% 36 4558 3 1
2014 £ 3 H

o o5 fF B ¥ M

Journal of Electronics & Information Technology

BT Logistic SR EAY RUATET R 3B M R EX

FHRT  FEk  ZER
(BEHF RIERZARIRBEARFR TS FM 450002)

M OE: I RE T, R AR ARSI TR o DU TR A R A AR R LA TIIDRS BE = A
R BRI AE R 1 Z IR PE G R o BRI R, % SCH R T Logistic BRI il DU A 32 i b4
IR, JEAE R D R BEREE SRR B VAT N S . TEPTA RSB S B SeIeR W], BT Logistic B8 )
T} 0 AR A R A 3 AR BV R0 W 48 e OO B 1 20 A 5 A i P )

RER: MHERG: FELE; PhEIIE: DU TRERARE 0 i#: Logistic A%

FESZES: TP393 SCHKFRIRED: A MEHS: 1009-5896(2014)03-0715-06
DOI: 10.3724/SP.J.1146.2013.00534

A Bayesian Probabilistic Matrix Factorization Algorithm
Based on Logistic Function
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Abstract: The matrix factorization is one of the most powerful tools in collaborative filtering recommender systems.
The Bayesian Probabilistic Matrix Factorization (BPMF) model has advantages of high prediction accuracy, but
can not capture non-linear relationships between latent factors. To address this problem, an improved model is
proposed based on the Logistic function and Markov Chain Monte Carlo is used to train the proposed model.
Experiments on two real-world benchmark datasets show significant improvements in prediction accuracy
compared with several state-of-the-art methods for recommendation tasks.

Key words: Recommender system; Information processing; Collaborative filtering; Bayesian Probabilistic Matrix

Vol.36 No.3
Mar. 2014

Factorization (BPMF); Logistic function
1 38
AT, HEFE RS (Recommender Systems, RS)

(Content-based) #f 7 & V5 A b, th [A 1 &
(Collaborative Filtering, CF)#EF#5 V500 %
HEATRRHT . R Py e AT A5 S w] AEAT AN PR AL
#Het7, e 2 HER IS T R ISR . o,
FEFHE i (Matrix Factorization, MF) [ 7E A
FHiR (latent factor model)7E T A 12 FIAS 2
ARENT oAz AT,

HeAp S, WEERBEESHE R € RYY 2
FRRRFERE, AT DU PR AR R B 1 e BRI AL R O
WR~U'V, HhUecR"™, Ve R, d<
min(N, M) « P R HORAINEIE R, UV,
AT T . SCHER [2] 7 S A 5 7> i@ (Singular
Value Decomposition, SVD)W H 2| #EFE R G40,

2013-04-19 W3, 2013-07-29 H[H]

% 973 #F %l W H (2012CB315901) #1 [# % 863 - %I 1l H
(2011AA01A103) % Wi AR

EAEE#: JrET fyn07@163.com

SCHR [3]38 5k 55 i P A3 H ) i B (bias ) % 75 S7E
IIREIT T ok . Koren W H T A a5 s 5t
fEIE SVD++AAL,  HUAT T 0 m 1) o0 AER
(ERZ R i8S N | DN i RS Sk 2 o E
il Ay P AN SRR (R AR, AR A rp P RS
FEHAS o Wk 5H BE 4y fi# (Probabilistic Matrix
Factorization, PMF) A4t X SVD #A AT
IEWE (regularization) HEZR MRS, SCHR[7)8E—2
165 RO 23 L o 3 PR A 2R g 1) DL ST AR 3 o B A
(Bayesian  Probabilistic Matrix Factorization,
BPMF) A, I ] B /R B SRR % (Markov
Chain Monte Carlo, MCMC) J5 ¥ 3 17 Il %k -
Bayesian PMF 532 [f PO v i v L2 v s i AN R
BERE 7 S R NNE NI R B4 — R R,
BRI 7 2 R ARG R

¥ 5 B 73 i 5732% (kernelized matrix factoriza-
tion) AR REME RALWE AL 7~ (] (AR Ze eI R, H2
THERBOIEASE B, thah, T H RIS KR,
P A AT R, BTN SO AT LR R A B 4 i
R PEREION i, Mackey S8 AP “ oM



