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IR R AE S, WA AR G TP RIS AR OS AR B SR, AnflRE
AT BN AZ K 215 BB A B T N D R R T ik, sk = AL
R & 5. NEET AR A A RIE R, 28T 705 B ik
Bt A AR ST A 17 385 DN AR S Bt I -5 N ) TRA2 AT R AT B P B 27 [ 45
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Abstract

For all the benefits of the information abundance and communication technology, the
“information overload” is one of the digital-age dilemmas we are confronted with.
Recommender systems (RSs) are instrumental in tackling this problem. They help of-
fer potential interesting information to individual consumers and allow online users to
quickly find the personalized information that fits their needs. RSs are nowadays ubig-
uitous in various domains and e-commerce platforms. They are used to recommend

books, point of interest and activities, music, movie, and references.

Collaborative filtering (CF) approaches play a central role in traditional recom-
mender systems, which are extensively investigated in research community and widely
used in industry. They are based on the simple intuition that if users rated items sim-
ilarly in the past, then they will be likely to rate other items similarly in the future.
CF models, however, suffer from data sparsity and the imbalance of ratings. They
perform poorly on cold users and cold items for which there are no or few data. To
overcome these weaknesses, additional sources of information are integrated into RSs.
One research thread, which we call topic matrix factorization (Topic MF), is to inte-
grate ratings with item contents or reviews text. Another research thread, which we call
social matrix factorization (Social MF), is to combine ratings with social relations. N-
evertheless, both Social MF and Topic MF ignore some useful information, either item
reviews or social relations. Contrast to integrating more data sources into RSs, another
way is to mine the limited data information more deeply; for example, factorizing only
the rating matrix and exploiting the implicit feedback from it. Nevertheless, there is
no related work on how to merge the two ways of integrating auxiliary sources and of

mining implicit feedback.
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This thesis focuses on combining multiple information sources and incorporating
implicit feedback for recommender systems. The main contributions of the dissertation

are outlined as follows.

1. Proposing a novel synthetic approach MR3 to jointly model user-item ratings,
social network structure, and item reviews for rating prediction; and along with an
extended Social MF method which exploits the ratings and social relations more tightly

by capturing the graph structure of neighbors.

2. Extending the proposed approach to obtain a new model MR3++ by incorpo-
rating implicit feedback from ratings to enhance its capability and to demonstrate its
flexibility; the extension model mines the limited information more deeply by intro-

ducing implicit features which captures the influence of rated items.
We demonstrate our methods empirically on two real-life datasets over various
state-of-the-art algorithms. Further we analyse the impact of their components and the

sensitivity of their hyper-parameters.

Keywords: Recommender systems, collaborative filtering, matrix factorization, rat-
ing prediction, topic modeling, social recommendation, heterogeneous information

sources, implicit feedback
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1.1 ARB=

BRI ARG AR KR, AT RERNELE: CAREEEWHE. &
By PERIRIE; ZEAMRE R NE R B M. e B AR B AE B
T8, 28K % (information retrieval, IR) RGE H ) (user) KN
T35 BiER (query) MAERIERY)M Gtem) FEH TR R 5iZERIGEE
(relevance) Fif. {5 EiLE (information filtering) RGLNITEH &G KR
A1 RIS AR 45 F 7 ) i (preference) MR AT AEIEEEAE B OV A it TG
KIMEE 4], B ML FRYT, B AT W]+ 8 S A - S Ak
WRRIE B RG A 7%, FHEH 7 2MEREEEE, XERG/HIESR
FROANHESE R Bu/57E (recommender systems, RecSys) [50]. HT-#E#H RGiHe1E N
7R AP SR AARATEOGEB A B i, shilikE k. A i IhgelR
WS TR PR, AR RSB TS (33]. mBEF6 1AL
W 2% 5 4o iR (30, 6315 8ECH 2 A (L] 1.1,

PrEI HE R H#ESE RS0 (collaborative filtering, CF) A P H#EH SHATHE
AR L B P BT S (1] —MoriE it SR P S5 P (user-based CF)
E )i 5V (item-based CF) HIAHIEME [33, 521, bR B — AN FH P 4 R
MY R REE. B—MTEREIIHP S5YaS MM ERS (latent factors
CPF), IXEeREy R+ 7 H P 5900 B Re e, 48 b m] A ARATT ) P AR R Tt &
HIEFT 4> (rating)  [32, 42). RE W A IE VAL Gidte i R G A 5 HEAE
R, AT R 2 AR B 53T 0 AP s . 0T 4T 20 B B A 4T 55
FIFH 5905 (cold-start problem, cold-user, cold-item), H[Flid i€ /775N TERE
VAl

o, A B A B ) — 2R T IE B I N AR YR, AT AL AR
AR SRR ILZ b ) & &, B i Twitter. f1#. Facebook. Epinions. KAX A
P, NH P ZEESLER R P2 52 LEs b 1k P R AT 0
MM ZNERME TFE. HAZMZ KR (social relations) F1H 508 7 ity 1 o
W (item reviews), 72 fE4T 70 84 2 APEI A B 205 B, XA SRR
GERET R T ALIE R TR PR, A FE RS (social matrix factorization,
Social MF) 4 4152 5¢ R 48 B F7 43 208 o, AN RE % [B] BRI A 3% 5 M5 S
[2, 22,27, 36, 57). AL EHIG AT TR WY, FEAH ARSI 19 AN HE1R] B 5) 2 57
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s . Average Customer Review: Jcicscss v (67) 4

B L1 R RGN I 52 0. A HER: . WRRSHERE. PAEHERE AN ACHES R

HZRR, W “WLIREE, ANLABEST” (theory of homophily); iy [F] i 4 (1 1%E #2
BN T 25 T E 27720 (social influence), Bl “iTdc# ik, irsEH B
(55, 56]. L =HERE D MR ITIER MM, — DNRH SR, BT o m g
AR EYRSAIRRERR, A NS, E 0 A N S
Mtk =RoR. AP MM ERRS P 2R R 82 RA A P Ix — L [F 1) sL
A, TR IE AT Tt e AT 3T 0 BRI R B g . - RSAERE 2 fi# (topic matrix
factorization, Topic MF) Y4 VP18 SCARGE B RIHT 0 B o, AT E 8 ) FH 3 7 ol
FRI3, 17,26, 39, 591 ¥aIFIR e — SRR BRI FT AT . ERGE
BRI AN A, — N RHRED R, B fRTT 5 H R 2 P 58 5 1)
MEXRRN, BRI, EEE ARG R AR =S . Y
7] 5 R N 5 4 IR 2 A AR R R R IR Y S IX — L R Sk, R A AT T e e
WRHHT 0 BB A VPR B SR #k 2 B 20 i R 3= R B o e 10 2B 1 6 7
HEIE B

i R A A i 1 O — 2R TE BR R R A2 A IR IR IR o T B UET (L
w2553, ERW T HP XYW b E BRI 5 M E R,
AP SN MFE I, WRRAE T AT NWEUERZL, A& W EUE RO,
XFh R~ G B NERAFT 205 B Gimplicit rating).  FH J B K ZE— A0 HOk &
NFRBERWE, KL ERE, BHEFT 47 AR P 2 5 A A
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B 4t

flfo SVD++EAY 32138 ok 27 31— N A A Ba AR A0E 1 B St ) FH 3% Fov B 34T 40
5, TMTrustSVD 22188 I FF N T #2258 R 1K AR AR 2 56 M 11 56 UE
TRARBUE B M. ST i) TAE BIAE SRk 3 U B 2y i F AL 2 58
BEA> A LA B RIS R AT 20 PR RIAE S 50 R =F01E B [9, 46, 60], (EAhAT1ER A
A28 UE B L — DR m i T R

1.2 fFFifRpE

WA R M AN R IR 2 H s w, MBS RS TR Z s 5
G, WHATRE N 2 b et AN IR T2 AT BRAGE PR 45 Ak ok DL — 2D 1R R R fE
IR AT A3 A LR 1 ) L

L 25 e T 0 MR AR SSRERE AP SCAS, o] v e ) B R P =45 5 92
EERE R g PERE. WA MR EHEZRA S 1 AR B 28R MR i 5 A — A
KBS AT, SRTAATTETR A B A AR A R . R A
R B e 28 LAt 3 T PR I D L

2. WnfTfER & 2 UME BRI ARy, R Eysim sk BiE B I %
AT R LG B S 2 R R PR SR, B AR AT %
fitl_EFZIRFR S S B, AR AR AT R A ) BB TR O, R T sl vl e 22
W AR AT FH PR 5 12

1.3 AXTIIE

RIS HERE R G0 1) 20505 Bl G AR SR BHZ IR AT TREAL, R H T
P HEFAAAT,  FLAAORE .

RS =T, BT B Bod al S A28 P s I PR LR AN i R A, AR
SedR NN R AL 2 AERE S T, E RENS 5 B8 B AT R 4% 14 R F 4
PRI, SRR AEBEIEAL B S — A RERl & =AE B E RO

FESE DY, BT DMERT FEHR 24 RN R s o h s, EE AR
MR PE by 8 A PR BRI, AT 2 o 45 e T A5 S 1), A SRt —
TR B2 IR Y R AR, RS TR R 2 RO R AT e
IR B2 0 PSS A e JR S AN B s it 1 i) 7L ) B 2 [ R

P SR A AR — B0, R S GO SRR S TuE. PR
Al B g 1 S LT SR A R AE T AN K AR B B £ i 1 SRR IR, R 4 R
TorHT. TESRH FIRW MR Y A2 AR TAEMANE, ®IGRH NE
wH R,



oW OMKRIAE

B-E MXIE

Fi RN R) v it HERE R R T LRI N AN ESWBB. B —Fr
BRI ARSGMIRE, CWiE THERENTATHES 1. X — B ibn &
AR AE 19964 T I AR 7 R H FF ) U [RL 3€  (collaborative filtering, CF) %
BT 2y, PLABE G B ECFENLIT 2 (ACMD JE1E 44 & BRI A2 SCEE [49].
BB DAL, e B R R P R R, AL R AR B A e A
JETRIE REFE DAL TAATTIHESRE RS, LA, X—FrBi o 17— EAR
M, AFEE2001 4452 H 1) AR B R HUSAE L HEAE B 2 T W0 (item-based CF) ]
ST R T [52]; I ERW T T @, SFEE N M HERE (top-N
recommendation). [23#] 4> (implict ratings). ¥ 53] (cold-start) &, IXLLJy
EIAEADSRE . X ) @SR 2 . BB = BRI KRk, HEE
RGN TR ER, MATEGRIEEZE, NSRS 222558,
R RGAGE EE M . £E20065F, SEEAMAL 55 2 " Netflix AT 1 Id 112
FUBLHAT 0 REOR AR (51, FFWAL 7 A I 3ET0 R 24T 40 T i 22 VE Re 48 4
W SR A A B2 T 1510%. VUM B M HERE RSk, B TR R, X
— I BB FEHERE R AL 14 (ACM RecSys’07) HIBTF, VLT HESE &
SAEAFI 5T B PEREVEAL B 7T [23].

AT TAE =& HE T W B & B9 4T 20 0, J& 5 P [F 0 E A Fe va g, DA
TR AR TAE. B RAF T 405 B0 2 15 FE 20 i 1 B ek [R5 B[R] ok
U775 (latent factors CF), 4R J5 A& NN SCAAE B 3= U [ 4 i 77 1% (Topic
Matrix Factorization), #2572 IIAMAE K R IFEFEFE iR 7772 (Social Matrix
Factorization), /& & RAFIVHL.

21 ETihEEEREERS

W [F) st 0 A 4 T VA B HE 2L T 2 B9 B R € (memory-based CF)  Fil &
TR FI Y RE JE (model-based CF) P [1, 151, AhAT TR e an SR FH
(user) 7EiL 20 Sid Xt CGitem) HIW4F (preference) AL, A4
AATTAE XS4 SR 10 A ) o 1 s Gt AR T BE ALY,  ACELSE b B SEERL T R AR
(word of mouth) [14]. fRlFIRIEEES T LUZERITSr (rating), #lanH
PR II1RN10%y, AT DL P B aReAT e, flin s, wlba, k. BT
[F Ly R A FR B R IC s, mMEREMANEEE, WA rH®



BoE OMKRTAE
Al ERE, BEEDHEIREE. bRl

2.1.1 EFi2iZaothrEE

Fe T A2 B e [F) I E AR A A OGN IR XA 4y AR T P Cuser-
based CF) B [Aid JEFIZE T ¥ 1) Citem-based CF) WA € [8]. N H P Tt
RENY) b AT 43I, T 2 d T A P 5 = AR - AR RE (B DAY 2T F
1), JE#F T 255 AR AR (BT DAY T D, THE R
(PIAERAPEAE 9 B P X AR EN ) S 4T 3 B A

ETHRPWHERIE ihe, ofCRH T, o ARKRDE, H P X5 8
ALK AT 7338 Ry, TOIUAS TF AT 4018 Ar,, B4 BT R P B A Dk
(user-based CF, user-user CF) X A &1F] 43 B 70 A 202

ZveNei(u) SIm(u, v) X Ty
2 veneiu) [51m(u, v)]
X H Nei(u) itz H P o0 E, R0l i A4S, sim(u, v)
TP Z B AR, e AR T2 B Hh Rl I 8T 20 T b A
R ARE)— AN F &R BT W E, Bl i T 0
s, A B AT RELCEBHT 20, 4T 7085 3 (1K -

2.1

~
Tui =

ZveNei(u) Sim(“’ /U) X (T’U,l’ - fv)
ZvEN@i(u) ‘Sim(u7 U)|
FALVE )1+ 550 FH 4 B2 /R A 9% (Pearson correlation) F1 4% 5% #H bl F&F

(Cosine similarity ).

