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Abstract  Computational advertising and personalized recommendation etc. all benefit from a
detailed knowledge of the interests of the user in order to personalize the results and improve
relevance. As we know, user interests/profile is temporal, so accurate prediction of response
associated with the preference of users on items need to match the user current profiles with item
topics. In a word, accurate prediction of response associated with the preference of users on items
is an important task. These are difficult prediction problems that entail several challenges:
(1) Data incompleteness, sparseness and non-uniform distribution of available observations across
user-item pairs makes it difficult to obtain good performance through simple methods; (2) The
other issue is that of time dependence: Users’ interests change over time and it is this change that
proves to be commercially very valuable since it may indicate purchase intents; (3) The last one is
how to match item with user interest accurately. In order to match the affinity of user on item
accurately, representing the users and item with the same concept level is important in personality

recommendation. We study the variation of user behavior with time. We believe that user behavior
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imply semantic information, and use probabilistic latent semantic theory to discover the behavior
tendency of users. Here the behavior tendency stands for user interests, which change with time.
The variation of user behavior tendency is influenced not only by the user himself but also affected
by public. Specifically, in our paper, we use matrix factorization method to predict the temporal
preferences of users on items. Because of data sparseness, regularization is the key to good
predictive accuracy. Our method works by regularizing both user and item factors simultaneously
through user dynamic interests and the topics associated with each item. Specifically, to regularize
user, we use dynamic topic model to model the temporal interest associated with each user; to
regularize an item, we treat each word in the item is associated with a discrete latent factor often
referred to as the topic of the word; additionally, to better model a user preference on an item,
we also consider the user historical preferences on other items, called “user bias”. The item
popularity is also a factor that affects the user preference on this item. In a word, we incorporate
all the above fourth factors (user temporal interest, item topics, user bias, and item popularity)
into the matrix factorization framework. We use the search advertising data for experiment, and
proposed a factor model to describe user temporal interests from the semantic perspective, and
this model also can predict the preference of users on ads. The contributions of this model have
the following innovations: (1) this model includes four factors: user temporal interests, user
historical preferences on ads, item topics and item popularity; (2) for user temporal interest, we
use dynamic topic model to the model the behavioral tendency variation process from two factors,
user himself and public; (3) For item topic, we use static topic model to analyze topics distribution
of items in recommendation. Finally, experiments have demonstrated that the proposed mode can
accurately predict user temporal interests.

Keywords  user temporal interest; dynamic topic model; matrix factorization; latent Dirichlet

allocation; public influence
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(3) D417 g 43 A5 B AL Pt 2% MR (2 D) £
AR T AT SR i) 1 43 A b 2 3 745 199 L 2% 728 Ak Tl BE 2
Y i1 5 6 00 5 A5 — O R AL I 4 H
7 0 B SR A A 4 T Rk 4 % T ML R
A ACSC L R ATHIE T 24 LE AR RAT M 0404 F
WA 5 £ SIS L 6y B T MRR S BH o 1R 25 2 5
T KT TR oL ol G — AL R
0L, T AT O be FERTZ] 1 F] — 1 ) 1 BV AL
(158 A 3R R BT 7% X 2 0 T 3 75 4 SR D R 1
B30 3 BRI o0 36775 45 OB 1 4% 280

~ h—1t ,
Ve = E :exp 0 772./,« D
h (

XMLy, FORAT R be 5 2480 (AT MBI b 7545
h RS [ BB VR TR 2 248 A7 R ) & 7E ¢ I
2N AR EAT N 09 43 A b, i K 2, ~ Dir (o} + ).
(B TERE 2 . S50 o ] DU IE BT B9 47 9 77 A (4
U e =0 I LT P RS 7 LR AT AT B AT )

(4 F P SR D4R P A . BAE L FR AT 28
S M4 AR R AR B IR T i TR ¢ I 20 A
BB i LB T n, -+, (B gk 3 — A Iy s
DLk, LLIE T A B4 R 06 38— S 7 10 2% 5 0 T
PP D4R IR R T T T P I A SR D4 Ok
NFEI) L LLIE F T ! 4 ml - u/ K B HE 2 N 42 JR) 2%
R PR B — N 4R e A OB AER. R
FIPAE ¢ W26 21k T 2R 4T N bl B4 4 5E