716 mF5F B %R

w2 AR, SRR YR o e AN RERE 23 )
BEAT oM. B2, SCRR (13RS s R kR B A2 JRi i
RRRA, ST AT R A D 22 IMIRBRAE RS, AR5
BEAT 43 f# o SCHR [14] A0 SC#R [15] 7 Netflix Al
MovieLens #4E G FXF F M R RIEIAT T
HTELN IR EE AT o

ASCRIH] Logistic BREURARALM AL 18] I HF
VR AR, AT E RIS MRS T, @ T
L-BPMF(Logistic Bayesian Probabilistic Matrix
Factorization) B8, FFAE T /R B EESHR R 207
2125 L-BPMF #2875 b LS fdln de & Lk
g KK, L-BPMF LU s 57 (10 Tt vt
PEEREEAE, BN W] 0 7 RS A )

2 DURTEREERABRE 5 1R

N 254 B /3 fi# (Probabilistic Matrix Factoriz-
ation, PMF) & & H /" A1 150 H 1) 5 Ak [n) & 40 B

M, N R m oA, AFE T I0H R 73
AT AR E AT
N
p<U|NU7AU>:HN(U7 |I‘LU7A_U1)
1)
p(V Ly Ay) = [ [NV, |y, A7)

BT, TEH%F"XTIﬁBE’Jﬂ%BZﬁE AN MR )
HH[ (R, UMV, 0 )" (2)

Hh AN (@ | o) RWE S w, TZER o R
I3Aiie I SRR PERR G SRk T I 5,
Al =1, M =00
ZH {uv,uU} AT LA E N 0, HS 5
{Ay, Ay} VIEFERT T EE M T fe - 45 2 5
W, FHAES B — 12 FE ) 1 g 67
il 1 Fron, Bayesian PMF R HE—0 % @, =
{po, Ay}, Oy = {uy, Ay} S50 Aii g i - b
¥ 5> 41 ( Gaussian-Wishart distribution), 2%
{ Ay, Ay } BEARIBIRINES, Bh T FHREILSH
[,
p(@U | @0) = p(“U |AU7@O)p(AU |@o>
:N(HU ‘Hm By )71) (A |W0aV0)
POy |6y) = p(py | Ay, 0,)p(Ay | 6;)

—N(NV ‘Nm By Ay )W( V|VVO>VO)

p(R|U,V,a)=

3)

E:EP @0 = {;LO,VO,W/O,O&,,BO} ) W(A | WO?”O) IEé E EE
Bk vy, WhJ7 22560 W, B8R 43 A
BPMF FE7— ] /R BERBE SR -~ 275 12k

5 36 4
W, ey ‘II-WI
||||| J' JL
/ l ( 1y j— Ay |
Ay / \

K1 Bayesian PMFAx 7

1TINZR,  BARTINRZERUN, B4R — P M
T ARMERRAN G SO FURAE U IR HAFAE V2
RAEL G &R, X fe B IR BPMF (¥4
A8, R R B AR A R SR IUB RS R e

3 ET Logistic F# 8 BPMF &%

3.1 Logistic BPMF % %!

Logistic PR LA )b & - ) —Fh S
MR A, 8 IR (— o0, + 00) » HIK A (0,1) .
Logistic BREAE € SCI N SR SE, L Yoo 18 1
K, SREIEE K, S BRI E Y, REEL
U [ WA R A e . P TARZR PRI AN, AN
2 ) I R AR S R B e v A K S A —
HHK, ASCH Logistic BREREAIZE N F B
B RN, PR P YRSy H 2 B )
B ONIE, WP KT VPS5 48; “RIB Bz,
PRk R ATV BE < AR, e
TRURDCIE 2 R AR VRS R I ARG,
J& T IRA X 3551647,

Logistic BPMF Bl 2 fiow, Hkzo okt
BB « MIH § S Ry IAIIE N
B, g(U'V,), Ji %N o WA, Bl

vy W,

:

(2] —'(j’.&)_ =

K2 Logistic BPMF#7#



%5 33 T T4 FET Logistic RELR DU SR 4R 4 50 i 5902 717

» (R|U, V,B, a_l)