(2.2)

Tui = Tu +

sim(u,v) = ZiGNuﬂNu (rui — Tu)(Tpi — )
\/ZieNuﬂNv(ru,i — 7y)? \/ZiENuva(TU7Z’ o

bR R IR R O R B SR B SRR 51 B S F AT 0 i R I AE
& MINERHA T ulHT 0 i &. O 1 G R D HET 7 SR AR B 2D
MR, ] DA S SR AR — N BIAEL, LR B IR S5 A5 73 3R LA
F:min{|N, N N,|/50, 1}

5 ERE TGt IER) BORBARRANE,  ARGEAALRE f& —Fh -k F Ze AU
F T s (A9 4T 20 1) B ) AR B DAAAT TR DR A B

(2.3)




oW OMKRIAE

ry Ty Zz Tu,iTvi

||I'uH2HI'U||2 \/Zirii\/Ziraz‘

X BEIRATRE AR FN AT 73 BON0, T sRAI R 2R g iRy Sl ik
FPAT e 5eil % 7 E R BiE, A4 P 8947 43P0 il 26 AH [F] I 4R 5% A4
LR S T B2 SR AH 5% R %K.

ATV mithELIEIE A H P MEE AR IO, HTH P E I g
TENEREA P FHRABUH P i 75 2830 AN F 48, BIO(JU|) IR R k. 5
T E € (item-based CF, item-item CF) i 534 8 47 20 4 3 2 ]
(PIAB AR, 3B G 1 I AN ) @, T 1) W [ 0 9 T S T 20014 £E STk
(5218 H, FEE A2 7RIS (Amazon.com) H [33]. FE: T4 5 1) ¥ [A]
ik P8 ) O B 2D TR AN AR AU (T B, RO I B R T S 2 TR AR AR
sim : [ x I — Ro TV 00 EIEJEXT AR FFT 70 BT 2 202

sim(u, v) (2.4)

P ZjeTopK(i) sim(i, j) X Tu,;
s ZjETopK(i) |sim(i, j)|
KHTopK (i) 5% Wi s BT K0, —BB0AS, Misim(i, 7)1
T o T B ARRLE, e AR AR T2 B B R I 8T 40 Tl A
R AXH— DA FEERH T S5 0w &, Blana e 475
3 =, T B AT RE LB ) T4 TR 2, B A S RIS B 4T 20
e e, EC AR — L R RNk

(2.5)

ZjETopK sim(i, j) X (ru; — bu)
ZjGTopK |sim(i, j)|

KEIT W E (ECH IR TN 2D 0,55 T 2RI o~ F3n B P A
Yo 34T 43 global Mean + userMean + itemMean. ) & 2 18] 1) AH 2L
PEsim (i, j) T LAZEEE 3R 36 F P ) B[R] 3 368 o B 56 FH ) Bz ZR b A S AT R 5% 48
A

YH P ARG R TYMESK, HTWmES AN EASME, o A&
RN S RT KA s LRI i 103, SR S FERS AR ENHT 43 134T PN IS sgh mT DA
BEAT PROE ) B e #R A TR TR R0 MR T 1 15 T 0 T K HEH R Gt 18 31 S B 1Y
L oA B L ) R B AT B AT R 2 I AR I TR T ER
S5 AR AL

(2.6)

Tui = bu,i +



B MHRIAE
2.1.2 ETEABpHEEE

H TR P I (Model-based CF) M PLAE Y 7 240 s 3T 2 2% )
— MR, SR JE R R XA A R HT I FT o AT T R T R SR ) W [ i
(431 A T 2 Fic iz M2t TR i b Rk 98 S it 2 TR R N AN B /Nt
BERIZS A, SRR RSN/ B iz B 28 Tz i i [l g

Fe T AN DL Hr 19 07 K P 1) 0 8 R 2 R HL s 2 ) A B 43 2R Il R
[41,54]; 4P P WS Y0 R FNFT 0, Mig — b E DI 4y 2848 18
FINGFEARE N R O 00— Mg € N, HEARRZEC;RIZ I T 1) Bk
o, ZFEARFIRHIE R R W FT Iz AL H P (bR o s SO 224k
-

class = arg max p(class;)II,P(X, = z,|class;). (2.7)

jEclassSet

HT#F FE 5% (Singular Value Decomposition, SVD) 117 i €4 FH F
O i DS 06 8 675 1 4 (1 4T 4 2 [) 2 24 381040 2 A %5 1 4 i = R b [6, 517, T EA
22 ] BRS I ATE S, [RS8

R~ PYXQT. (2.8)

RT3 HRE ) A3 i = AR R BT ALk IR A HE R P2 2 o) BRI 4E
FHFRFESERE, 0k 7 P Wl RS HREQ & 5 > B IR GE Y b e R FE P
R TV R s X AR RES R T W PR . R A R — AR R A
WRTE R A 3l EIR& DB S 5% (Frobenius norm) HIRZEHEE T, X
e LI RRKIL L (rank-k approximation). 7] UL ZIXQT ¥4 b M IR 46 1 # it
EAEAT 3 S (A AR 3 B T ARGEA 2 (R I B s (R e 2 N S R FT o3 e v 2 o) )
R=AZHOERE S, P W A Y0 04T 43 v L 5 B 32 R - 1) &
SR 5 P afe AR ¥ I R it AR R RE R 1T 49 31«

R, = P,2Q". (2.9)

HF FE 4481 (Principle Component Analysis, PCA) Wik 5RTH 7
R TS B, e e A g 8 A T S HERE (18]

FE T WL S X7 #r (Probabilistic latent semantic analysis, PLSA, probabilistic
latent semantic indexing, PLSD) 77321+ 7 0040 it B i S ME 26 P (4 |w ) B 4T



B MRTAR
IR IIATP (ryi|u) [24], %0 BRI P R NE Tmif a2 (aspect)

Pmnglmmwgm. (2.10)

ERED R AR KBS (maximum margin MF, MMMP), 3k
MFERE > i (nonnegative MF, NMF). BEAFERES iR (collective MF). MR
=43 fi (Probabilistic Matrix Factorization, PMF) Z&7E PN 2L 150 B A 1 0 [
RLUE (21, 31, 42, 48, 53], FEFT 70 AT 55 L RO bR ERE 25 7%, A AT RZ O
AR 5 2] P A AR ZE I B3R (RFfIE % 2J feature learning Do

F TP RIS DR SR R A 5 2 BN BRG] 20 A 520, % T
FI AR B9 R S P A, PR JESRETC RN J. G fe i it A1k ) st ) —
ZIE RS A MNP BAR IR, FIAnPFR SCARAE B AIFEAZ I 2% 58 R 1E B

22 MAXKEEREERS

LRV JE 8l (cold-start, cold-user, cold-item) [ & —Ff 75 v & I A &4k
AR, Gy et s, BIRLE T OCRE BRHEE 2% B TAERZMN
TEL = i PEL H i BT S 8 ST B4R BED AT 73 SR JE B ARAT IR P9 R R AR
M2 R IEH (17, 26]. Flan—ANHEEIET (aspect) BEH T KA.
B, —MNMEENZHBEEME. B BRe, BRI aREN
P MRS, X2 T A A B R A A AN, DUCR 2N T

221 FERERE

F AT VELE RO T B B Rk R S E R A s A, G B
>) SCAN- 3 A 43 AT AN 1R 43 AT ¥ KR vE 5 42 B (Latent Dirichlet alloca-
tion, LDA) [7](1 3= 8 & B 7 v 76 SCRY S A DB (1 3E 6 U 4R  (negative
log-likelihood, NLL) BR#E XU F:

N
NLL(D> - - Zd:l ZneNd <10g ezd,n + log ¢z¢,n,wd,n> : (2.11)

X B S0 o572 F 44 (topic proportions) A1 404 (topic distribu-
tions ), MW, Fzg, W R 7R SCRY HR B — AN ] e Hoz il 1 8. BB A& X
SERT SCRYER FR RN SCRYS, DA SO A BN 1], AR At AT T e 3 REUARE 2R 2 i K
o AATTI AR B AR R



BE MHXITAE
1). MIKFI 3 5 Ja 38 20 A7 RAE SORS -2/ 0 A 04 ~ Dir(a), X BEOZ1FEER
HR SO, KR T B 23 A I 28
i). MK 50 7 Je 8 40 A RAE - 3 A ¢p ~ Dir(B), XHEfREM
Rol, BREIKH 5L A B4
iii). X TR SRR B (d e {1,2,...,N},n € Ny):
— MNZ T AT RE L 24, ~ Mult(6y),
—MZ T AT R wa, ~ Mult(g.,,)o
TELE IR v T 0 T P BB DL R ]

AN Z (o, ), ENARE SREITMER (w) B, TS AR
BAIZHE (0, ¢)o TER, MAHERRU T MRG], 235 8-16 7040 o HUR R
JSIR) 22 T4 AT Mult, 48 175 A SRR B 1 w.

222 EEIERES R

W 3 0 A5 A B B[R] 3k E b AT RE B B 6 R M R B SRS B AR
H ¥ EEBER (Collaborative topic modeling, CTR) [SO)RIVAFA 4 f# [59], 4
MR CHR, & T .25 FEEJE (One-class collaborative filtering, OCCF)
(441, BT A R A M. R EE A HES.

TEAT 53 PUOMAT 55 b 48 Bl 3= R 455 1) T A A 6 R A 5 R G g 3= A 2
(Hidden factors and hidden topics, HFT) [39], ZA& A M PFI8 SCAS Hh 24 3] 7= i )

"https://github.com/jluttine/tikz-bayesnet


https://github.com/jluttine/tikz-bayesnet

BoE MHXITAE

FE oA, [FIAFT o s s I s R 2, SR 05— S softmax 22 4
GFRELRR D WX R ALK BB I SRk I IR R AT R — 4
AT, ] B 1 38) B 450 M 23 A 1) 3 R o A AN S BB B RE e . S AR
B B 43 i LA SCAAE B TAE [3]e XS5 VA R 3 43 A7 (1) 4 B AR
) B AR REAH SR, A T 3 G A e bR B K IR SR NI HE, [ 341 B 40 A 5 6 Dy v B0
V84 (mixture of Gaussian) #/8; #t—201), [6111#d 3RS (co-clustering)
F P 4 DXFN ) B 2H SR A2 BT 40 A AN 2 R A, (845 P ERLF- A0 o [R5 i
CLA A FEIYERE; T (12100585 5] AT E AR AL (aspect-based model)
[Rox, SRIERRH P X MM N A A, HEE R VFIX AN 7 A1 1 4E
FEANIR], AH B ST EA R AR $e R B I\ — >4 55 25 [T B3 381) o) — AR 23 [

MG IS HORGRTE, 5 RUHE B A ) B A AR R4 A O TE B () A
FRALIR R AR (B TR B E AR 2 ) 4R 3 i 4 TN PR 452 2K R 0P A4S 21— A
Zre il B As R 2.