AT N be, BT BLT - T80 & 1 LA #E37T LA

P
P(z;m =k | 1)8;,,, =be,rest)cC
P m,+m! +u/K
A S [P be, [0 ()

A
Em vty tu

4.3 WBREHEMER

WiH j AR 2, T DR R (D35 Hoh
{2, il LDA $RA%. 7 B0 A 2 ih T 50 H SR
o, IR D BT ARG SR T8 SCRS Y 32 8 4 A
THHLAREE i LDA B B 4%~ (0, /2 th LDA 7% 2J
RN 5 0 5o A1) I 2 58 2 K T A 1) %
1 FE R BT 228 45 2% 500 H (Y 32805310 15 1.

5 WA 5mN

AT H FTM BRI 2 72, AR H
Monte Carlo Expectation Maximization(MCEM) %
AT S BOR . FTM 3 i i K LSR5 31 —
AL E AR R TEA 40 B AR BRECZ T SRR A
i IR A5 5 JEAT L. Hovboxd T — CH L I ED
XL ATH Xy =[x x, IRARE P 5HIH
I A R IR Ay = Lo B JFROR S ¢ fTi H
J A S AE . X T A AR RO UL FR AT
M g=1b.gsdsa,saz,vsmsus v, AJRIRBER SR,
Y= Ay, AP 50 HMAT W5 Rz
S EEANBAIH B WA S B X={x;}.4=
(A} z={z;,} \w={w;, } \Be={Be,, } fil 0'=1{0:}.

MR A 2 50 DUk $0r 5 ek o 25 5 FH P - 30 B 09 4T 45
WA Y B H R EE S WO H P AT hES Be,
YRR B AR AR 4R E — 21 250 (15 5000 L 5R e
K= ) R X BB TE AR i (AL 2,0 I 54k,

v :arginaXPr[Y,Be,W\gb,X] (9

Wit (OB RMNSHES T KRG8
S5 B HEWT TR AE I T (AL 2,00, R (1O R -

Pr[{A,}.{z,}.{0)|Y,Be,W.X, ¥ ] (10)
5.1 ##EKR

EM B3R 8 i G oK ff 7 B8, 38 5t E-step
5 M-step Z M H % AR FEIT S HOR %, E-step 71 L
WL EE B RS T S50 G o A A ) R 08 1 S
MRS R, AE AR h, B RO R W fE I AR i
(Asz,00 B ER J& 5 F P R 5 A G 0 R AiE 4R
Hilx,  IH MR E S W= {w, ) I 15 HR
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B£E Be={be,, } ZHERN ¢=1b.g.da,a5.7,
77,u,°u,/1]. £ M-step, il 1 iz Kb E-step 09 B 22
BRI ZEUE S ¢ (HAE B 02 A A 5 LR
A B AR MR A X B OB E N 7 (AL 2, 0O B Jm
B ME R J0 ¥ WL AR s R Bt Fe AT 8 1] Monte
Carlo SRAEHLA KL E-step 1 9 82, 1 Fe A
2yt FTM BR800 8 2 3 AR R
L(¢;A,2,0"sW,Be,Y,X)=
log(Pr[A,z,0".W,Be.Y |y, XD

X F R BT EM 240, 828 LA W R AE - th
AR IRAR 1 280 EM Bk 5d o T i w2 AR
F S

(1) E-step. 5L ¢ IS BRI .

Ey . [L(g;A,2.0' .\ W.Be,Y . X|¥)] (12)

B w=0, 3 HiZ W3R 5 5016 (A, =,
0'|Y.X.W,Be., ) [} H.

