl ol oads slpainy [3]
)99 ol 4 barye sleiel 5 DLl o fle pogdle
slooygs ;o Ml 5 o)l sla Shs (Sl i Sle

4 Non-negative Matrix Factorization
5> Dynamic Multi-task Non-negative Matrix Factorization

! Cold-start Users
2 Bayesian Temporal Probabilistic Matrix Factorization
3 Markov Chain Monte Carlo

Y b ) 5Ll 1Fee Jle

&



O BaMe (5392 (385 35S b s ko 335 p3 (e (SELeda] 6350 S ghudtagy Ailolw S

Wb Gl Bl g GlR) 5 slas (B g,
slaghy, 5lo@olasd s anper plpea

ol 13,11, 22, 28, 32] b 5 e saimoslyiing
Sl 1y 0g3 e EMe ynd 6N 2,15 50 a5 ol
oapol 23, B1]usl Sglice Wlgie loy Jsb 4o a5
[11, S9zge slagss, cdél (rizran ol oul b S
oolisl ol 5 Slilael 5| Laié 12, 15, 19, 28, 36, 44]
eyl 5o bools Sols 18 Alaws s 0 a5 oS
a5 [3, 22, 23, 28, 32] o by, 3l golaxi ;o 0,08 3e>y
L 5l ollS ils Sl 5l wlilael  egdle
Ol Sleogas 5 oM 5Ly (St Sldgs wleisl
g adl ials leosls skt Al wad eolizal 3
oy, sl oad olpiin CoaS ogugs el
adbesle 5 Jeol 69,505, s L (S
oS skie lp
oyl ol cosgams Jg 15] auiws onmsslpiin
Sl eyata el L Mbn 6leds
a e o Sl Sols 5 Sl Glajses
Gl Sy o s I3 ole) Sl
cds b,k [15, 46]
omrle L3250 0509) 09 Spdyolie 9 (St
3 Pl DMl oS 5 Gog el rien 5 [26]

Sgdsn yymS dyjmi yo

Cewl oo el 35] o slo &520 5l eolazwl L Jow
aiposlpiing slaJae el L (larea 0,505, (pl oS
J1,8[12, 15, 44, 35, 3, 11, 22, 28, 32] -3 ;5| b

[39] » .5

Jols elosa! asmoslpiinn abele SO 09l o0 0,8
)| ‘5’Lc) 3)50 P Lg‘)‘f [3] ML& Jyw p.lﬁ ny ﬁ)lSm
8,90 ;0 Yol )5 Sliliel e pile wodds ns
S s RO e R™™ & guay (51,2, .., P) t s
25 g o 03l jliel S olo R g 09 e 435
Sloy by90 ,0(G=1,2,...,n) j 8 (=1,2,...,m)i
3de S5 woads odld jlitel Jgexe,gbas [15] ol t
O Sole sre jlade Casl Rypgr U oo (o i
Ll 00las Jj.»a.?bo 013 Le 6)LHA| C...m ).;)lf S ol
o8 Tl B8 i cols, samslas SYL Ll
)‘..\M ‘o..x...:zooLg‘.,.w...‘ 6[.%4.'[.0[....; u.LC‘ o ] J}am

@

2 User-item Matrix

FY b ) S bl 1Fee Lo

S ool boas el sl alyl [11] o 5 olpls
3 ol ol Sy om &S S Jsl e 5l
M Ol S o cllS Jlsie Sloy 5,90 g0
ol ar ST oo glzel | gloy Jsb )0 oln)8
I, [3, 22, 28] ;5 oas &l sloJoe Codgamme g,
Sy )lo 1y 353 @dle JEl G le )5 509 5l
(Sloj sboygs dow jo )8 5o (sl JUES! e Sle
JUUE RPN | B ESCPRIN R WAV K SN R
Dolite Wlgi oo alize laple; ;o )5 2 @Dl
sl
L ) g
ohgy 3l eamsslpiin sbalbls Ho lpllS EMe
Brsgd jged 325 ilos S oolinl [8] Vg &y
555 i3y st s Sy & e ile By
Yol &35 by, G [36] o el Sbey ol 5k
Jsb 58 Ol @l yts (8,5 )15,0 b ygunid (3
b OhlS Shlisl by ol o el sad 4yl ol
Sglon 48,5 Sl 0 i jeud Sy D)0 @O
Sy sleoygd 9 @I )5 L bl ;s slal a5
So a4 )5 SO A s glaslasl ] polie g 0oy
Cudgazme Aad e ol (Gloj 890 S 50 Jpaa lS
gl 1) 5 olpess hid a5 el pl b, ol
Jae ly pols )8 2 @l @dle Ol 5 0 o
s Se Sk b [19] s [15] wS e
L oo slooyso 5 o sl lS L SBlits sam
Ol sl Sy Gems GVl &35 g, drwgs
Bl slp g o0) ez 1) Oloj g lapld 0
S o oolital G5 4 pley (e slasleiin
8y o e clie o ol soleiiny Jae o)
Sgdise J1S5 (Gloy sloesls ;5 sloyge &jgoas ol )8
Jsb 5o Ohls @dle satugn Sl Wlgiees
Sby samoslping Jow S aS gl 1) g
3 2 & Jate lagmple g jeai Ly (e
b Bl omde g o 5l 4 el o 4il] [23]
tile Sy 5 ey Jsb o oI L olal5 odl
sy ol S S e oalitl S Sliogas g5l
4 dgdos (B )5 @l b £ pla il
glpl | a8 50 )5 58 @le Sl €5 Gl
S (oo osliiul S libaal (mois sl o S
&Nl )8 e sl a8 sl (g, onl el e
Wozy (nl b S oo gl |y ol (ogatie 3o s