IO SCASAR B RHHEAE 2R 48 B AR BE75 R Wb VP IR X — E BEMR IR, (H2 %
TIEIHEAE R RS Iy — FRREIRTHIE A ML RE IS B,

2.3 MAHZXRREEFERS

G fR V% R BN Il R o — PR AN R TR 2 A2 Ok &R, RIS T HAZ KR
HIHERE R Ge, v AR A S HEFE (social recommendation, social recommender
systems, SocialRec, SocialRecSys); — ™l F )3 T Wip [7] i i 1) 4 2 HE 35 HE 42
BLAELT P E 7 [58]:

a CF-based SocialRec = a basic CF + a social information model (2.12)

B ER AR RN i, AT 5 R 3 i A A,
IR AL SR Ao ARG PR R DE 0 73 28053, AT SRR AL 3R R tB 70
P ST ICAZ AL A AN R R A A

231 EFRIZHHLEERS

B2t S R L2 i R iR T E R, JTHE R T
PR BRI DE, RO IR Al LUSE B 2R AL A2 5% A A TR AR ok S
P RT3 0 SR AR, SR G T - P AR BT 55 (B2 RIEAR SR B A

10



B SR TAE

SEAHAARE) MIHERR AN, BIMARMERR B T SE B2 JE . RIS R R
HFEA Z MR, HA GBI HEFEEA (Trust-aware RecSys)  [381#F i 1A
FTH PR R e ek H 2 - A AR A E B e (BE RS ST
W& bt EAR RIS EE, I E T W BOd e Btk EH P 2 MRS A
VE AR — JE T H P I R g8 o A% 0 ) /2 4R 21 45 58 FH P )
FHALAR JE Nei(u), 15140 B A0 FH M AEAZ W 45 o 3k B B B2 i AR AR P
Nei(u) = {v|T(u,v) = 1}, XBT(u, v)Fa7m 2 P2 AN P BHAE R &R,
WERARRZWBUE T, 5 WEUE 0,

232 ETEBENASEERS

5 AR B FEAN A, B TR A S R g A B TR f P R
PEAE R AT 4345 BB, AT RERE [R I 2 AR FT 23 0 BE AL 38 0 R AEFE, ik
P& HAHE 3 [36]. — DNE TR SHEE RFMMNAHEZE T LLE ST
[58]:

. _ pT 2 .
%%HWO(R P Q)HF + A Social (T, 5,Q)
Hadamard product Social model

+ Xorm (1P + Q1% + 1217) (2.13)

RACHEZE L & =8B N FY, 25— &5 TR b R it g8 4, B
FAFT 5045 2% 21 F P e AR A0 R PR Sl R AE SE B Qs 28 — i oy R R 4 = 15
BHH SR, S8 8 =302 B bl A rSE W m. AR
H 3 T ER A BN e R B T4 A5 B otk 2. flvh 56 10 T W 2228
BEWHSHINA, EHNSIE —EmHE32TAN3.4 34T A 3.9,

R PRACHE B — > S48 2 SoRec i A [36]:

Social(T, S, P, Z) = min (Sun — PrZ,) (2.14)

AR RN 2] T — NS B R AR B B Z DA 20 At AT R A 2
[F) B 7 5 SR S T 452 28 1 oy () a3 vh 2 ) B P RRAE AR B PR 2 R B AL 22 R R
W15 SRR, MRS 4T 95 B A A5 B LR RIAH BAR 3 R, 55t
22— A SRFZHFEANE, SoReg (Social Regularization) 17 [37]4& XA 4
KRR Z BIPAS F P R AIE ) B b AT 200, (A AT TG AN Rt A B SE AR

11



oW OMKRIAE

Social(T,S,P) =min Y Su.|PI = P} (2.15)
P Ty w#0
A2 R A PN P 22 18] R AR 30 P 2 FR AR 2 T R AR ALLE S, o 42 1 £ -
ZINFEAGLEE WU, o R AL i) 2 2 T 100 B 8 K, KA AL TRy i 1) 2 ) ) 2 o 22
/o Social MFAER [27, 281 23K AP ) (i 4 2 AU FL A 4 AP 28 i -«

2

Social(T, S, P) = min Z (2.16)

Pu_ Z Su,vPv

Ty v 70

F

JR A4 R A A (local and global, LOCABAL) [S7]M 4 )51 M 2% 1 J 3545
JEMAM ARG R 2REENEBRRM 2% 4 HPageRank FATHE MK, KE
THPAT S5 sUgitt: mEE BN 5 K ERAE KA. 15
1FH B 5/ E AL (trustee and truster, TrustMF) [62] M\ A& /£ FI 4 (5 AF X 7]
KRB SRR T HARH P B 5047 Rt Wl e ma G sh B O i, g
fEATRA Y U A5 T HAt P B4 T 7047 2 el 32 25 sh F P s (). A5 AR50 i
A (decomposed trust, DecTrust) K4{5 L R 5] A DU A28 (benevolence,
integrity, competence, and predictability ), ¥ {51 5¢ 218 1 7 AN BE e P 4R 1E
[F) B [R) ROARAAVE A bk, 43 2 ) 22 18] B S AR [2].

IMANARAZ R 2 A 2R G AR RE 5 18 P Ak 2 480X — B BRI, (H2
R TV VRS 5 IER] DU THHEREPE RE (145 2

24 HEFEZRGHIHE

IR — TR RGN, FIIEZ RSN TAERR 2R A M. B 7R
Mren st S PR B TRVE U E AR, BEEbh e — M N EES
No BEELVHG AT R B T NI (B I ZR-30ub-Ial) Ja, BPfE
YIZr4E (training data) YIZRHEEERL, ARG TERTATMALE (test data) L iFAL &
TNz 46 (generalization) BE /. ISiESE (validation data) 18 FH R IH 5
B2, WRZSEE, rUWiIrRSE. AT R0 RHEES, —MrErR
Tk K28 X5l (K -fold cross-validation, K -fold CV): ¥ 4R £ 4 £ X 47
NERN K, BmRE I ERIAE. AIKEK — M ERIIgE, &ERK
MAAIRF), —REKISE# 10, [15]

12



B MHRIAE
2.4.1 ETFWmALERMREM S E

FTF TN AERE T (Prediction Accuracy) Al J7 75 A& B EHEE VAL R H0
FI o0 Hm 48 B ol i e FE S S A 22 e W LI BT A P 2 4t
fi%% (mean absolute error, MAE) KHIH—AbLRA. R T71% % (root mean
squared error, RMSE) S HIH—{LhA

MAEXT P 12 72 B2 3o A

1
MAEr = —= > [Rui — Ruj| (2.17)
|T’ (ug)eT

RMSEX} Tl i 72 B 7y .

RMSEr =\[3 | (Rui— Rt 1T 2.18)

LG 2, RMSEXT BRI i 72 (8 45 50 50 g & ARATTHI A — AL A 2
B A Ry — Ronin TEAF RS I PPN 45 R AUME 2 [0, 1. MAEAMRMSENR) — /42
IR RN P45 BRI PPAL, BT 24T 2206, RO I [a) 2 2 FT AT 20 54T T
TADPEAL -

TA—RMSEF:¢§:w%ﬂﬁﬁ¢—ﬁWP/WH (2.19)

B PRI R B P ) DP A D T 2 i AT AR A RIS A, SRR S
br EHERE RGO RIEAT s B, BRI P 5 TR RO R 4 ol 17 AN S 7
=YV RR =YL /T

242 ETHFEBEERESE

HeFHE 7 HERITE (Ranking Accuracy) [ VFAL 77 V4 & i HE AR BLVE AR Rl
F P61 o B i - HE PP PR g s PP O 2 s X0 20 ot N HRE AT . 3 LI S &
FHZIAH (half-life utility, HLU). ~F¥EIHEm 47 (average reciprocal
hit-rank, ARHR) Fl1JH—4k BF #4018 25 (Normalized Cumulative Discounted
Gain, NDCG). [23,50]

X u, HARGFY) S EE & Test,, HIZWEWRFEE S RFEHT, Bl
Hidx ()R IR, 2, ..., [Test,|o HLUZS &S VEHETE 1Y) i 51 3% A w1
P UF ) S 8E Hiits,,, e Hodm Iz T AL B rank (1) H /5 301 #4400 B
TR Lk 8, 50]:

13



oW OMKRIAE

1
m%swmwaw
HLU, = u 1 (2.20a)
iETZe;stu 2(idr(i)—1)/a
1
Z Z’iGHZ'tSu 2(rank‘(i)—1)/0¢
HLU = 100-* (2.20b)

1
; 2 ieTest, G -D/a
SR oS, Flaner U0 oy B R RH, ERIH—
R B —ANARETE—NHP I, FE2 AR P E LS
1&1555 (FLL100)5 )0
SHLUX fiy ) it 7 60 B DLABEOE kAN W), ARHRIE DAS3 (1)
J7 AN [11]

1 1
ARHR = 2.21
#usersieé;s rank(q) (221

AT CLE HH, ARHRPZE G ECHLUE, {H2 i DCGEDR, Ko L
SZOAEN PSR E,
1 S
X B RA RS LK ENEK, re, BonW) i A B, BUE
F{0, 1Yo Z44% IR P 0 B S e HE R I 5 A B 1, 2 N DOGE
MNDCG = DCG/DCG*; ix B i jH—4 77 XU T ARHR,

243 REZFHTETSE

PSR SR 7 M 28 R AN (area under the curve, AUC) &2 &
{E4FE (relative operating characteristic, ROC) Hli £k ) — M EUE &=

FEZ T R, ICNTRIRIEFEARN L, N-RRPFEARNEL, rank(i)3R
IR IERTESIR P HEF A B, I AAUCTHHE AU [54]:

o rank(i) — (N;)
N-N+

TEHEFEAL S5, RALRT, RTCUNH w8 “IEREAR” BIZH P =R Y

mEE{i} CHARER” B P AERMI G}, I MRe & T S L N 1%

AUC (2.23)

14



R MR
EE R HEAE R JT. idTest, = (u,i)|ulikesiZR 7~ M H H
FuE K i o 65, Train, R NZRE TR EE, AMEXADMES
Y VO R IZH P A B R, B AAUCTH AW [65]:

1 1 . .
H#users Zu: \E(u)\z(i,j)ep;(u) (Bui > Rug) ( )

EKHEu) = {(i,5)|(u,i) € Test, A (u,j) & (Test, UTrain,)}. LK
B A SCGRHMERE FLIEXT F P B0 R TN AT 70 2% L% 7 AS 5 X0 i R T
AT 73 B, T A BEAE B XK ) it HEAE AN B X0 ol i T

HI A SR TARREAT 23 0, DR O —A B PR I P B i A 2 1500 (0 vl

BAVERE TR TR ZRMSE, B X & R 2 EEMAEZE T 5 2 8 (SF Jyvs. 4
XHE Do

15



B ETZREERSHNET RS

B=F ETZHREERMSHNEEFERS

31 515

FH TN BSR4 77 V2 8 A B [R) st i A () ¥4 R 2 RH 5 A i A2 i) R
FHEAS R T A3 ERUERE, SR SO B S F R N Atk 25 B g
RRZBITTEABERI: A FEFEBES (CTR)  [59)EI78 71 K+ Fi e i 3 7
AL (HFT) [39], MALSHEFEAAL (SoRec) [36]. L2 IEMI#A (SoReg)
(37134 - A Ehii GX C&EHFHFTAILOCABAL) [57]. ELWIAE:, /2
PR HR AN LA HE R PR Re gt — 24 T, T = PE B AR R G 1 77 V2 R P
Bz, BARA—ETAE OICERE T XA XRAX=MER, H
AT R H B2 CTR AISoReg H A i 3%, 1X EL & AE A FHFTAILOCABAL 73 4
RN T 2SI RISE. 54— LGB 7 R A 2 OGE FHT 2 AT 55, 1
SEFRBEHERE [60]. A NHEFE13IFISCFHHESE [46] B4 —LET77% (1612 F FH 4 FF
6] 73 f# (matrix co-factorization) HARFE H P A& MBI E S, HmthA]
P SCAAT B 77 202 B A SO -1 L IAE B (S84 T latent semantic analysis)
AN 2 bk 1 = /8434 (latent Dirichlet allocation ).