(2) M-step. 3 it 35 b 1 3 309 22K e S5 19
ZH ¢
v =argmaxE, s [L(g:A,2.0' W, Be,Y, X| )]

’ (13)

M T E-step Jo¥E H #00 0 BR(H %R ik, i DA
I TR AT SR FH 2 R 3 SRR T 1% 0
5.1.1 Monte-Carlo E-step

A o R A R RETT SR8 T E Ly
[L(psA,2.0" W, Be, Y, X | W), i i 3 Ff R BE 7
BAFFNY Esey [L(g54.2,0 W, Be, Y. X[ ¥ Tk
A Monte-Carlo Expectation. iX B 3 {14 F 2% &
R0, B Al 2, PAT B — A2 i TR A (g | Rest)
FTRHTESHAL RN Ty W& U, Fom
ELFEETRBLmE ) AP ES. ] %
ARAEF i D7 S AT O BN P B i A
£hH.

(D XFFRAH P i RFE 0 | Rest) . 0, % m H
FUi AR B 200 R A I O X IR T R A
4 B RE AR Y SRR @ 3 i 5 A R A T
O b - SR T Xk B A8 Bk T 47 VR AR O A I S Al
EHFSH G K () BTR R
Wik m G A A P E B AR XB om), o r
AR P ¢ B ZIAE4 A DT o e B K
B2 AR E S B B A AR oh 3R AT 3 o S £ A
RAE ¢ IR 42 )R 32 A A QR SRR, B2 A
HroR AR AE 2 om T Q' Z A AR A, HARYH T T

an

SCETEARA 28 (AT U B0 2 0 B Al AE o W] AR T 2
A P FRATR A SCHRL 19 ] v Y 25 44 ok b 21
O FFE =), =, BB L R 2=
LR
P(z! =F|be!, =be,Q" ,n\)cc
Ny T 0, T
Dy, "D, )
7

X0y, RRAT N be TR B SR AE R BL
Cof JEAT S 0 6 W 9 JE 300 b A 03 JE R 47
T B S  F A7 — N5 FR AR HE . AR B
2L fy 2y AT R FH STk 20 el B 76 R B 28
KRHE <.

@ FEE ml. T B AT R B 55 0 A T A 1 7
17 A R« DAL 75 R B L R ¢ 20T A
PR S 03 AL B R L om =S, o,

AR AR AR S fE B e B K
#.om!, BN Antoniak 43 4" T 1% 43 A B R B 3
ﬁﬁﬁﬁ&ému:m%ﬁum%;%%E?
q=1,2, - nl, FEPRAE T, W0 508 30 16 18 L ) ol A0
LB W m, A {E J2 B Antoniak 43 47§l A 15 5K
f ol R FH P @ AE ¢ W20 5 3 080 kA 6 B 3] G AR
B, B0 358 £ TR B
@ KAt Q. AR OHET QKRN
PQ' |m' ,m")~Dir(m'+m'+u/K) (15)
2R B — B 3 A T R AR AR B B — B ) B
(¢t K FATTXH T A 16 BRI P 64T 50 R ARRFE.
() X THAFF 1 NAEAF 54 (ai | Rest) 2k
REILDT AT 50 0 e o A SCRE Cas | Rest) Ay 85 397 43
15X TAEE W 0,4 0 =y, — b — (0 2, — B I
L% B WA Hi (s | Rest) B 1R 07 2243 3
Var[a;|Rest |= (a%JFZ%)

i€,

Gy "l AR (14

(16)

Ela | Rest]=Var[a, | Rest] (EX4+3)% ) (17)

i€l

G X FRATH j. 8 &2 (8 | Rest)

(B | Rest) R FE 10 H A BE B o Al L 25 71 HE 2 (|

Rest) lRME 435 4 oy =y, —aib— (0 2, —
a; » 12 e 0 43 A 1 Y AR RN 5 22 4300 Ry

Var[ ;| Rest |= (i—f—zlf»ﬂ (18)
! ag 16][(7“
E[B;|Rest 1=Var[B; | Rest] (d X —FEO%) (19
ap 1‘61}/.‘7
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SRR (2, | Rest) R BE 28 5% PR 5 IR M 22 771 20
I3 B A 2, MG IR w0, = 4 2]
SR R T Bk R ¢ B YOS
I LR 5 R 2, MG iR B AR 2, =