- ﬁﬁ["v (RU

o )e) @

Hr g(2)3R Logistic %, B &ox ) i vy
FUEMIZSHE . ANR—cbE, FFER R B B\IIE AN
Wy s JiZEN Ay R . 5 BPMF FRUARL,
HTET MCMC Zrd it Ja MR v 5, &
EESH Op = (g, Ag} LI AT Hy - b s
I3 Al

p(@B|@0> = p(“B |ABv@0>p(AB |@0)

= N(H’B ‘H1a(/60AB)7l)w<AB |VV17V1) (5)

VLIS, ©4 24 {1y, 1,00, v1, w0y, w50, 8y} o AR DL
TR (BPMF, L-BPMF) (414 S 4 L
B AR 22, AER DU SR TR 0 T4 4 2 B Y
AR . — B = w, Fw, KRS, o =2,
By=2,1=0, pg=2m, v, =rank(w,),
rank(w,) o 1, m ARG R AME.

HP i SIH V5 Ry R 53 A1 th X (6)
SE o

p(R;|R.©)

—ffp i |U”

p(0y,0y,0, |@[,)d{U,V,B}d{@U,@V7@B}

(6)

— kB, A (6) T &G M % p(ULV, B

|R,0,,0,,0,) NEL1GE], FHEEAN —HHITL

VR ATV . Rl sR A ) JE B2 R S 2R R

HESRFR B INE{ UV, B YHATHIFE, AR5 R4 =C
(7) KA 5

(R | R.6,)

Vp =

»(U.V,B|R,0,,0,,0,)

1 T t t t
NE;p( |ulviB) ()
3.2 M TR 5 & Himes

DIt HrHE T (Bayesian inference) &K 56 46 1) 1
MFRIREAR B &, RBER A0, REREE
B ATHAT GV HEWT o DU ST HE BT (0K 2 52 BIRE A
o FICI0 AT HER LI R . 2650 0 A — 2 1)
TEOUT S FEARECRE O U HE RS Bk . AN SCAE
Y Logistic BPMF [ feH, i F 5 A i BE b AT
DU S 4ET o 5 A7 B4 A (Gibbs sampling) A& —Ff
A MCMC J5ik, d@H TG MR AR, HEAT
MR 28 5 3R MU Dl e B 5G4 PR R AL T R
I3 A TSR ICE MR I By R B R, ARJE T Tk
HEE, SR MIREA{ U, V, B }a] LT ARGA Kk &0k E Bk
S 8K p(U,V,B | R,0,,0,,0,) K4t f)aFH]
A7) BEATPE S T

A58 75 A W B B T v AT D e e, SRS
I R N B AT S A, B 1 T REAS = A 0
L-BPMF #8d, ZECfHeSHM&HT, U

(P IERE v |
p(UZ- |R,V,B,(~)U,a)

ocﬁ[ N (R,|B.o(UTV,), *)]I”p(UiluU,AU) (8)

AT R (9) I, AR Logistic & #UEAT 42
SIS, T
N(B,|Bg(UTV,),a7!)

1lﬁ%]q
~ R, B |-+ ,Q
4
T
=N|R;|B, %+ 1V'7']7 ‘1]
2\ 1
_fmom U;Vj,(aﬂ] ®
B, 16
RIEILYER TG A e A7 2O, =iy
AT EE SRS E 50 oA 2 i o A, R R e Uy
757 LA 2]

»(U, | R,V,B,0y,«)
x p(R|Ui,V,B,oz)p(Ui o)

E
u'v '
! f’[ 16]

— 2B,

NH w
( i|“’U’ U)

< (U ]| (10)