N RPN Z TG B L — DR R G R, AEE R T
—AEET Z S B EHESEE RS 2R AR 0 AR R I T A
FERAR, FI Y& O E & PR U B R VS B TR A A S ok R AR
PR RK, MR —NEaBR. BARMS, RS ES iy m ikt s
53 7 3CAME B RESHPRe; ERES R PSSR 2 538 T E
RSP 2 R R, 40X =R S T DL i Z2 i i 7] 8 mil ke
KABHN—ANGEAEBR, X —DNEISEEETEER b, BATER R T — &
R 2T, B RS TR AT 0 B A 2 245

ABEFEI A HLRW T § 32 T A B8 R A aE, SR
JE 3370 Z YRS R E 1X — ] AT /R, A3 AR TTA A TR LR A
B Jo H—ANEE BRI, 5 3,615 X BT SR Y AT SR IR VR A AN 45 R AT, B
IERNAEISER

32 MAZRESHETAN
T ZRHER: AT AR RRTIR AR, AT XL J7 i 7T B

16



F=E ETZUEGEERMAENIEE RS
FIH, IXET7 BB JA TR 2 il & B R 2044 (component). PR UL7ESE H
BAT RSB 2 75, SR AR Z G B S N . X =ME BAE RS
H AR EdE S LR BB F LK 3.1, ‘B4R H Ciao ' F1Epinions 2 & £E.

o Olviuea.. %] " iPhone 6 16GB - A jump into the best
Rating  Smartphone availabe place. 4 1711201

| am a tech freak, | have owned every iPhone
this, but | also owned almost every flagship A
rarely keep smartphones more than 6 months
or sell them and put a little extra so | can buy
| bought about 3 weeks ago. | used to have tf
everything about it, it was small and beautiful,
Abut e EXG BTG s had the opportunity to exchange it for an iPhc
next, sorry for my absence. photos and videos | disliked the design of the
bigger phone and hated how | had problems :
walking, always in need for 2 hands was one

Add to my Circle of Trust
Subscribe to reviews

Member since: 12.10.2014

Reviews: 30 o @ ;
|Members who trust: 17 | tn maintain en unii ran 1indaretand what thie
Social Relations Review

K 3.1 =MHERE S B, 7ECiaofEpinionsB(#& 5 I, 1F1E =P 1 54 U5 -
BAEAT 0 (158D, XAEERE 7k, MR (BIEXR). MAE
Kb FH A B HERR IR Hk: Rating, Review, Social Relations.

s

BEAMANHP = {uy, ..., up SN Q = {iy, ..., in }. BATE w00 1F
B P RG], ML kR EYREL. 2R e RMNERICF /040, HAm
TCE Ry i P ufE P BT EAT 4, IF SR AT 70 i B H N0, 170 T
DT 55 5t A2 AT W8 5040 T AR 0 I FT 53

b T EIREARIT MG S, EARTE AN R BB IR, — PR R A0
REE: AP AN R A E . R R, AT RFNEZER T i KE#EE
ER AR BT € RMMERid H - P A2 8 R5 510, KA IeERT,, =
TR Fu S PoE %S, BRI N0, 57— P& L ARG B

'"http://www.ciao.com/

http://www.epinions.com/
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B ETZREERSHNET RS

IR A TR, RIE T ABATROIL A R IS R NS .
L dy R P WY T SRS, EAR RS M EUEIT A Ry
ASCHT B 5 R H A AR 3.1

3.1 id5
e B
F 7 K] 1~ 1 4
Rui APl T 43
Ry, R Pwsribif ke o
Wi FHP w5 AU
P, FA P ul) FP-4ERRAE 1) B
Qi W i 1) P -ZE RS AIE 1) £
Y; Wi 1) B -4 B 2R IE )
N, F Pl 24T 700 4
T, P u B SR 4
Tuo — HFPuFIHPuZ ME#E2 R
Cup  FHPu AP uZ T A 2 i
Suw P IR (B E R 2 A AL
H F x F-4E 4t 2 A0 50 4
i Pt irFe GO
Wan SR EER™ /N1
Zdn SRS E Bt AN ) @
Ny RS A A
0; Yidhi W BLIISCRY) P-4 3 8o Af
b, by BRI, X MR IH— R A
M,N HFP#, "
P MPES, BECAM
Q YidhsES, RBUNN
L ] A
-l FFERIEE DB S (Frobenius) Y541

E£4E51% (cardinality)

SEAVEEAVE IR SCR-R U FE LU D € NV, Hp ¥ ot 3R d SR TE Hn AN SORY A T 37 3
NI IR, AT IRIC Ny, B SO Y dhisd —— X R
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W= T 2 S BRS IEE R %
321 FRAITHEER

<
ﬂ5?4??1
-
A .
o
ra
Y

K 3.2: F P A ST bR & . BT R — N, B8R,
AW B BT 0 B B T 3B 55 R (hid N 1-543),  FT 43 TRIIAT 55 5t A& T &
FNRIET 43 (hRid NS “27),

FIHAT 7345 B0 F J7 12 & B 156 B 40 i 1) Bt Rl 7 B 8 (matrix factor-
ization based latent factor models) [31, 42], BAITHI =2 H Fr & 2 > Ba gk 60 FH -
FHRFFEFEBEP = [Py, ..., Py € REPM X5k 7 H 2 B w78 22 2] B
[PI4) h AH R AEFE FEQ = [Q4, ..., Qn] € RN, X IR T W) S R, RRAE
o) i@ I A SO R T A FE R, AE B /D R R TR SRR AN IR Ak 7]

(regularized least squares, ridge regression):

. ~ 2
min (Rui — Ruy)” + A(|PI% + 1QN7), 3.1)

KHENEIENEZ, 6] pra 2 e b bl 5. H5E 25 M
YRS IR e, RS RENST 23 A Ak oF I R] DA -

Ru; = p+by+b+ PrQ;. (3.2)

19



B ETZREERSHNET RS

XS 8, b b RN T 3. A 3E (o8 -
&, userbias) FY)RFTHIME FRAVRME, item bias). Z4ERENFHIRHIE ]
& P, AQ 4 26 7 F P wl I I A4 v ek, At AT D 22 T F) P R i T R
(128 .8l 7 1 UL AT 2

— NI RELE 3.2, T2 —MHP, %2 —1"mn, 1
MELIIHT 0 B B 750 3 FE R, 4T 93 TRINAE: 55 5 A2 TR AR 4T 53

322 FHA#HELXRER

T 42 R ARG R, #H2MFE5# (social matrix factorization, Social
MF) % [57, 66111 AR & % 2] F P 1 Ra i At & #H 9% (social-specific ) 5 {iE %
NP, DL SR %I P @S 4k 2 o R EUREE, BT A S AH AL EE FE (social
similarity matrix) S € RM*M, SRLTAT 70 HBEE, A B0 iR AT I8 1
BN B/ e e a8 (SN H € RFPF @4k 2 dH ek k) #

min Y (S, — PYHP)  + M(|P%+ | H3), (3.3)

XES, o F M o2 IR AR AR, 40 R € SONTT 9 [/ B R AR 5%
FHAUE -

> R+ Rug
Sup = - (3.4)
VIR R,

PEEDEE 3852 3.2 i A a2 I3 LI S EAA S e B T o5 BRI %2
26545 SR A H IR T T S I AR o, K SR A B B I AL 22 R R T (u,v) =
1850tk

FESHERE S R TAE A — Mk, B P SRy 7 E Sy — A
FESEHFT AT A, RINFT 40 Ed b 2 ST B i R — MR B AL AT A,
B MRS o R 2 ST B AL 2 RoR. IR ERIE NP, A A 3 i S Y5

STRAING 5 T TS RE AR A 30 (3.1), LA TEEBIR A0 9tk 2 2R .
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B ETZREERSHNET RS

o exp(kQ, /)
if = F
Y exp(k0, )
7=l

To
DI SRR R R VIR T R A
133 AR TR BB T OO L DR M AT 5 R 1% 3

Yy SEEERF R Q) A IR TS SCAS A 2 2] B B4 B R A R AR 0,
fih A1 2 T8 A Bk 2R 1 softmax A8 #e g 37 2 K.

|

323 FATFELXAEAER

Xt F PP IR SCAE B, U AR oK TR i (1 1GR3 e
[7,39]. WERH GO AR R Z Bt v B 8, 1o I A s, HoE
MAEFA 220 Bl A 21145, X BLESNUNN AR TR0 1 A -

N
- Z Z <log ezd,n + log ¢Zd,mwd,n) 5

d=1 n€Ny

X B ) [ 2 B0 Moo ) AR o o A KiE] o A, AR A H bR 5 IR
w38 7 SO . FH P B9 WD R VR E SRR FE BB T R T AT 0 AT O,
EAOKE, Y0ih )& Ml fe 20 i — 4L 5 B, X nf e N 1A E
A RALT P SEARA XU S Ay, Wt S A A OUEE B - ) W AE AT 20 B TP %
SHEIAT o0, FI YDA AEVE R B AR B T I PEE, I AORA Bl R
FR YRR SR R — SRR AFRTERS, A AE — MR B TR R R I AR R
Ko

21



FoE HEHTZREEREMNHEERSA
1 anan R i softmax 28 e (softmax transformation) & —Ff [ 4T ({45 # (AR
o ILE 3.3, )

0 = M (3.5)

F
D exp(rQiy)
f=1

XS Hk P TR IIEEE (peakiness), PR HMSH—kHEH. L
R ks AT 73 Bl b 22 S B SHE A R Q; € R 5 PR Hidh v 22 > 2 1 #E
HIGEHLIT G, € AT Hrfk Tk,

Q0 ONE

(a) Latent factors CF (b) Social Matrix Factorization

(c) Topic Matrix Factorization

3.4: H S E A EE U ) = A A o T O R R R A T 2 O 2
B A A s 45le () AT 7045 B Bl A 1 W [RD ek . (b) it 22k &
[P AE S FE BE 0 M. (o) SRRV IR SCAS IR 32 AU B 70 i, R 2602 A 3K 3.5F s
fBsoftmax 84, HFIRLLE A (R, S, D) Fona] MEHHE, HAhL S E iR
¥ (P,Q,H.,0,¢).

SR = B B BHFT B9 B AE % MIZI4T A: http://cseweb.ucsd.edu/~jmcauley/pdfs/
slides_recsysl3.pdf
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B ETZE R NER RS
SRS R T SRR A R R T RRAT S R R R T
S AL 2 9 3R 4 4 40 A VS LV e A 4 2 L 43
362 L A VBT 2 MR 2 ) ) e 2 - 3.4

3.3 ZBR{EERE eIk

AT 2 IRE B Rl R ) m) R, X2 N ERATR s & Tk
BRPLT ) B BRATHR IR 0] U 0] B 1, 3% in) RS B — M AR [5] B g A = Feh
HEAF BT
Problem 1. /e Aft4 % £ 43 8. A 1P 8 L AAZ & 0947 - Fa ],

BIN: 1) —AITH4EMER; 2) —ANER P2 Z WA R%T; 3) A Pt
M 3T 0 B IR 9 1R 05 ED; 4) M P EAPEH—ANA Fu; #25) %
F50F 894 i

b A P ust i it RIF AT R, XZue P, i€ Qo

FETR 1, Oy 7 30— AN R AT 70, A = RHEESE IR vl DA 3T
HMER, HEEENAER.

34 —1ZREEMAERE

FEZE T 32 IRATNAH 17 ] =Mpo7 v 2 el & 3 A A IR 8 (7R
B 3.4), BIRRAT 5 BAERE  FJEvE (A303.1, B 3.4(a). FIH
PSR AWM SR (A 3.3, B 3.4(0b)) FIFHTFIE SCA ) 3 AR B
ik (A 211, 2035, K 3.4(c)). EXLEIERA&M T, BAE L—1
33X T AR 1. WLAEFRATTIZE H R R 1 LR (RIS R =M S YR ) — S A
J7 1%

b 1 e o ) e e (R CT= T v @ A T 1 DS ey v R
(heterogenous data sources), EME|—MEEABA ., FRATHIMERITIESE T
[Fk gk, HAEPIA I o5 FE o i E AN RIUE B i B i iy
22 2] B VB AE IR AN RS 35 A6 5% Calignnment), 5 A8 21 [5] B ) F = Fh 5544

AN

X TRl A A AL o — AN Ak S H R A, AR A A R JR
BILOCABAL (local and global) [5T1KH4 78 76 )41 2 IR 742 i 21 W [5) 3 308 A
SRR A H bR REREAERR TIAT 2, N REREAL S B SUE R ©

R T R, LOCABALKLR #1425 b R SCW,, o f5 BAEILAL 20, TiRAEAR38. 3105 5 A A

7.
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~ 2

PO ZRu,ﬁéo (Bui = Bu)

), (Suw = PIH P + Miorm2(©)  (3.6)

KRS0 T RESEENTTIRE, BRGNS = {P,Q, H},
FEB o W ) TR Z4FE LAB IESE S Q(O) = || P+ 11QI 5+ H |2

AT fh AR E R LOCABAL, &K TR AT 5 BEAH&E B
mAE: TEJERSCEF, (EE NS AR e A0 SIS BRI T x4t
2250 [ 7y il 1540 T SoRec [36]M1SoReg [37], 1M iX /&C-CTR-SMF2 [9]. CTRSR
[60]HICTRSoRec [46] 7R FH B #1256 R 43 fige 2 A1

X TRl AR 1) 5 — N80 43 2 R R A, RATTSR P IR DRl 1 R g 3 7
WEMHFT Chidden factors and topics)  [3912K K ¥ 76 1) it e 14 IR 1~ 48 i B 7
TR T R AL B bR BEAEHER TR AT 2, REA A BRITETE R
(e S=INA