Zl z;,» =k and w;, =t y‘,H—El{z

CaQ'Z

.=k and

w,, =t kB £ BTG BER (z,, [ Rest) %
~H
Pr(z,, =k |Res T B 9
r(z;, =£| W‘)OCW(Z D g(y) (20)
R Z;/j” :sz’k/ Lz = Zz;ljn , Z];jn _
Zz:““ 04 =y _»Tz/, b—a,—p, ,g(y)ZeXp{ E;B‘, —
l
F s ,0; 0.0 _
iz-’c-’z-f}’ 1220 ’C_E 2 i
2 IGUJ U GUJ o”
ZZjn’

5.1.2 M-step
£ M-step v, JoATT 9 H b5 J2 #2355 19 2 4L
g=1b.g da,saz.ysmous v A AETE B 1S B A5
32 58 ALK ) 01 BR B K BB I S 80
‘I’”l*argmaxFA o LL(p;A.2.0" W, Be,Y, X[ w9 ]
[¢2))
A B B R IR KR
—L(p;A,2,0'.W,Be,Y,X)=const +

1 1
1o an
M(K logI'(a2") —logI'(K A2 ') +

2(10gP(0 +KiQ' )—Zlogmaf A2+

b (07, +1og52) +

K (BeXlogI'(v) *logF(B()X v))+
> Uogl(g, + Be X v) — > (logl'(Bi, +v) +
k !

1 . LM
gz (a;—g'x))" + 5 loga, +
1

2732 (B;

N(K logI'(y) —logI"(Ky)) +
2 (logl'(z, +Ky) —Z logl(z;, +7))+

—d/xj)“r%logapL

K(WlogF(vy) *log(Wq))—F
> Uogl (2 +Wi) — > logl (=, + 7)) (22)
k f

MNEXPFERHAHALSH D6 (gha),
(dsag) s ysmspso FEABYSRARE AT LUE 54 B H 2 1E

PRECRTE. 28006 i B B 5E — A Ui Ak o
BORT s S8 M2 28 2 DI R BOR T 280
v 2 3 AT IRAL R BOR T (gaa ) F (dyap) AT LA
o3 AR 4E 2 (22) A 4 A FNEE 5 A T4 R BOKR
3, M ZHCy g ] DL o 20 22) R A A 7
PRECR A3, T TV A A ZHOR i ad AR b B
E(°)7ﬁ]var(°)ﬁfﬁ']4”€%§%’*’f¢f‘?§lﬁﬁi"]{ﬁ%ﬂ7?§

(D FIFH R 7 B8 (bao®) 2> 0, = (02, +
a3 F AT T i /ML THI Y BRI

G%ZE[<yi_/—1~{fb—(),j>2]+D10g<02> (23)

D S ) 64 F -3 H AT 4 D 8 H S

Xy SRR b R AU i L 8 SR % (v — ELoy DAY

Fe/INF 7 BE g AT DR A5 AL [0 i b 4 RSS %

3fe [RT YA S R R A AR A I8 A B L Y
o’ Tl Zvar[o J+RSS /D R xR

(2) ﬁTkﬁ%’z%é& p ML FRATT SR i B 1A 2 B
AQ L HH Q' ~Dir(u/K) A —A b dik. A7 i
S /MG T RRBOR i A
M(K logI' AR —loglN(KA2)) +
2 <1ogr<oi+Km’>—ElogF<a,; +A2).