! Tensor Factorization



Ol @l slezel Lals; (ioren 5 wiiS oo i
L RO sl polie sumiinm Ban )l8 oo b
Syl oS5 5 ol @l obs gl
el Slaie] g 5Ll

ale 5l sppas (V) Sl S Glarea
slass (Jlo ol 5o ams oo lis |, allis o (slosls
ond a8 ¥ Slai 0 0 5 ¥ pln i e oMl olp)lS
olazel laly, yuioran g oMl 4y cadools cljlil .ol
8k iz 4 gl ploj Gell 2 (1)l Jasgs o0 1,8 5
(V) 5 (@hY)) JSo o5 wedio e (Slej
Uy tl Gloy laoygs jo libial sl il oo S
slozel 85 BIF 50 (o)) JSS wims e olid |,
ol a5 wes oo plad It glej 8,90y eloix
Dgd g0 oanline (o-1) S o ol ,blis

u | u, | uw
u | 0] 0

5 A —
u, | 1 0|0

u, | 10|01 @
u,|0[0[0]0

t 0 slesel o le :TO( t o slezel sty SIS (2

3
<
S

a2 oo jlotel Slej 8,90 G o OB 51 a5 slass Ay
sbalbils,s col Gols s RO o 5l ass o
Slacgozme 1,5 aSpl pogdle ¢ cloix! buimoslyiiy
Wlg oo Joonaysbas S oo ookl 1, @3
WS a3 dlaiel 390 Gliwgs lorear 1) (SIS
PSS olazel o ile TO € R™M 05 o (55
sboel Solo T a5 0bar sl t by 858 59
BI] asb t Sl 5,0 ,0 K 5 & i )
s (29393 wlelel Gyl jo polie Jgenssboas
gk ai pls 5l slezel sy ST = 145 (5 sk
o 530 cal 5o olazel g2y pae Sl T = 0
]
cable 5 a5 cosdly ol 4z b
oy Jsb 2 olnlS e selail bumsslety

L [l [ I3 |ty |[1s by |G [ @3 |0y | 05
w|2]oflolalo wlololslola
Uu,| 0 5 0 0 4 U,| 0 1 0 0 0
uz| 0 3 1 0 1 Uz| 2 0 0 0 0

wl ool 240 ul] 2] oJo]o]s

t 0 Ol ey pile: RO(G

t-1 50 Sjlel g ilo RED ()

Goleaion Juw yo ol slosls aulio (yold yLis (gl Jbo 1 (V- JSi)
(Figure-1): An example to illustrate the main data sources in the proposed model

SOy Juo —F

M zhtel gl eolpinn Jow Goa &b ol
ety o ile A g, Sl oozl b ollS sl
ol e 35800 e Dbl i
el (e s el 3 1) s b (s5lotints
ol 1y ol Jaw (5 ke (V) JSCi 3,5@ ale!

AR o

Sup 2l -F-)
LS p e Jolae Samoslpiin sleailels
il s 5l aleesls Jolt) sl glapmn e
Slp S97g0 slaools dan 5l (L] s Sleiiel g oyl )l
Bdle a5 Slol 5l [13] aiS o eolaiul Jaw (o)gal
SrSpiz eba Wil Sl 8y S e )8
ol ool 5 5 sl (slaylis, WS e i
lasleiing 055 o (it 3l Al ge (capd Sl
sy, ple S cplply 13] adl asls
don I goleiin Joae 5o omple L n (e
hygel Bols plgreay (LB Gloy slooygs yo Sl
Sien S55ie ol Bspin ol S55ges eolitl

5 Shilel e il
RED) LS s o9

3o ilodle
[0.1]sest:

oS omile gl
WM LB oy58 30 ln)lS

5 Shilel e il
RO ad Slojoy90 |

polae s3lodles |
[0,1] o5t &

U([_1) 0,98 ;3 slezel w5l
TO) Jad slo;
———————————————————— ) A p——

e ~
,’ A\ o[ \\
: A S sle gl Zel :
! 2 s Ll sl S !
! heb glej 0,50 !
! e RACINTICN \
1 Jet 1
1 1
1 MOy |
1 1
1 1
1 1
| ® ® '
1 A 1
\ Je (h)5e] u 4 1
\ 7

AY 7/

Skl G ile (Gt
b Sy oyee 5o

Ot Dl il
(I?(“)‘_Q.‘é 0l g

_.[

Golgsdiny Jowo (6 yloro (Y- JSC)

(Figure-2): The architecture of the proposed model
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Algorithm 1. The process of rating prediction

Input:
matrices; R(®, -1 T®:
the dimension of the latent feature: d;
parameters: Ar, A4, A;;
learning rate: n;
convergence parameter: ¢.