N
N D 20 (logll, +1080u s, ). BT)

KBS JEH T REVFR ARG B MTTE, S8 = {0,¢). HEHHT
g BAVEIRAS B I 22 0 5 R 1 TR 7 QAN i = R 70, A 3.5
TRNo

AR L& BLAEFEHFT, 2 FAE R o6 BEAPEL SCARE BRI &
Retk: MR SCE A, VB MO FT o S A () 6 20 1 DL R 3 S s 4 1 S 50 36 F
EERFE I T A% R A TCTR [59], X A2C-CTR-SMF2 [9]. CTRSR
[60]FHCTRSoRec [46]FrK FH [ 3= BUH B 7 i LA

HEFohELE, AE5 LR m A LOCABALMHFT, FAIR B IF
SRR WA 30 17 1 — M
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2

‘C(®7 CI), Z, /ﬁ;) é Z Wu,i(Ru,i - éu,z)
R, ;#0

N
- >\reV Z ZnENd ( IOg gzd,n + IOg gbzd,nﬂ%l,n)
d=1

+ Xt > Cun(Suw — PIHP,) +22(0) (3.8)
Tou,0#0
TATHE 1) 1 B R A R Y () A% O AR 2 TP R ik v, i A4 & R
O3 AR 2 R R o A, O TR T B 20 B R T A IR 1 R R T RN 5%
(alignment), HftHEIAE][F N FH =M RE . FRATCZEBAAMR3 (a Model
of Rating, Relation, and Review ).
MR3HERL P RT3 LW, 0

Wi = i €N, (3.9)

1+logr,’

X By 2 B P uft A #1528 W 4% A il i PageRank 5 7% v 8 100 B 14 HE
%, BRANTHPMERAS ETFTXXUERE. R 2329 A 2135
W EEARE S R —DH P st tugitE s, A WFsss ErT BNz
FUFT 3 BB B B S SE TN A SR N & 5 B ™ A ERR R G B A A
F AT AR AR OSSR, RIS X B B R P A 8, Rl
7] —AN P I & S R AS R i B 4T 0 B R A2 A R . 5 B4 IR 250H 5 e
% IS H [R]— FH P R AS R0 AT e B R, FRATTPT LA kW, @ € N
AR EUAR. 40— AN T BN 3 5 A 4 W a2 A, FH P W 2 AR A I
B) K BRI AR A P 6 1% il B i G A S s b A B I BT R I ]
Wi o tyi/tir Bt R ZAUGI AL, ¢, &M P WG ZAA I A
.

MR3EH O, IZIHL I R FRATEIR T — ANtk 25 B 5 i 1 = 2
FLOCABAL [57], {H &AM THAL % ) — ANtk 256 B 73 i SoRec [36] G (E1E
(trust values) FIMES, LAK R T EHEFIRANMR I 26 B 2E S

d,
Cup = Vd$+d;’ (3.10)

XEHE (outdegree) df FKasH M uftEAEMEH ) E, MAFE (indegree)
d; BB EZH A NEMSH P2 GEENMS I P el E B4l
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(graph structure of neighbors), M 1A #2520 /7 J7 # P (social influence
locality ), B P BIAT Ay 32 BE52 B H B SR BT K B30 [64].

-
o

M

K 3.5: fl A MRS o B R R B A 2 B R RS B RS AR T
WM HE. R AT 05, St tb 2 MUERE, D (A Slw 230 « PFRSCARTE
BHE SO U B, A 48RRI 2 8. P 3= 19 M il B 5~ AR
T, Q: VIR IERERE, HALSHAERE, 0: OR-EE A, ¢ T8-1A
e ZEPAMSHIRMEEEF R AR 33THITI(S — PTHP): ZH QIO [H]H)
i & F T AT 2 TR BT [ 5 softmax 28 6, 40 A 3 3.5,

HUEBRATEARIIMRIERIEN 22 30 3 845 — M#tT. 2~ A4 5 26— e 3T 70
Bl 017 PR 72, B A R B R SOBUER s B8 R PRI B T R
DOEAAIE, RSO A R 258 =02 /At & BN SO i, s BRE s
M AR AR E; f)a—BUREAS 5 9% DLJE S Hrasl, s i A2 s
FEMT bR A R B SCARTE IR K DTk S\ 42 1], R A A2 15 B STk
SR Nero 3T 70 BER IR AN 2 9% 2R BE IR A IEC AR A2 F P [0 38 SRR 22 8] P
770 BHfa AN VP V& K (115 28 IR 420 it ROV £ PR 7R AR QAN s A ik 2 s 10 2
AR A S (3.5), HASH G f1Z Bt 0 =R B i & A )
7 e P [R) L D 14 6 Bt 2 PR M R AL (6 e MRS A i m L ¢ 4 A
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BRSO R W B 3.5 R E P QMO & w7 AT H )
JE softmax B4, AAELEATAT /AWM, DAL 12 AN S 3R — A DU 3 2R e 22
KA (Bayesian generative model ), A AN 2 Ji& 7 MR35 A Hh £ i 7 R A1 254
FERER R &

3.5 —NM RESEESEE

PATVERELA MR FI AL S5 B o A BTk, 183 iRy it &5
M i i e SMF  (extended Social MF):

LO)2 S WuilRus — Ru)
Ry i#0

+ et Y Cu(Suw — PYHP,)" +2Q(0). (3.11)

T w70

MGESkI, eSMFREIRY @IS (36 iett &40 mIRILE#), Wi fER R
*Ee s J R TE [64], §E T LOCABAL [57]H55Y i 4 2356 [ 23 il

3.6 WM RERTT

AT 33N T L, FRAESE 34 T — NAATRIfR R T, B
AIMR3, & RERCR AR TR VPR AR A 2 90 RS

A AE N R R ) B SR S E VAN BT B R R R R, JE RS2G4
RS ZHOHAT 53 81. 1E 3.6.2717, FATVPflhieSMPRLAY, & —/N it a
FERE s, W EATER AR B G, dimiiestem ). RETE
3.6.371, WAL BIAIMRS, &R —1MlG ZHEAMEENHEERS. N Tt
— D IR AN IR AN 2 o HERE MR RE R, FRATIAE 3.6.4715 4 B ok H A
AR IR DTER. SR TE 3.6.571, AT ML (1 S U

T ETRA I HVEALEE SRRV P8

3.6.1 BUERSEMITEERR

AT HNA R T VPG HER VR RE A0 FOSE I I B B &, A E AT T
AEBRAER AR R TR B GE TR RS BRATIZE H HERE PR BE A PP A FR AR AN PRAS 0L
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HIEERHGIHE

WAV E e 4 L4745 EpinionsfCiao. 7 A4 T# /2 KH iR L = A1F
W, PR DO T AT 4, P Z AT DU LA AR R &R, P AT R
FEmFIEMATM SIS TR SCAR (LK 3.1). FRATTAG T BR e 1A 898 J5 %
AL SR L = 8000/ M AIVE N1 E (vocabulary). A T FRAKMEE S FIEE R, FRAT]
IR 24T AN IR P, FEIEER T BN E 18 2 MG 7 i 4T
Sy RE R R 51 5 PE IR B R H SORS TR IR R A 1 SR R S XS S, R
BACE T — MW A H P PR A A kRS B — Mz e A
RIS WK 3.2

AT I, PSR R EFT R 2 1R M i, HLEpinions¥i#a4E b0 Y
PR IR R, Claotdli 88 EAEAN i Bir & VR 1] (1)1 351 # 2 Epinions 4245,
H.CiaolJ 422 % R % & & Epinions 1121, Kl CiaoB #8545 b 8 & 148 /ML
PEls: CAVFR IS EEHFEEWEERE, L EN &R
Mo tH 5 B, IXASILER S IRATTE 2 3.6.47115 2 & B PPAkAH— 2.

R 32 MRS E

G & Epinions Ciao /ME
P4 49,454 7,340 56,794
YRR 74,154 22,472 96,626
T3RR3R 790,940 183,974 974,914
KRR 434,680 112,942 547,622
A 2,246,837 28,874,000 | 31,120,837
1% 0.00022 0.0011 N/A
FE 0.00018 0.0021 N/A
B 13 1R £ 30.3 1284.9 N/A
BAHP B C RS 8.78 15.38 N/A

PR AR R AR

AR S HEBOE. XTSRS E, BA 1M A 7 8 & et E 40
J# R 3% (mini-batch gradient descent method with momentum) 3K f# L4k H #5.
SN ZJISCHR CIPMFRER [42]), zhE=0.8, #tR/h=IIZrdE KN

7http://www.public.asu.edu/~jtang20/

$http://www.ranks.nl/stopwords
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R EL, 5 >) %= 0.0007, 1E5E5 2 7 A& I 285 AT BE VLR & (shuffle ).
T IEMIAR OGS4, R R VG 300 I gk S S G 255 20 50 10 A0 2 17 SR
(AN TrustSVDEL R [22]), JEEEMIN = 0.5, X TS H, =1 &
A T HEFE R, 51K B PR SO B B TR\ ey, TSR 4122 08 R R 1 DT
Wk, BT BANTTFESE 3.6.577.

AT LRz % ENNZREE, TERIRIMIL - 2% 1ENIREE, = € {20,50,80,90};
ML EFIZATSIR, TSR AR EGEIE XA PP PR, XS
TF5-F138 XEGAE (5-fold CV ).

BATFEFAT 2 NS5, BRI —AN B SR M PEAG T b 2 R 45 77 1% ZRMSE

(root-mean-square error )

RMSEr = \/ Z(u per Flui = Ryi)? / 71, (3.12)

HorpT 2.

57 ) 4 % iR Z E Al 18 BRMAE  (mean absolute error) () [23]k 5 2 K,
RMSEX A3 5 R v 1 T A 351 19 5 7™ . 4 G RFRMISE, A7 24 sl 1) T30 4
R FEUS AR TI I04; M XIMAEN 25 3 R G 2. BN FRMSEMMAER 7~
BRI MR, — /N AIRMSER TH &7 R R E N E KEm, Xd
seNetflix SR FE M PP T 45 [5, 321

TR, X MMRIBEAL B M SR MR 3++45 Y, A i 3T 20 B - S B 0
JFERIR,; (WAR32) BHNR;, (WAR 4D, LiFERA BTN

3.6.2 #HEHEFERMLR

AT ERAT eSMFA R (W35 3.5, BF AN 311 M— MRS
B3 iV LOCABAL [S71HEAT LU, DA~ FH 21 Js B 45 1045 B 2= 52l
JIR R 25 Abe PEASIBIHLA P A, — AN R 3T 43 Hdis A ek 2 o0 R0
BN 2 R F R OR e PR TH AL S R AL MFT o TS R, 53— ARz T
N RS RIMR3 ) R A

TATTH A% 38 R L e i ok B4 2 8 R G BTk E M S 0. X
TLOCABAL AHleSMF, flifi1#8 2N\ = 0.1. Z2#0 = {P,Q,H} % 1E K4
AN (0,0.01) FEHLHIUEAL

PRAL 25 R EIRTERE] 3.6, MEALFRZ B IINZEE F 7t = {20, 30, 40, 50,
60, 70, 80, 90, 99}. M SLEG 25 SRR 15 2 W1 (M EL
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o FHEEMAMIEEAMSER, HE SR A6 E B s fe 1t
ROy, REAEM RS EESRESR A RMSERU 14 RE. 40, eSMFAEAY
FHEE TLOCABALARE Y, #EEpinions Il Z54E 7 L 73 5l 420%, 50%, and 70%
I3 945 1.18%, 0.89%, F110.72% FIAHFTRMSEM: fE 1R T

1.13f

1.12

1.114

RMSE
[
[

1.09

1.08

—o— LOCABAL

—*— eSMF

x

1.07

30 40 50 60 70 80 90 99
Percent of Training

1.04

1.024

RMSE

0.98

0.96

0.94

—&— LOCABAL
—*— eSMF

20

30 40 50 60 70 80 90 99
Percent of Training

K] 3.6: eSMFR Y 5 — AN FRAEA 25 B 5 A M LOCABALI th . 1 &]: Epin-

ions; & Ciao.

3.63 TFHZEEEMAER
ATV BRIMRS,  SZE 45 5K R MR 3R TR FH WA w3 R A i P g
FATE LV MR3FE R (WS 3.4430 3.8), PUBRE A& 1S BUE Al

o s BRI e

VR, LB HERE TR T
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Mean.  IXAT7E RN ZRE B BT 0 3 E R wiml, 8P 25X 3.2H0 1)
Wipe ZHIERE{ERMSER & N A Bt H &= 1.