T ERAKIE LT AQ 1 — 4k ph %5, r L3R
TR FH D 48 220 SR it 18 BOAS 3h A S P i 5 DA
MR A e ) A

Rk TR AQ 2 —4 K X1 Y[ i,
AN —AhR i (0<A<<1), BT A AT LU i XF AR i
K NI ERANTRERH2Q  RIAHTIE AQ

1320

R 4304 B Ry 2 QL g ARYE Q' ~ Dir (u/K)
RAESEL u.
(3) RIS H v, W Fe/METT T PR BCR o

K (Be XlogI'(v) —logl'(BeXv)) +
> ogl'(, +Be X v)) — > (logl(0;, +0)).
kH%TL:‘i/z}ftz%a‘é? v E‘S—Zﬁﬁlé‘fﬂt,@?u&m
SR FH 00 A% 480 2R O SR A 5 18 IBUAS 3l 5 A A e AL i
<4>%Uﬁﬁlﬁljaﬂ‘<ﬁzp’%§ﬁz<g,a >-Lﬁf<éﬁz<b,52>é@
KA R, S8 g WORAE R ad i DL x, O R ARk
KAt E Lo, T 181 ) B, [ RE 4 RSS 2R /h —
3fe [ U v F- 7 00 ) 4% B8 40 I8 A B AL @, AT 3 3
(>JvarlaJ+RSS) /M 5 5.
) R R BB (deay). 5 S
(R SR A ok B SE AL 2880 d R SR ik v] 3 5 DA xR R AE
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SR i EL, 6 11 51, [s) B L 4 RSS 3 3% 5/
e 1 05 v A AR 4 IR AR Y a, P
it (XJvarla,]+RSS) /N it5i43%).
(6) SKAFZHL y. 8t e/ METT TH R ECR %
N(K logI'(7) —logI'"(Ky)) +

> Uogl(z;+Ky) — > logl(z;, +7))  (24)
J k

T B A RGR R T v 9 — 4k R B P LA
R FH A% 48 ZROR SR i 28 IBUAS B i 1y S I e
(T SRR BH y. W3t B /MU T B EOR % 5
KW logI'(;p) —log(Wy)) +
> UoglM(z, +Wp) — > loglM (=i +p) (25)
k f

T B A2 6T ¢ 9 — 4 sR 50 BT LI AT
() A5 SR D D s 480 R SR At 328 IBOCAS Bl s 4 Ry S DI e
5.2 APX@B5mABEFNIE XX

Zrb RAEAF BN P 0 0 S 245 A 0 R H
J W EB i ;0.8 ¢ B2 i A K AR AT
St %) ER LA, 2 ROoRIUE j 1R K A
AR oA A FTM AL, 3R 47738 1 11 5
THMTROD 2 R FARH P ZIXI A
M FEPCE. T 0 Al = ¥y m i, T AR
A A R Z AT A 20T DR TE 3 PR A [ R N 7 B B G R
HLAT AR TR A 9 2538 S, BD 0 b i A DT =R i
Fi s 2o B A ALE E R MOTR 2R
AR A7 B ke 16 0, A EE £ ST E (=1,
2y  KD5 z hAH A A B T R 250 B A AH LY
AR SCGR AT EAE ] %R ke 5 H Mk
T 20 A>3 HhoAE [ 3 B0 0% YR 0K 15 31 X 7 S 328
(R T8 SCARARLEE o G 1~ 3 0 e o 300 0 A ) ) o 22 ) 33
AH 3 P A 3 A T SCBRE I.

TR AT LA — A A7 5 0 1 O i R P
(%) 5ot 5 32800 i CVC Bt FE. il 28 )RR
TATHG I =X H P -3 5 8y Ve il o 7. &4 H
PRI EH EEAAL S 6 DRI ERN IR
20y E 2 B, AT Be” 2 H P
Bk A EBPEEHET 6 .10 Be)" =
sbeys | sRatio(Be") &— M ER HizE A/ T
(A ICR TR Be,” i AN 7E 1 & i 5000 A
o T RATE A AT R BT % EE W E 6
i) T LAIX 6 AN TR 7 1% B B R R R 1,
Ratio(Be™) & 78 4 Ratio (Be,”) = {ratio (be,,, ) ,
sratio(be,s) . 5L, W H By 3281

{bek,l ’

bek.z oo

ratio(bey,.s) 5+

k I:Pﬁﬁ 6 /I\iﬁj E@%%iﬂjﬂ W;Ofp: {ww,] s Wys 99 %%
Wy o ) 1X BB T 7E I BT 1 BUE R AR SRR
K RatioW ) = {ratio (w,. ;) ratio (wy. ,) s
ratio(w,. )} s APA M EM £ 50 H £8 £ 11
SCARARLURE TH A3 A o] R S 3
Temp.\’im

score(U, , I,.) = ———
Temp coum

ratio(be,.,.) ratio(wy. ,.)