Output: matrix R®,

1 Map the raw ratings in R® and R¢= into [0,1].
2 Initialize Mi(t) for each user i, U®, V(® and w®,
3 Compute U,

4 Repeat

5 Randomly select R € R® and Ty € T(®).
6  Update U™ (equation (5)).

7 Update V) (equation (6)).

8  Update W (equation (7)).

9 Update M (equation (8)).

10  Compute £ (equation (4)).

11 Until change of £ is less than &
12 For (each user i and each item j)

oolitl UCD Lo sl 7] LIBMF &l
09l |Ken L oS (B b (55luainge o )08 oS (o0
4 dgdes oyp V) b 0 IS sl IS
A8 (B (b LSS e L et Gliee ST 555k
dbos 0L (silwange oyl sl £ Sl s |
S ile (528,510 b goue Jio S sl

Eliliel rmre Al () U5 s slazel o ol
polde (s Al yo (0 050 0 canlie (F) S5 j0
90 Ao 15 5 Jloy [0,1] 55 45 &liliel (slo e
1 Slej )90 5o Ol Ol sl Sy oo
0)35 ol 3 Shilsl Guyile g5, 51 WD L ilo)
asles Gulad (Sole sl brol jo 0sd oo gl 5l
oo )0 s sl o0 5 O il d e 3]
TO 5 (oo Juy) RO U o ile pgm
gl s Gaisel anld o ls ol slasasyy Slsiea
gdsa U glay 8y90 oM g )8 Ol slaSis
s WO VO UO (lyy onss Jol> Sl lomilo

5t _ ® 1,07
13 R —g(Ui v )~Rmax. )
14 End For 35 gk se salie () IS5 o (=1,..., 4) MY
5 Ol Sl Shy oSl 90 oo e ks Al
e
" ToolozslLeio68] 04 | 0.54]0.02]0.70[0.71] 0.1 © 0]0]06[0]02 OE T3 01
| [062/110.27-0.0]L81 I oeooilLeootfizdl & [0fo2lofolo) & P55 o]0
| lo37hotlo.14l0.a3l0 17 | 10.31/0.44{0.39[1.22]0.03 04/0)0(0]0 2ol ololo
Y= Py Py By I 0.52}10.360.74/0.46[0.61 04/0]0]0[1 2l o0lolols
I 10.150.39]0.83] 0.7 |1.18 D
| v PR A R RED
| :< 7'y 0.4000.80@20040
| -1 10.19]0.49]-0.4[1.49 | 0[1]0of08le<[ 0[5 0] 0]4
: 10.0510.860.09] 0.7 | -1 | 0/0]1]0 0 [0.6/0.2] 0 [0.2 ol 3l 11 ol 1
| [0:240.720.050.27]0.06 | 110j/0]1 0|0 [0.4]0.8] 0 ol ol 22l 0
| [0:26]0.05[0.620.270.05 | é 8 g é RO RO
I 1.28]0.68}0.27/0.99|0.23 .00lo. I® 7@ 1.1 [0.00}0.051.090.51 (5 [125[25 [256[3.74[1.87
l_____K“_)_I@ni_ngj@se___ﬂg _____ = » [402[3391.090.380.99| - |g.00[.84]3.74]2.08]L.35
0.75+0.92-0.84-0.041.72 1.6 |3.57(3.49(2.55/0.76
1.81}0.94+0.03-0.66(0.81 0.7]3.6(2.53(3.3[1.54
y@y®" R®

&

Goladion Juw yo Wljlotel (Son i 3 (JLo (Y- JSCS)
(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 11141 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

DMNME 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
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

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

TMF 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 11259 | 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
RMSE | 1.1913* | 1.2009* | 1.2119* | 1.2022* | 1.2265 1.204 1.197 1.1683 1.1696 | 1.1729 |1.1945+0.0192
MAE 0.8674 | 0.8713 | 0.8791 | 0.8722 | 0.9054 | 0.9121 0.9047 0.9521 0.9683 | 0.9697 |0.9102+0.0401

TimeTrustSVD
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Our model
RMSE 1.1212 | 1.1261 | 1.1463 | 1.1406 | 1.1532 1.119 1.0985 1.1128 1.1206 1.1213 | 1.126+0.0164
| MAE 13.01% | 10.78% | 9.96% | 7.36% | 3.78% 2.74% 5.6% 0.95% 0.29% 0.36% 6.6%
mprove
P RMSE 5.88% | 6.23% | 5.41% | 5.12% | 5.02% 1.64% 1.95% 1.25% 0.45% 0.69% 5.73%
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