PMF. X5 vk 43 Al 4T o0 56 B 22 2) B P R0 S R AE 1) & [42], W =X
3R BRI FEEIEENAR T, WE 3.4a). © RF TS
EAET

LOCABAL. XANJ7vAEE TR,  [RIN A A2 /i Al 4 B R S
[57], WA 3.6, BRSNS BENARETE, WE 3.40). B H1F
M 73 AR E A2 B

HFT. XA G IFT 53 B0 A 22 2 098 7 DR 7 F0 N PE 18 o 27 21 (1) B ek
T [39], WA 3 TR, R EEAE R A ARE TR, LB 3.4(c). B
I B €7 IR W N S

* 3.3: A EMR3 5 AN A T EFIRMSELL 8. (F = 10)

Datasets  Training Methods Improvement of MR3 vs.
Mean PMF  HFT LOCABAL MR3 | PMF HFT LOCABAL

20% 12265 12001 11857  1.1222  1.1051 | 8.60% 7.29%  1.55%

Epinions 50% 12239 1.1604 11323 1.1055  1.0809 | 7.35% 4.76% = 2.28%

80% 12225 1.1502 1.0960  1.0892  1.0648 | 8.02% 2.93%  2.29%

90% 12187 1.1484 10867  1.0840  1.0634 | 7.99% 2.19%  1.94%

20% 11095 1.0877 10439  1.0287  1.0142 | 7.25% 2.93%  143%

, 50%  1.0964 1.0536 10379 09930 09740 | 8.17% 656%  1.95%

Ciao 80%  1.0899 1.0418 09958 09709 09521 | 9.42% 459%  1.97%

90%  1.0841 1.0391 09644 09587 09451 | 9.95% 2.04%  1.44%

Average | 834% 4.16%  1.86%

TRATE FHHPMEFAE AL © FIHFT 045 8 A 3 A A (AR A5, 38 e I 48 22 1 1
EHBUW R S THFTEA, Ao = 0.1, STMR3ER, \g = 0.001, A\ey =
0.05.  J& T MR 1) 48 Z BB 43 B 7 DL R T A 26 3.6.5719.

RMSELUALZE R LK 3.3 1, FEM /N 5 BRIl 254 43 bl = {20, 50,
80,90}, MSEEGZE R AT1F EI U T KIS

o i NNEiHasE I, UURMSEANE &, 14 /%42 BRI At & /M=
mm VE W ENA BT8R T HEE M B8 B 40, HFTAILOCABALAH HE TPMF,

*http://www.cs.toronto.edu/~rsalakhu/

Ohttp://cseweb.ucsd.edu/~ jmcauley/
bR HE R 2Z #R /N T 1070
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FoE ETZREEMA IR RS
fEEpinions Il ZR4E 7 LL80% -, 73 73R4T 14.95% H15.60%+H A RMSEE fE
5Tt

o WATHIRAAEAMRIFEN MR RN AR RE I, #ES 7 RIRHRMSEM:
ft. MR3AHLL THFTHILOCABAL V%, {EEpinionsfliCiao b, 73513845 T
F-150.0466 £10.021 7/ 48X RMSEFR . 3= 2 i PR i MR3 [R] ] vy 2504 1
TTE =PRI, R B BANR TR I DTk o AT A SR 3.6.47T gk — 2
[RIVELH 7 AT

3.6.4  FRHMNARE IR X HE S RE B STAK

HATE LA 7 HIRIMRIFIHERETERE, AT 10t —B 0, DLBRAEHI
HMEEETR (PR SRR R R R ) XHEREVERE RS2,

kB #3Z2 X ZFTIR XA B STRR

TATE 2L A B R MR3E R 1 #6428 RANPEIR SRS BRI A &L
P, FRATELAE A Fil S A RIMR3 TR AR U 25 AN B s VAN T 25 S e AT HEHE S PR e
HI S o

MR3\content: ~ MAFEAIMR3IEI A 3.8F @ T % B \ew = 0 AT 25K H
PR SCAE BRI, XEH FeSMFRBAYL, WA 31178,

MR3\social: M RIMRIEIA X 3.8 IHIT W E N\ o = 0 MIMTTH 23k B 4t
SRRZE R, XEN THFTER, A 3.707R.

MR3\ content\social: ~ MFETIMR3IEI A 3.8 HIT BEE N\ ey = 0 FlNy =
0 AT [FJ S 255K H PR SCAME B¢ R A5 BRI, XS54 TPMEPREAY,
Az 3 AR,

Rl B MR3 5 8 ) = AN LA TR0 R R AE I 3.7

MBI AT EUE 21, T % VP18 s B0E H {5 B Al & id B R R R
1 S E R 8 e =S L L G e B AL e i =R S S S N B A LTS N Y
1R KE, MR3\content, MR3\social, FIMR3\content\social{tEpinions¥ 4 I,
S5MRIERLL R, 45V TR T 1.19%, 4.29%, F17.99%AHXRMSEE#E,
YA T PR SCAR R 2 50 RN RS IHER R A E T L ERE B
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H— 54k B B BUR IR STk

1.2 I VR3 i
1 MR3\content
— [ TMR3\social
1.18f I VR3\content\social ||
1.16 b
1.14+ E
Lu N
0
Z 1121 -
11t - -
1.08F E
1.06 E
20 50 80
Percent of Training
1.1 T T T
I VR3
Losl [ MR3\content |
: [ 1MR3\social
I VR3\content\social
1.06 h
1.04+ ] - i
w
2 102t — -
x
1 - 4
0.98 h
0.96 | E
0.94 L

20 50
Percent of Training

Kl 3.7: G HUMR3 S B 1) =N R, & Epinions; T E: Ciao.
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TACE R 7 N EhE B AIMR3 Y 2% BT A i B BERJEMR3 \ content\ social 2%
T A X RMSE T [£7.99% . B9 K E, FATTAE 018 B4 £ HE U2 ]
5 BIMR3E BY £ F+ 00 1 B . FATMPE R B s it 2 E B M EEEE
K LR AN ) . B AR SR U, FRATT S W EEPMFAR B 1 i 22 TIMR3 2 Fi 1
1 1 (user, item) XF: K 9 3 1 18] B & B 91450 A0PMFASE 2 557 (w, 4) (1) T30
B% e, = |[RUMY — R, ;| MIMRIMELAL () TN % 2 fey = |RMES — R, |, 1
Hey — ex) >= 1MARMNFAR R IXFER (u, 9) 5o AREHRANTTEX LA Fuser
KPRt 2 R, LR hitem ¥ X EIFRIRFEKE, XIS
THERE B AMORIEE B EMFEE R,

1£80% HJEpinions Il ZR 84 4 -, FATWLEER 1 2 IR 2% 1 194,382%F
(user,item), A& 3,627 NFI 2,875 AR 15 378 55 12.80%, 7.33%,
FI3.88% M1 4T 7y £, S P BB . F P 2 A F 34 2 8 R H
J214.18, WIRATEIE R R H1129.23. VEE B AN G K T4 R
RN SR (4r05E8.788130.3, W3R 3.2), M EM LIGHE T AN
JEONT R B TR P i () S PR B 1) S S

3.65 ZFEEMERENBESSH

A AT A BAIMR3N S UM, A LRI R BIRR
A — AN ZH [ e A 2, 2B SRR R TR0 BE R AH N AR A

A AUMRIE & = N EEMHE S — /N EESR A2 R E BTk
FEN e, — AN RFEHR HVFR SO BRI TTRRE N ey, — 2 58 BRI R 7 1 4
FEF. FRATE I B R AR — A 2 H0m 8] 1 HoAth 25001 77 15K 43 ITMR3 I 2 i)
T

R RATE E B T 4EEF = 10, %2 508 BAHKKI S E o A
25 BRI S E R MR GERZ . TSI 45 B an i 3.8,
WATATLLE R AEWMASHCE N0, WEIRS I hamlFh il B im I, #ioid
R PERE R B CHPN S EREUE N0, RMSE=1.1502). 0] LAMLEE ],
BERIMR3TE 2N S A UE BN (B0 JL0.0001 0.1) J2& 4k ke e 1tk
&, FHIERAT BN EATIE BAMEA 0 = 0.001, Ay = 0.05,

BERRTATE EANe = 0.001, Ay = 0.05, 25 ZLERGE R 1 4k [ FX AR
RIMR3fPERESZ . AT EF = {5,10,15,20,30,50,70,100}, F H il 24
5 L2 5 R20%,  50%, 80%. AT SRiG gk Ranld 3.9, AT LLE #]: A
FIMR3 % Bt 8 4 B 2L A BeAsoe iPERE, BRI IRATTHCE BRIIMEE = 10,
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3.7 ING

A EEIRGE T A RE R IR = e A A A AR U v A
RIMR3. 5 A RSN, AR A R PIAS ALAEHR A b 58 IE Y e 2L
Jiide RN, BATEER] 7 — DRy it S HER A eSMF.  JAT5E 1
K AR PR et AP AE AN ORI R Bt AR 21 7 S6AE, 1 B 40 e B 4
TR B MEE IR et — 2D R TR g

N T RTEA IR N 27 Bt U, 3R R 2R DU 25 B4 R 05 o] 6 it 45 54
RIMR3[F SR EREATY R, DAPZHEOR B 4T 70 Bl o Bs U S B AE 1
Al A R AR — B2 Fe U BRI T R SRR, TR R S e > i R
FEATCLRY, DRI H AN G — R 2R TLE
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1.095 1

!A

o

o

, ol
T

=
ja)

01

=
jas)

3
D

IS CTC IS S
[Bx ¢

O — O
1

=
)

I | I T
—oooo

>/>/ﬁ>’>/>/>/
)

=
)

[#19

0 0001  0.005 0.01 0.05 0.1
>\7"€U

K 3.8: A A RIMRIBEEE 24 2 IE WAl FIOSCA IE WA ZEAL I TN E RE. 412>
TETU AT S AR TE U PR A 2 308 284036 BBl /2 {0, 0.001, 0.005, 0.01, 0.05, 0.1}, *4&
ITHR 20 FIRMSEAB /2 1.1502,  [f %€ KRl A 7462 F = 10, YIZREE & EE80%. 1
fi% 45 4E: Epinions.
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112k —S— 80% as training | |
: —*— 50% as training
—<—— 20% as training
111 ) A R .
1.1 g
L
2
o 1.09f -
1.08 i
7We
1.07 g
1.06 ! ! ‘ ! ! !
5 10 15 20 30 50 70 100
F
1.03 —S— 80% as training |
—— 50% as training
1.02+ —<—— 20% as training | |
& — T/
1.01r |
1F -
L
L o099} ]
o
0.98 i
Lk % % ke
e o3 > f
0.97 g
0.96 - g
0.95F STT—e— —ae ]
5 10 15 20 30 50 70 100
F

Kl 3.9: FlA 15 ZUMR3H B8 2= Be ek ] 4 B P78 A0 1 0000 P e [ e A2 1E
M Aol = 0.001, XAIEN N = 0.05. _E&: Epinions; &: Ciao.
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FNE ETRARBHZRENY RS RS

BOE ETRARREZENYT RMSHEERS

41 5|5

e i B[] 3 0 A i A i A ) ) 7 VR B T OIS B R YR, B v il
VAR RRAGEE, H—RTERIREZIECA T 5835, flucka T
FI B E At 25 B a ke st —FhoR A B =X 15t 1) 77 =R 1 AR i B R AR
PRt e, (RIS 2 5 8 S FT 2 B XFT 20 I BSE R 5, 41 W SVD++AIPMF
(Probabilistic matrix factorization) #<%Y [22, 32, 42, 47].  FAb—Fh & N LHFT 7
HHHES KW iTF- B E X (preference-confidence pairs) [25]: FIMIEHIFT 7344 A
WHBGENIE. fURiFfanes, sARIL B P2 ATETT o5k - i 1,
T A 2 G SVD++FIPMFPAE A b - g [ i) W )5 70 4T 430 HiRE 351, SRTTIX L5
FERERTIREZIEA IR B BAR R, 13E 582G 5 2 18 s I, 4
Wy PR B

R T RelFI R 205 A (5 AR A28 4T 70 3ds, AsEEREd 7 —4
R U B2 Y B A S RS AR O AR Z IR RS B
A HBUMR3 (AT 3.8, B 3.5) BU3Eal b, B R f 4T 0 56 BRI o
(A g8 3 i e 7 o) B SRR AR B 7 i BURT &, EFT o 8ds 1)
F Pt R Ay b e e BRI, (RIS 22 ) — AN RN B U A R, B X
FEAEFE B 1 oKk B 47 70 Bl i Be 20U 55 2.