Z

-1

g*@;mﬁm%zVMWﬂ%FMH

J=1

B> M| 4R —2B
. O‘_E : V]‘J—
16 = B,

XFRME, p(V, | RU,B,Oy,a) 53 (10) H A

R, H B IA SR 5 X (10) WA 2252
( . |R,U,V,Op,a )

x p(R|B;,U,V,a)p(B, |04)
<Tj (. a7 o)
(Bz'll‘Ba B)
X N(Bz |IJ’*B7Z v[A;i]il) (11)

o A, = Ap +0‘ZM [ UTV) ] o :[A;i]il

+AU/"’U o UE V/E\“ﬁ




718 mF5F B %R

36 &

'(O‘Zj;[g(UiTVj)Rij]lw + ABHB) o
CEIFEAR B, HZH 0, WEAF G5 7] LA
FIHH - b R o A B PR B A 2
" p(pp Ap|©y)
= N(NB |N17(50AB)_1)W(AB |W/17V1>
- p(A5|B.©,) =W(A;Wy,v, +N)

|ﬁp,1 + NB (AB)_1
B 9
| B+ N B +N

P(QB |B» @o):p (NB |AB7B7 6, ) p (AB |B7 @o)

N HBWOIH +N§7(AB)
| By+N By +N

W(Ag [Wp,v, + N)

p(pp|Ap, B.6y) =N |u

-1

i—ZN:B 5—1232
N &N O N&ETT

L, B ey, 0, ERitE 5 (12) A f
MEFER. 26, EANSEIKERE DL
ST HERTEA,

3.3 BIEERESN

W dxd WHIFFEIREN O(d®), B L-
BPMF M M54 O(ka* S S 1, ) 5
BPMF SR EAHM . RSVD (Regulariza-
tion SVD) SIS O(kay " SV 1, ),

SVD-+ ikt A8 ofkdy) (XY, 1,) ] e

1 DU (BPME, L-BPMEF) 42 B0 7615 2. 1
Ae ik, AT RE B/ INRHIELE S d 3RAS 3 = R Tl
TR o
1 TR RERAN
4.1 HIRE S KITFMIRE

J TR L-BPMF Sk 0 8k, A SCR HHE
1E RS P RS 48 & - Netflix 1 MovieLens.
Netflix FHa4E 5 /& Netflix Prize HCFE A4 H B bR UE
MRAE s 52, AT BEIAIE T 495 8662 44 H
X 3000 FERLAIIZ) 3 x 10° 4 VF 5 KL (VP42 B ol
1.1%) 4E 3 ik 4 &« MovieLens %0 45 £ &
GroupLens $#21it, MovieLens 1M #4440 T 6039
ZH X 3883 FHLIEIN 10° & VF 5 B (V% %
1 4.3%); MovieLens 100K F#i4E 05 T 943 4 H

JIXF 1682 #HLFE I 10° VP05 B (PEA SN
6.3%) .

SCHR[18] 4% [T AL &5 T HEAF 3R GE I 25 B AN [R] 1)
VRO ARAE, S SR A0 HE 1 A5k d s ) () il 13
7& MAE HI RMSE 1E A VPR, Pt i 22 /N )
RN R GT

MAE=|S..[" > |0V, - R,
(4,) €S est
- _t(13)
RMSE = \/Stest > |utv, - Ry
(8.7)ESest

Hop S, MRRES, |8, |75 S, T IITCEAN L.
4.2 LEIRITRER

KA LR PR A L, Bl MAE Al
RMSE M iFbaifE, ik T 3 4Lsm AR J7 %)
L-BPMF (W PERERFAT I, S 2 45 RAE 10 IRSE5
gE R ME.

A HEAE Netflix 1 MovieLens 1M $d5 454
b BENUEBANFE LI 2285, X L-BPMF Fl
2l BPMF #EHAT T (RFIE4EE d =10), fHH
RSVD(%: X % 1r = 0.005 , 1EMALE T A = 0.02 )
PPN A 7% . LR EE Rl 3, B 4 Pros.
1F Netflix 44 F, L-BPMF Lt BPMF H i)
RZENA 1%, 1 FLAE VI3 L) AR s A 28 1] &,
eI 25 Ll S 20% B e 9% FRAR 4 1.5% 5 1
MovieLens 1M #(#i4 4, L-BPMF t RSVD (¥
MR ZE/N 1%~2%, L-BPMF Al BPMF T v i
FEA—E, NG HHIEATE L-BPMF B4 — £,
SIHT IR, Netflix £l 4E & V% B 1A 1.1%,
1M MovieLens 1 M fJVF4 5% 4 4.3% . —FF ] GEFR
R, VP E K L-BPMF 5 BPMF [tk
REEA—8, VOB L-BPMF b BPMF [
TR 22 N