6

Zl{bek”,EW:’f} 6 e

=1 Zratin(l)ek,,) Erali()(wk*.,-*)
—1

rr=1

6
D 1ibe., €W,
r=1

(26)
| Top6 WordsinFach Topicof Users I
Topic 1 Topic 2 Topic 3
iPhone:0.004 Yaoming:0.0056 car:0.0056
Cellphone:0.0035 basketball:0.0048 BMW:0.0048
iPad:0.0031 NBA:0.0046 ToYota:0.0046
Samsung:0.003 CBA:0.0034 Drivers liense:0.0034
ThinkPad:0.0025 CCTV5:0.0025 Car loans:0.0025
Lenove:0.0024 football:0.0024 job:0.0024
Topic 1 Topic 2 Topic 3
Stars:0.03 Car loans:0.04 Inteligenct:0.02
addidas:0.026 smart:0.035 smart:0.018
NBA:0.023 Security:0.032 fast:0.0175
cozy:0.017 Auto insurance:0.025| | cpu:0.016
basketball:0.0155 BMW:0.0018 speed:0.015
Yaoming:0.015 SUV:0.015 Hard disk:0.0148

Top 6 Words in Each Topic of items
B2 P FE S T E 3 i VG I s 2

s Al o g AR A 5 H DL E AT =2 18]
AR R R AT A P E8 e 50H F 8
B 15 AR » score (Uy s 1, ) {H #8938 B X W A4 £
R R R EO BI T SCAH AL FE B /N AR R, BN Y
score(U, » I ) Fe s B ATHY 18 SCAH R #5491 4o T
B P E 8 U, , 8 = (26) 43 5145 2 score (U,
1) ,score (U, , I,), score (U, I;), score(U,, 1,),
score(Uy , I;) Fl score(Uy , Iy) , I D\ P 0k $F 3 /INME K
NI E FE RS H R U, X B ERE S
Ui VST, 2T ok %h ) 4 09 - E @M H £
FEER FH TR RE 1) 7 35 58 18038 SCXE I 33 48 1) 3 53 2o 7
WETE 2 B, 56 B SO0 R 5 58 % 0; il 2
AT R MALE A R 67 B 0 o0 R B AL R
SO T 2 B0 R R I [ B A @) N = S 1 SN
VRN



7 e MG BRI R AR IR P P sl 25 AT A 6 1] T 1441

ik 2 UL AR

Raw _Topic(U)={1,2,++,K},Used_Topic(U)=
Raw_Topic(D={1,2,++,K},Used_Topic(U)=
For AP ®AFEM b k€ Raw _Topic(U)
Temp_count=0;Temp_sim=0;

For &> #11d]

bey,, € Be,” .r=1,2,++,6,Be,”> = {bey,1 sbes,s »** sbeys }
e i /)ek.,.EWLOXP, k"€ Raw_Topic(I)

WP = {wye | s Wiy st s Wye )

1If bey, EW;OF , then

B bew, BN wiew o s

r’=1.2,.6

Temp_count+=1;

ratio(bey,,) ratio(w,. ..)