ARBEFEMHLWT: B 42705 TR E B3N, RE
4302 BRI T R A& HEE R G IX — M ST R, BE 4480 457
I P 2 9 e XU it 9 R il AR R AN R I B B U R AR R, 5
4.6 TR B A B AT SIS PP NS SR, e 4.7 R R 4.

4.2 1z RIRRIEIN

X AT 3R 2, TR TP e XS EAT A s Bl
MRS )R AT 2 RIS I RE . 5 8 33T 20 PR BB 1) 2 R U 10t
AR ET T R X AR S W) i RIS T RIS, SE AR RE R R Rk
KU, — > ICAERE RN AT UM R ARHT 73 R R i ok, Hp e R EUE
HAE XS B AR FERE R i e s 2 SR E R, BIRY, =1 iff. Ry, #0. A
el ERAE, WA AT Vs A FI I, BRATTAT HERTIX YA T R
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SELLAT 73 W) b S AN A RD 1R HL A P 1) i 4 5 AT BEAR AL, 28N ok, 5 A
FruMH T o BT CRRESALID S#GE (Fa3h £, K5 Kz, E LR
No WERLRREY, T v 3T a2 DRB 22K, KAKNES, %k
33K}, FATATHEWT P w5 o R G AR L ZE L v, B e R sl S 21
AN AR R RESE A P [RI L DE (7% SR Bk Ir) s DR D B RS MR A e P
JUR AR R, AT A 73 A FAR 2 o SR 4 B 2R I R R e 2 2t v SR 3l
AT o3 TRINAERA . 2500 R, P 3T 0P (RS2 2
{feS £}, AT oI YR (R E, IKEKRZEK, EHRA, BA
BRrY, LM orb SEEAS B RO RV {UK5 K2, BEERRRN, IR
i R SURFE AR R B A BE L wxh 2 =F M7 20 TN HERA 1. LS %5 b
K&, BIUINetflixFT 7> INAE S5, F230 F2 S B S VD++-A5 A b BEAS 1) Wy [ i
PR E I ITERE, B 4.1, !

DR 4 R U S B R e, BT IR R AR Rl & 2 IR A E R
A e, M5 B — 2 B U BT A S A, T T 3RAT 1R i 1)
I Hgs th— M %

43 BRARIREZIEOT RS HEE RS0 imik

MAERMNE BT B —Z@ e BIMR3 (AR 3.8, BiE 3.5) MIfEZ
P& S B R AR RG22 ) @R, ATFRHE N 2, ©R2T7E
) 1 SRR >k B T4 2o VR i B XU i E B
Problem 2. #4750 & X R Bt 69 914 1,

WMD) —NTHEERR ETE XIT N 4EERY; 2) —/ANER P Z #2649
AWML T; 3) B P34 edr o0 B R e R85 ED; 4 AP ELSPFH
— /B Pu; #25) s A5 OF 694 Shio

o B P ust 4 it G dd NAT O R, XZue P, i€ Qs

FETR R 270, O 1 P — AR AN T 28, Bk 1A BN IR AL = 5 B DL
AAEE AT MM, e 2R AR B 83T 0 M R U 5 E

VB R 1 Alex Smola%J4T H: http://alex.smola.org/teaching/berkeley2012/slides/

8_Recommender.pdf
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Factor models: Error vs. #parameters

091 —
60
—NMF
90
osts -« g
\130 —BiasSVD
100
03 w | —SVD++
—SVDv.2
u9895 | 50 ;
S 8 —SVDv3
& . 50
0.83 VD v4
10 500 -
0.885 | s
~20 5 ¥
0 200 59 100
0.88 | : 1500
0.875
10 100 1000 10000 100000

4.1: 25 B R 2R A5 B 10 B [5) 3k 368 b S8 AR B 4 A 92 A O O 1) HE 2 T e
MEALKR & S B PAFR AT 2 TR 22, B A AN 1R 1 il 48 R oR AN TR 1
W RLESE T . T LLE B, 2 R R S B S VD++45 B L Ik AR [ 43 fif
1£BiasSVDA B 4 I HEFE R BE.

44 —IEERARGNT ReSER

FEEE BAT W AVE W T RE 26 7 0E B —AEA, Bl 15—
filte ZSAEVTTIERZ AT PIMR3ESR (LA 3.8, & 3.5), @itk
A BB [R) 3k 908 2 b 2 v S 2 R B A R AN A S R B A RS, BRI
P = MHEREE B R T — PR AR s B U &tk Re, FRA1Y
JEMR3FEAL, 15 21—l @ 21 fiF.

IREEYZIRFT 3 B0 0 A% 0o JEAEE: B2 ZCHT 0 JE R RO 22 3] — AN ER 1 B =X
FREAERE Y € RPN, FEAWFEIEE S, BT8R, %
JEBNIARR, T8O PRIE ) R TR RO D, AT R TR AT 1
SJIGIIE, RO P FIRHIE, BRZOZH PRI TINAT 2 SR T 5 3545 55

40



FNE ETRARBHZRENY RS RS

B T BRURFRHE, B4 F P T 55 B4 it g 2 6k i 8 F P R R AT 40 21 S 5
PERsZm. BARSKEE, FP o) i USRI T o oW . — 3R
P A RLF (intrinsic preference), HERKHE P B 7 —#5r2 1 d
i [ BR 52 (implicit influence of the rated items), HF&XFFHE YV, B, x4k
JBAETE Constrained PMF [42]FISVD++ [32]#5 2 45 51 T EAk1L,

B = o+ (INTPYW)Q b ow b b b @D

— JENy
1ntrinsic preference

implicit influence

SVD++ A oy = 2, T[fijConstrained PMFEE R 1 o = 1, X H N, & H M
uI B RS, BN, = {j: Ry, = 1} Y =Wa jI R RHE 1 &,
MR A A mr IS E B, WR AP o o ST W A A TF
Ny = Ny» A NSEE EREMATAT E T REARARI W AF >y, Vi TR E Tt
MBI L P,, PRI LLAAZ IZ IR IE XA HI %5 B WA Coffset).

AT BRI A, RS SR 2 IR TG B A A
A, FRATAT LS B — A2 B 2 S b Rk A A 2R

2

LO*,®, 2, k) 2 Z Wai(Rui — RZz)

Ru,i#o

N
e 300 (1080, + 10802, 0 )
d=1

+ et Y Cun(Suw — PTHP,)” +20(07), (4.2)

Tuw#0

HAEEUENQO) = || P2+ QA+ Y |2+ | H| 2 M LR ARATLUE
RSB AEAN A — SRR (PR SRR KRR, 7
— N RMNAT o E R b2 U 5. AT ZY R R G A AL IMR3++, H
BAR A FE A S BUR FE O LI 4.2, SEtGEALER, 2 7 — 12Uk
TS JE I B R AR R
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4

M

K 4.2: iR BN Y R ZIRE SR E A, FARA RN TR AdE, K
bl R S S O SRR FEY € RPVULIF R B O 0
d IR R 0 b ) O ) Lo il P 7, — 0ok B R 23T
EHE R B E A WP, — 8k E ST R R Y .

4.5 X TERNFHEREREERE— 15 A

PEEATHT RN, B USAE Y F B AE SR I T KDD Cup 20071 # H NS VDS
T [45], WIHRARE P R AE B P B 2R AR AR 2R 2 504 H50 4k i 42 i A 10 5
F4k. NSVDHRAISHE MM O(MK + NK)A N O(NK), {5 H R AR
TH P IR M

B T Res B R U s BRI R Y OR B8 FH T 5 ST i 2 D) PR AR AL
sim(i,j) = Y Q; SiaFE TR g (Y- ik A8k, B
FIAAT LA BN Ry = S sim(i, §) + by +bie IXFP T IELEREAIFISM [29]H

jENu
WBEN R, = > sim(i,j) + by + by, PUHEREM LS TN S HIT2ER
JENA\{i}
oAl

N T ER A BT 0 R AR GHE R, FATKESVD++E 5MR3# & 15
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R, FEY EBMR 4 RIS 2 S0 -2 R ALY sim (i, j) = YTQA
FA P10 SR sim(u,i) = PTQ, BATHBUMAT 4 it 84 Ry, = sim(u.i) +
’Nur% > jenagiy Stm(i, J) + p+ by + bis XIFWAR 41 RIER.. BRI, W
AL FFISMBLA, U AT LAFR B4 T 40 T 2 2

Ry, = sim(u,i) + (N, =)= > sim(i,§) + o+ by + by
JENN\{i}

4.6 ZWIFHRERTT

KREH AT W2, FEAERE 44538 T — DT AR 7%, BT
RIMR3++, B HE R RO USSR IR VT 18 SO A 2 58 AR TR LRIl B 230 B
AT )5 e

A B AE PO 1) LS B 4 VP Ah i tH AL I PR R, T s i &5
RAMASHIEAT 70 Hre (£ 4.6.17, BATVFEBRAMR3++, B —M2IRkEK
R AL G HEE RS, N T 0 B AR A DR R B s 10t 4 M R
s, BATAE 4.6. 275 0 iR B BMIIE IR DTN SEfE 4.6.377, FAIOHr
TR (Y S U

B AP R 5 L — FE MR AR, S1FE 3.6.1.

4.6.1 THEIZHERARIGRYT RS ER

AR BUEMR S+, S04 oA FEARMR 3 ++ B2 SR B0 AR

BATPFHMRI- B JLETT 44302 A2 420, LURRR AR B0
FI (5 BUMHEEPERB IO, 5 RO e 7 R

PME. %071 b — fIMRIBUM R VR (0 T2 A A0, 5 R0 7 41
SKELR T H0SVD-++ B LEAMHT, ST 0 B2 K AT 40 R RO B0,

SVD++. 50/ U MR 3091 A6 R [ 25 51 R A e AT
FIRSUR S B (32), AR 41507 85 LT HPMPEIRATLL, AESEHT
(T RAT 53 IR B BUE RE RO,

MR3. 27 HEE R b A IMRIB, A LR B
L ERAT51 e e LA R T 097 R A BUIMR S+ RS L AT, SR 56
AT 0 R BE .

MR3++. IR FE R T2 7
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£ 4.1 P RAENEETIMR3++5 A [E 1A FIRMSELL 8. (F = 10) Z WL K [ HY
4.6 27T 5 100 H B R.

Methods
PMF SVD++ MR3 MR3++
20% 1.2001 1.1159 1.1051 1.1026
50% 1.1604 1.0816 1.0809 1.0785

Datasets Training

Epinions
80% 1.1502 1.0655 1.0648 1.0641
90% 1.1484 1.0601* 1.0634 1.0618
20% 1.0877 1.0555 1.0142 1.0132
) 50% 1.0536 1.0276 09740 0.9711
Ciao

80% 1.0418 1.0139 0.9521 0.9464
90% 1.0391 1.0055 0.9451 0.9425

FAME HIavatfi#E R 48 FELibRec.net R HISVD++ ) SEHL. I8 1 AR R
HEHREBBIR: X TMR3++, Mg = 0.001, Ay = 0.005. % FMR3++1E R 1]
S 3 M VE LR TH ) 15 4.6.30

RMSELUALZE R LK 4.1, 2 FERANEHRE EBIIZREEE 7 the = {20, 50,
80,90}, MSEEGZE AT 1S EI U T UL

o [l 2 YR TS B ANHZ P B X s 1R 7E AN BodE 4 AR B FFRMSE T
PEfRE. a1, SVD+ +FIMR3ME A AH LE - FPMFRE A, {EEpinionsill 25 4 (5
tb80% -, 43 WIZK1E T 7.94% F18.02% I AHXTRMSEIR Tt

o ¥R EBIAIMRI++HA F#HHU T BEUF B RE. MR3++45 2 5 SVD++
MIMR3F Y L EESR, 7EClao%i 4 4 b 70 7 HUAS 15.94% F10.31%F- 34 #
STRMSEFE Fto 32 B R & 4 F il 55 284 ) s ) 7 00 9 4 J05 R e =X
FAGE B SR B AN R IR 0 DTk 2 BT R SR 4.6, 2715 st — 2D I VRN 43
T

4.6.2 [ RIRXTHEEM GERY STk
BATE LIPS TR RMR3++H AL [ HEFEPERE, A=A HE—B 041, B
P i [ TFT 20 S Ao A BE A RS

SRR ER/NT107% BARE 33FK 410 LA —A, (EHRBAHEMSECABATSY, Loyl e
ANEAMIE IR (MR MRS (MR3++) [17% H R,
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FNE ETRARBHZRENY RS RS
k8RR RE 2T

BATEITIZE D A MR FE 2085 B &5 B8 TN R
PR PERE I RE N, SRR T AUAMEHE IR T ARMSE N VAl F8 A5 9 FT 43 Tl
(R4 E8 A BT s B FRATTIAE B 229 IR A A B MR 3++H 3k B Ba T 70 e i 5 S
(A PERE U5, MR3++IRE T B R AN 2. — A2 2 R AME R,
F—NREIREZIEA R, Bk, RUMR3EER 54T, A THIE D
TH 2 AN PN B RS PR 5 22 B A I T Al A MR 3++ T A 6 (1) 2 10

MR3++\sources:  MBEIMR3++E1 A 30 420 BB N\ew = 0 Flhe = 0
MM 255k H MR IR TR, XN FSVD++EA, AR 4. 107K,

MR3++\implicit: ~ MEBEMR3++E1 A0 4208 & BY; = 0ORIAS 1Y)
i TR SRR AT 252k B B XUR S BRI oTik, XS TMR3BEAL, A3k
3.8

MR3++\sources\implicit: ML AIMR3++80 A X 4.2/ @i BN, = 0
e = 0 J2Y; = 0, RIVH 25K B AN R 0 DT8R AR AN 5 ) 9 i 1) B SRR AGE
ZENFPMEER, 1A 31078,

T il & B MR 3++5 A 4144 7 24 B 2EEpinions Al Ciao L 1 i U P
el R T H 43, MARE Lol DUEMT & 2], WAL L, H LR
T R 4 5t P AR HEFEME . 9 MR 3+ +\implicit{E20% ) Epinions${ 45 45 Al
F180% K Ciao%i i 4 I, FHXTRMSE T §8 5 5 FFAEK T 0.23% F10.60%.