N T HAE iR 458, FIH MovieLens 100K %1
PEEATEVED B < 1.5% M Z3AE, 3T B 41
AR o SRR N R VF 0 2 FEARAE 1%L T, Wbk
1R 1R S50 fig S WL VR SR IO (S R W RE 1.
5 fA[ LA, L-BPMF ) RMSE Fiiili% 2 b
BPMF fi%&Y 2%, {Eidhis ol Tt eess BRI 1%
(T 22 . XUt L-BPMF Sl 7005 K hE
ZUKT BPMF, RE6E AT RO A A5 A i 1 1m) 78

C 41LL MAE M¥tsxt b 7 L-BPMF Al g 3
WHEFE 5 (RSVD, SVD++, KNN; Slope Onel'?),
SR AR 6 Brsl, H, RSVD IS5 A
ASEIAHE; SVD++53E 22 % r = 0.005 , 1E
LR F A, =0.015, A\, = 0.005 “*; RSVD, SVD-++
(FIRFAE S AV RS d b 20, L-BPMF 5532 IR AIE 4 i
100 A T g B s A, RISk



3 T A FET Logistic BT DU SR 2R 5H B /il 41k 719
L.02 : 0.98 : — 112 "
-= BPMF
1.00 k -+ RSVD 108 = ?PB\I{EH
= 0.95 —— DPMFE - 0.94 - L-BPMF N R
Z p.o6 — [n‘,B\II;“,W 2 Z104f
B 604 brommmiommmmee o RSVD 8055 & O G
1.00
0.92 01,56 .
0.90 - - - 0.96 T
0.2 0.4 0.6 0.8 0.1 0.3 0.5 0.7 0075 0125 0175 0.225
il 5 L 91 Il 5 LE ) I L g
K3 Netflix I L-BPMF B4 MovieLens 1M I L-BPMF Kl 5 Mgt~ L-BPMF
L BPMF %t L) BPMF (5%t 5 BPMF [{%f H
Jiwﬁfﬂ%o KNN ﬁYj&':P u)ﬁiﬁ(ﬁ*ﬁ M}E(&iﬁﬁ‘ﬁ information filters[C].  Proceedings of International

FHABME, S+ H AR S ARABLAR 20 ANHT A AR
JEEATTO . — Mk ul, KNN Skd 48 fa 4 H T
20 I PRI 22 0 R R

M 6 A LAFE H, L-BPMF Il SVD-++2 il

MR ZE B/ NOPIM S, L-BPMF [f) MAE %1
RSVD %% 0.5%~1.5%. KA L-BPMF $51E4EE
4 10, SVD-++HFAELERE 4 20, 1f H L-BPMF (1]
PERERS =1 T SVD++, XUt L-BPMF GE6E A%/

FRIRFAIL 4 S5

5

d ZRAG S v R R

= NN
== SlopeOne
-= R5VD

0.74

0.72

MAE

0.70

ity
06 SVD++

—e— L-BPMF
0.2

(.66

0.4 0.6
i L g

K6 TWHMEESILN MAE B2 LU

HERIE
AR SO R 0 4 DU e 0 R 2 i A R AN i

TRV AT DA - () AR Ze R O R ) ) L, 3t — )
Logistic PA%(¥] L-BPMF £%8, JHfif] MCMC J7
PR IAT IR fEPIRN L SE B AR & B sSEse
#W], L-BPMF R0 W48 s ke, Ao
(KRR IE 2 3R 15 RSVD F SVDA++ 5 4F 1k fig

TEMB A T IRASE LB, L-BPMF Lt BPMF
PEHUE B RE ) 5, RENEA R R A o 7 )

I8

(1]

2]

& & X #f
Koren Y, Bell R, and Volinsky C. Matrix factorization
techniques for recommender systems[J]. IEEE Computer,
2009, 42(1): 30-37.
Billsus M J.