5 D
Z ratio(be,.,) Z ratioCw,, ,.)

=1 g
Used _Topic(I) =Used_Topic(I) Uk"

Raw_Topic(I) =Raw_Topic(I) —Used _Topic(I)
End if

End For

THE P 3280 2 5 2Rk AR RIS 2 A R
Score(U_topic_k.1_Topic_ k™)

Temp_sim+ =

Temp,i,
Temp oum

Score(U_topic_k,I_Topic_ k™) =
u . tioCbey,,) ratio(wy ., )
Sive,, €W ) | 2020l :
r=1

B Zrati()(/)ek.,.) Z}ratio(u’k\,,,x )

r=1 r¥=1

> be, €W,
Temp_count=0; Temp_sim=0;
Used _Topic(U)=Used_Topic(U) U k
Raw_Topic(U)=Raw_Topic(U) —Used _Topic(U)
End For
5.3 BT
I ZRAE b 25 5 F P - 300 5 AT 20 i 4 B8l v - 0 H
o B IR w AR BT SR AT R be s AT A B H
B B0 = 0 X IE RS T i v AT
3O G AT LASE 3 355 TR S e 0 R AR A
EGS | yowsbesg. X)=zalb+a+p,+E[(08)'z,]
~x;bta+p,+0iz, (2D

Holb.d 8,005 2, BB 18 IR BOR 1.
6 FRTHETHEERAER
6.1 HIEE

6.1.1 Fim&ERANr
AT FH P % ) 4 B 00 S o B a A OB

VR T BT AR L ) AR AU S0 UE FTM A AL A
ToUIN P S B 2 R DL K P X BT A Y A B X
[T R e = o N ST = 10 N 1 P (W 7 S
X530 3 AR Ja T 1 LR TR X 3 A F A
& BT Hoh s — DB R HE N 2012, 1.1 )
2012. 2.4 X TCJE AN PRy Dy S48 R LT A
KA B Chp L, 15 378 BETE O DL KA P Xt 7 45 i 3 B
sk G0 A Y R B N R R — A B
S A s [F AR L B 2 A BHE AR AL HE AL 2012, 2.5
F| 2012. 3. 11 8] fir A P A 45 B9 AH OCME B
DL P 5775 0 5 345 B A g R 8ok S i 2k
AR BT — TR S AR 5 5 3 A B s AR AR N
2012.3.12 | 2012. 4. 16 W[l fr 45 A & F 45 09
AR B DL P 5745 0 5 35 B §i g ] 4k
I R NGRS Jm — TR Bt Sy D 46 5 AT 430
Adver Dataset 1,Adver Dataset 2 55 Adver Dataset
3RFIRIX 3 EHE 4. XL, FTM 5% AL 100 1) J2
FH P50 H Y 58 B 4T 43 O 4 BT P X6 7 4 1 il
ROEAEENE, S SRR EAR
] FTM #5580 5 43 F0 00 o5 256, AN J2 3 2 9 000
BRL A RO O BRI R  YBIO T LA Sk 35 19 7 R (1] 4%
AR,
6. 1.2 HHm LG

B F A A & P By oy s R e TS
bl R Blg A5 R I PR BT R A
TR PR R —A TP SCRS 32 S0 i B A~ 3R] X5 g
— AN A T R A e B B i T L T
AP SCRY AR B — > SCRS 4. S T AR 3, FRATTRE
2 P SCRS B A 31— A SRS, SORY i B — A X
N SCAY B g — AN SCRY L ie o D_UL BT E R
— AN SORY SR T R A TR R R R I AR
BT L AR A T SORAR B T T SOR AR
[FIAE S T 7 AL B, 3R AR ) 5 SORY 4R A B — A
SCRY ISR B B — AT X T SO R R — )
HIH L IEh DAL SRR EEFER D_U Ml D_A
PR —AH P-4 30R i8 o D_U_AIZ ORI
B — A7 X B — AN P 6 B4 A B s R O
6.2 XfLbAE

(1) LDA. FTM #5& #1 i) XF He %5 R 2 — . fff 1] &
A LDA X SCRY #4725 > o 3R st v DUKs B
FURVERSR)T S A RN AAE 2 A E 8B A AE
WA b F A A S T A A A ) R
JE CEBD 30 BB E P 6 T 45 1 a5 o 5 IR = 4
G3 A  K R RRGS SR A o A Y S S BOR
FRAFH PS5 1 T R B T AR AR A A%
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CFE SR LDA, BT DL 1 7 (8 PR A, FRATRE X L
AU LDA Khric.