ERESHRRLERIEZRERER?

[Pl 4. 10R1 & 4.3, 7] DG B A 5% 2 B 22 2008 U b2 38 58 R A R 44
PRI T K, FlafECiaoSidi & L, I XIRMSESR 3, $2 7+ 1) 18] f@ 48
i15.61%. WA SIXFE, 1 UEEpinions ¥R £E I, wi-FIFHARMSER i,
PTG /N T0.23%; 10 H 24U R4 2 90% ), WEIRFITESTH, #E
ZHRAT o B IR B ik I T R RO HAE A 2 B .

ZREA SR AR IANE, S0k 3.2, ClaoBizE L& MM &
PRI T2~ Epinions (114215,  H.CiaoffI 4t £ 9% R % % /& Epinions 1) 12,
Kt Claofl & 12k A2 R RAVFR CAME R BMEEERELS, MWEK
ML FAT UG 2, SEMOR RG-S G S E 20, SRR
(19772 b R A2 48 A6 BR B IR Y 7732 T8 e SR FHERE I .
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1.2 I VIR3++ .
T MR3++\implicit
[ TMR3++\sources
1.18 I VR3++\implicit\sources ||
1.16
1.14
w
»n
= 112} -
111
1.08
1.06
1.04
20 50 80
Percent of Training
1.1 T T T
I VIR3++
108l [ MR3++H\implicit |
: [ TMR3++\sources
I VR3++\implicit\sources
1.06 | - :
1.04 .
w -
2 102t 1
= -
1 L -
0.98 i
0.96 i
0.94

20 50 80
Percent of Training

K 4.3: I A SR AIMR3++ 5 H AR . - K: Epinions. '~ : Ciao.

& 4.3 £ Epninions 85 £ (45 RAEAG 2 — D 2%, MU 2 e a0 15t
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B RSN R IR foe L AR R T 7 TN E RE AR LR/, B2 4 [R] I 2K B A5t
HEFVERE A T RN, TR R 5ECiaodli e B, HE T 3.7 LRSS
A —AATREMIMERSE, R B BN TRANR B B S Tk Al REAS &
LRk TN, AR A K R R A A [ AR

4.63 FZEEARIGHT RASREBS S

KT Rl A A BIMR3++500 i 2 IR, R AT VR 5 ) AR &k
BP0 A — S S 30T 8] 8 HoAh 22, 25 S A0 Tt M e I AH R AR k. SRR
XTMR3AETY (15387, BATTIAE 70 BT MR 3+-+ 155 8 Xof 168 2 1 S0 gtk 40 AT

PR A EEMRI++HAE = A HEEHS: — MEBEHRALS KR
SEMTTIRE ., — D REHOR AP IE CAE BT E ey, — D EE
Fe iR DA~ P 4E FE P JRATT 38 I g TR Ak — > 2 B0 [ s oAt 2 501 7k
HTMR3 [ 8 2 Uk

B RATE & RN T I4EEF = 10, #2 5F8E BRI B E A
5245 B K B R BIMR3++ I PEREFZ IR, AT S236 45 AN 4.4 57
Ny BATATLER: ANEWBASECE N0, HEIAE 2 Sl Fhds B BE IR, 46
G YL RE I T B CAM NS EETEUE OIS, RMSE=1.0139). &7 LI
223, BIRIMRITE AN SECERBUE BN (140 A0.001 £]0.005) & 4k T8¢
FaE BPIRAS, BRI FRATT 20 500 8 EATTHUE BRAAE N a = 0.001, A\, = 0.005. ¥F
ERMSER AL X 8] 7N 1-0.002.

PR RBEATE ENa = 0.001, Ay = 0.005, 75 %5y A ¥ 4 B £ 5
BIMR3++PERERZC ., AT EF = {5,10,15,20,30,50}, JF H L4 5
55 W N20%, 50%, 80%. 4y HrsEh st RunlE 44froR, AT LA B AR
RIMR3 X Fe e 8 145 B2 B Bk oe Ttk RE, BRI SRATTHUE BROMEEF = 100

4.7 INGL

AT ERSEH T — A FRIRZHEK B 1720 8dE R BHE BRI SR S
HAE R AW BN IR Y e Rl S . P AT R, IR P RS 2R 15 A
RERA MK B VR SCAS SRS IR, 10 DN il Bh R Y XA R S TR S5
2R RN BHE B FATSE AP Al S A MR 34+ 1 R AE PN B RS
Rk LA 3] 1 38k,

ARERI e AR E—F RS A, AT R S Hs S R A
AR, R RGN GE— A5 L 22 S i A,
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K 4.4: I RS RIMR3++FE S TR L BESE O FI e 2
4S5, Y ER 20 FRMSE/E /21.0139; [EE g K T F = 10, g4
i EE80%. TH: BESHF B R, [HENa = 0.001, M\ = 0.005. H¥



Fhi BRI

BHE #HEWFIIE

A B2 B IRATHR B BIMR3AIMR3++ 75 AN [ 2 >] i fE (LA 38 3,841
4.2). MATR2E S FRIE AR R, B T AEAE R S HO0E A S 22 00 2 Ab.

51 ZE3JEfE

FAT 22 2T A bro :

argmin £(0, ®, 2, k). (5.1)

0,02,k

ERBISH O ={P,Q,H}M & = {0, o} A R R EHER T QYY)
i R T 02 B I softmax B H#e (W30 3.5, EI35HMEL). fidzHioes
Tt E BAEG, LU EEE T REY S FESH o5 UAEEM
I, AILLE EHAETCRFE (Gibbs sampling)  [2012% 2] AL T4 S R 4 i 5
RHFT [39], TSP B 22 STl AR T

HH O™, &V k™Y = argmin £(0, @, 2°', k); (5.2a)
[SKN
HREBE 2 WD (05" = f) = o, (5.2b)

T B AR DR, PPRER RN R ) 3 RIRAE 2q, 47
ENR, SN N IETER SR, 0, Ak, R T AT 2S5 R
THELLLAE, ISR AR A2 TR0 B RO AE R 0 i, QnPMIFRE R (1 52 2] i e, AT
FE R — s BT SO L

X1 B ARXPREIE AP, PFRTERAE S S50 Motk &€ T K,
R e M T SRR i B A A B R, 20 2 SRR B0 B BT S ) AN T
BHOSCRS, DRSO RN, W B 2gn = f500,50 5w, IR

fa BRSPS B R H B E A R R A ERAT LR,
BESUCER LD B Ja R L, XY — 8 (pass), 3% 32475085 7T LAk
B AR AR R SR E 0 RAE SR G T PR A

WERZHQMOZ EAMAIN, FAINE QHETTE T softmax 24 /I 24 3 358520,
PN E ]I FE SLDABIAL [7T1AHRL, B T SCRY- A 042 RAEE T — A Dirichlet/e 36 434, 1 /2 H
— MNP BRINQHAE,
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Fhi BRI
X FMR3++16 8, 23R FIMR3, B 7 BE IR E 2 R L BN
B RF IR FEY AR SRR BE A 3, JRATAE N — 145 MR B 1) S 0

~

52 SEMBE

BAVIUES H EiR 2 SR — P R A3 52200 RSB, © Br
TRIVPEHNA S, AT FEARMSPFEEZMILT, TEZEHMYR
FEFIOCH, PRI OCHR [20].

o X TR P SCHY:, JEXZY 5 BT E PFE & ONE S 30RD: 1D
M; & —NF-4EritFom &, KA o R Koz A E BN 3 B I
IRE 2) my RCHI T &4 3) 2 = Zf exp (kQip)7& —MMH—1LH
o

o X TR Hw (TETSLHE G MIBNLIEERS) - 1D N, &—F-4
g &, LA C R RS ZAER T TN S RIREG 2) ng e
T AERANA L HBLEIREG 3D 2 =3, exp (V) R NH— LR
o

FI P AR IRFEFE R P =ATH 25— DT, 55 =4
pa= R ol S SO SP (e GHiRIE

1 0L -
_ — E W.. . R . . P
9 apu S u,z(Ru,z Ru,z)Qz + A U

+ /\rel Z Cu,v(PEHPv - Su,v)HPv
0Ty, #0
+ et Y CouPSHP, = S, )H'P,. (53)
Ty w70
V)i A G RAEFE B QHIEE = AN v 5B — AN 4T o il rh, =4
VPR SCARIER T, e~ .

oL -
0Q; iRy i£0

— Aok (M = T exp (5Q1)) +22Qi. (54)

)

SR SYAR R ESERE L, AET A BE R A FE S O,
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A RAERE HEIAENADTE T 2B R it e LR, A
FEVE I

10L

e T . T
Ssag = M > Cun(PTHP, — S,) PP+ AH. (5.5)

T 00
0 R PE TR T QAN R - ORI (28 st T softmax s
#rh AR 3.5)0 AR £ 5T 5 MBS MBI (chain rule): L5
X OBSY, SR ORER R

oL i
% = —Arev ; sz (M’Lf - 7?_2 exp (KQZf)> : (5.6)

TE R B 1A 3 A g ABENLIF R, BT DAIRAT e it e xR A AR IH —
WA R oy, R EIA R BIBERRA: dp = exp (Vpu) /270 RIA—ALHIE
FR-R] 3 AT AFAE T PP SCARTE R AR B8 K

oL
MWorw
SFFMR3++5R, 27 —ANRRASFEEREY, I H5 2 Mo i 4 N
T QUIIREE A XA B AR R AE ; FHoAth S RIMR3 LAY,
fa R AR R Y R0 P 2 -

1oL
20Y;

s (Npw = L 0 (0p) (5.7)

= > Wil Nu| "2 (R, — Rui)Qi + \Y;, ¥j € N, (5.8)
Ry,i#0

JERMR3 A R4 b R P A 5 Q ARG J5E 2 s A 20«

oL . 1
=2 N WaiRy, = Ru) (Pt 1N > ;)
Aokt (Mi = exp (kQ1) ) +20Qs (5.9)

7

SR S AETT R, 5REURFLY AR H) — BEOINE 1 P
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b 7R RIT I, AR PR (s A R ROR R, Atk
G HESE RGBT R 7 HRAR IR I A R T HLE,  FRATE S 7 0 eT 38 e X 5 B e
F AN A R O R RS = PR BT e R, P, IR
AP B SRR R 7, 288 5k B T 0 B i Fa XU S 2

BATE SRR T — D EFn e S AIMR3. 8 DK B T S 1
A, RIS SO VPR A ) 2 AR B RN FH P o8 R 214 R, MR3BEAYRE
SH R B = A B R, ST W PE R, A4, BATEER T — AR
FEEHE FE 7 R ieSMF. T8I 5 EAE R H AR R B 454, fdedt 2 i g JR iR,
eSMFREMS K& 1R AT 705 Bt = E B 2E—2B0), AR 7 — "9 Rt
EAMR3++, 2R BT 0 B U 5 E B, R ST i
R URHE A, FRATY R T MRS B8, 193] 7 — MZ23 ke U iy &
fil A A A MR 344,

TRATTAE AN KR () LS Bt 45 B VP4l 7 IRATTHR AR A, 5T
ANFIR B P HERETTIEA LR, FRATTHIO R AR SRAT T R i il PR ge.  IF H KA
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