D and Pazzani Learning collaborative

3]

(4]

[5]

(6]

[7]

(8]

(9]

(10]

(11]

(12]

Conference on Machine Learning, San Francisco, 1998:
48-55.
Paterek A. Improving regularized singular value
decomposition for collaborative filtering[C]. Preceedings of
KDD Cup and Workshop, California, 2007: 39-42.

Koren Y. Factorization meets the neighborhood: a
multifaceted collaborative filtering model[C]. Proceedings of
the 14th ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining, New York, 2008:
426-434.

Lee D and Seung H. Algorithm for non-negative matrix
factorization[C]. Proceedings of Advances in Neural
Information Processing Systems, Denver, 2000: 556-562.
Salakhutdinov R and Mnih A. Probabilistic matrix
factorization(J]. Advances in Neural Information Processing
Systems, 2008, 20(1): 1257-1264.

Salakhutdinov R and Mnih A. Bayesian probabilistic matrix
Carlo[C].
Proceedings of the 25th International Conference on Machine

Learning, New York, 2008: 830—-887.

factorization using Markov chain Monte

Gonen M. Predicting drug-target interactions from chemical
and genomic kernels using Bayesian matrix factorization[J].
Bioinformatics, 2012, 28(18): 2304-2310.

Zhou T, Shan H, Banerjee A, et al.. Kernelized Probabilistic
Matrix Factorization: exploiting graphs and side information
[C]. Proceedings of STAM International Conference on Data
Mining, California, 2012: 403-414.

Liu Q, Wang C, and Xu C. A modified PMF model
incorporating implicit item associations[C]. Proceedings of
Tools with Artificial Intelligence (ICTAI), Athens, 2012:
1041-1046.

Zhong E, Fan W, and Yang Q. Contextual collaborative
filtering via hierarchical matrix factorization[C]. Proceedings
of STAM International Conference on Data Mining, California,
2012: 744-755.

Mackey L, Talwalkar A, and Jordan M I. Divide-and-conquer
matrix factorization[C]. Proceedings of the 25th NIPS,



720

B 5 AR ¥ M

%5 36 %

(13]

(14]

[15]

(16]

(17]

18]

Granada, 2012: 1134-1142.

Lee J, Kim S, Lebanon G, et al. Local low-rank matrix
approximation[C]. Proceedings of the 30th International
Conference on Machine Learning (ICML-13), Atlanta, 2013:
82-90.

Cacheda F, Carneiro V, Fernandez D, et al.. Comparison of
collaborative filtering algorithms: limitations of current
techniques and proposals for scalable, high-performance
recommender systems[J]. ACM Transactions on Web, 2011,
5(2): 1-33.

Lu Lin-yuan, Medo M, Yeung C H ,et al.. Recommender
systems(J]. Physics Reports, 2012, 1(3): 159-172.

Jordan M I. Why the logistic function? a tutorial discussion
on probabilities and neural networks[J]. MIT Computational
Cognitive Science Report , 1995, 9503: 1-13.

PR WE . BB B (M. Kb W NI RHE, 2001
55-60.

Qiu De-hui. Mathematical Emotions[M]. Changsha, Hunan
People’s Publishing House, 2001: 55-60.

KA, BIREE. HERE RGP IRIRGER[T]. MR RS

19]

20]

T

EIFAY

i, 2012, 41(2): 163-175.

Zhu Yu-xiao and Lv Lin-yuan. Evaluation metrics for
recommender systems[J]. Journal of University of Electronic
Science and Technology of China, 2012, 41(2): 163-175.
Lemire D and Maclachlan A. Slope one predictors for online
rating-based collaborative filtering[J]. Society for Industrial
Mathematics, 2005, 5(1): 471-480.

TIRT, Bk, TR, S R RS A 1 el A
MR EET]. W 515 B2, 2013, 35(6): 1284-1289.
Fang Yao-ning, Guo Yun-fei, Ding Xue-tao, et al. An
improved Singular Value Decomposition recommender
algorithm based on local structures[J]. Journal of Electronic

& Information Technology, 2013, 35(6): 1284-1289.

B, 1987 A, WA, BRSO M g HERE
5%, 1963 4, HfR, WS, BT ke
BRI g4,

AL
R B, 1962 4R, #ER, WA, BEIUT IR O S

JSY L N AR IR



