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User profile inference is the task that we select a label from candidates for each attributes. For example, we select
Man or Woman for an attribute Gender. Most previous work built individual classifiers for each attributes, such
as Gender, Age, Location, and etc. However, attributes of a single user are dependent each other. The relatedness
with the other attributes can also provide classifiers useful information. Therefore, we propose a method which
collectively infers user profile using Markov Logic. Experimental results show the proposed method outperformed
prior methods, and increased accuracy by 4.1 points for Age and 4.0 points for Occupation.
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B Lo THBMIZEST 5. (1) TRBEINTHDDLFE
FEDOFREWITRPT B ER AR L TP T2 L
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age(“10 fX”) = occupation(“EfL4E") (2)
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Il CRERINTBHRGEIL - —oOBERFELE & HIC
wo (3)-(9) TR END.

word(w) = gender(s) (3)
word(w) = age(i) (4)
word(w) = occupation(i) (5)
word(w) = location(s) (6)
word(w) = married(s) (7
word(w) = alcohol() (8)

x1  http://code.google.com/p/thebeast/
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word(w) = smoking(s) (9)
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4.2 KEi#HEX (Global Formula)

REmERIC L, 2 DL EOBIERGEE S D Z & TR
HY7RHERE & FTREIC 2 D AN KIFREES (global formula) T
5. RiEmAz T ITRT.

gender(i1) A1 #i2 = —gender(i2) (10)
age(i1) Ni1 #di2 = —age(iz) (11)
occupation(ii1) A1 #i2 = —occupation(iz) (12)
smoking(i1) Ai1 #42 = —smoking(iz) (16)
gender(i) = age(j) 17)
gender(i) = occupation(j) (18)
gender(i) = location(j) (19)

age(i) = occupation(j) (24)
occupation(i) = age(j) (30)
smoking(i) = location(j) (56)
smoking(i) = married(yj) (57)
smoking(i) = alcohol(y) (58)

FloR Lzt o 6, K (10)-(16) @ 7 i, #HET 2
PERISE DRI H T 5 7% 1 DICHiNT 57200, &
HNWRRIZERE SN 5w TH 5 (Hard Constraint). =
16 Hard Constraint 1%, < —WRBIEHEE 2 ZHO X
A E LT EILEBbDTHA.

—J%, X (17)-(58) ® 42 ik, HAEh D 2—VREHEH O
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B TH D (Soft Constraint). il xIE, FILERREL DR

DOFARARRZ FE T 572D, TR BRI 2w (24)
&, WD D ERITHT 25 (30) LA ERL WD, [
R, #ET 2 7 ooRMEME T CHERXEZER L. Ih
© ® Soft Constraint D EADE D Y TlEa— A5 DFH
WX TREESND.
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PURIE, PERIDS 2 {8, AEARAN 4 8, WA 10 8, B 7
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ThY, 7or— Fa&KIEHINOKE Y Th 5.
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5.2 ZEEB#HR
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£ 4: 22—V RMEHEE D IEREE (%)

[ K=~ | Rpes | i

LRI 85.5 81.6 73.9
FAR 56.6 52.5 48.1
e 49.1 45.1 38.4
SR 47.9 47.9 41.3
BE /R0 72.0 68.4 62.6
R DA 80.9 79.0 76.4
WL o A 4% 80.4 79.7 78.5

VAT DOHEERERN EOREE LW EZRTRETHY, K
KW THD.

LT:L< JEMEE & HEE CE Im e — Yk
Eo—YEK

IEfifR

w

F 4TI, BEMETRLEVEREORERY KFTRLT
W5, BETHIRIETT VL, RFFETAREITHFE L Y,
ERMETROEWVIEMRETHY, ZOFMENHERTE

KiEET NV ERTET VERES LICRT 2 L, KIkET
X, FERTAIRA N, BETL0FA b, RTS8
BRA N, B/ RIET3.6 A1k, RiHO AT 1.9 KA

b,%@@ﬁﬁfo7ﬁ4y%ﬁﬁbfwé:&ﬁbma
—FHT, BERTIIRFTEF L& ANV, ZORREZED
SHFBENTZETTNNRT A—=ZDTEIToT-. FHICk-T
RKEREBEBANDE D B TohZBHEROREXO—HELLTIC
R

occupation(“FfZAE") =  age(“10 ")
occupation(“&fH") = —age(“10 1%")
alcohol(“BREs") = —age(“10 ft")
married(“REF") = —age(“40 {LLLE")
age(“10 ft") = occupation(“FE&4")
age(“40 XKLL E") = —occupation(“KF4E")
married(“RIEF") = —occupation(“BEEF47")
alcohol(“Bk#s”) = gender(“BiE")
age(“40 fRLAE") = married(“BEAE")
age(“10 &) = alcohol(“fkE721")
smoking(“®25") = alcohol(“fEs")
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