(2) {LDA. % 9 D U #1 D_A.ffiJf] [LDA
XPULSCR T2 S R B P AT EXRTE
AT A3 AT L HETAS ) 3 SRR DT TR P %
I Y R R

(3) RLFM". %F By D_U A1 D_A. i
RLEM X SCAY 847 2% 2, 3% BL 3 W 7 A8 1 1) 48 )
7 5.

(4) CACF", % FTE ) D_U 1 D_A L fi AT
N SCFE B U R g Ty R AT

X HERL RS FTM A A Z A P 05 (1) LDA
FIF A LDA ShHECA P Dy sl 24080 o Fim ) 44 &5
a3 TLDA Fh U P D7 50 24 B8R AT 98 R 5 25 2%
RLFM Fl CACF ¥y 2 i I P 25 508l ok 41 15
AR RV e EE B FTM AR Y 1 58 Wi
FUSEEE R, AR 5 R R S B R TR ) A R
(2) XF LB A LDA Fi1 {LDA [6] B 2% 3 45 i P
(), O AT P RS ) Y i TR,
RLFM HG7E A 24580 Z 00 T ) & 1) 3 84y
A CACF S&7E P 248K (1) [F) B 2% 58 7 7 45 1 07 B
R EA R RS W) E B s FTM 143
B2 2T FH P SR %8R ORT T ) S, BT DL B
H AT LT,

6.3 LIGHR
6.3.1  FH B 45 048R A0 T VLA B

A LIBAE®E Adver Dataset 1 kil , T U0 A ¢
T RPN . 3 T EE % Adver Dataset
1A P A B R N A 8 S B B H
FURE) B — A~ P SR 3 i = A B X T S
G RXT 2 A EBE 3. 3R 2 45 T 84 F A
K fh 4 F ). B3 R 4 4 2T A FH P X X
e T T 0 AR Ak 2k A

K2 BITEEPHAMER SR

FM A~ 2 AL AR 6L T TR 1 B
Body, skin, fingers, arms, cells, toes, layers. physical
health L
examination
foothall football, Messi, Cristiano Ronaldo, Manchester United
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Background

This paper focuses on mining user temporal interests. As
we know, user profiles are temporal, changes in a user’s activity
patterns are particularly useful for improved prediction and
recommendation. In our paper, we use matrix factorization
method to predict the temporal preferences of users on items.

Because of data sparseness, regularization is the key to
good predictive accuracy. Our method works by regularizing
both user and item factors simultaneously through user
dynamic interests and the topics associated with each item.
Specifically. to regularize user. we use dynamic topic model
to model the temporal interest associated with each user. Our
method models behavioral tendencies of a user dynamically
where both the user association with the behavioral tendencies
and the behavioral tendencies themselves are allowed to vary
over time. thus ensuring that the profiles remain current. To
regularize an item, we treat each word in the item is associated
with a discrete latent factor often referred to as the topic of
the word; item topics are obtained by averaging topics across
all words in an item. Then, user preference on an item is
modeled as the affinity of user behavioral tendencies to the

item’s topics. Additionally, to better model a user preference

on an item, we also consider the user historical preferences
on other items, called “user bias”. The item popularity is also
a factor that affects the user preference on this item. In a
word, we incorporate all the above fourth factors (user
temporal interest, item topics, user bias, and item popularity)
into the matrix factorization framework, and proposed a new
uniform approach. This approach can not only model user’s
dynamic interest, but also predict the preference of a user on
an item.

In summary our contributions are as follows:

(1) We proposed a uniform model for predicting the
preference of users on items by considering user temporal
interests and item topics, which can match the affinity
between user and item at the same topic level.

(2) In our model, we also consider the generation
process of the user dynamic activities, and using dynamic
topic model to predict user temporal interest.

This research is partially supported by the National
China (No. 61602466,
No. 61403369, No. 61372191, No. 61572492, No. 61602474),
the National Key R&.D Program 2016 (No. 2016 YFB0801304).

Natural Science Foundation of





