AL 2 e

IPSJ SIG Technical Report

B{TEERFEDO FEYHIRRERETIL

R KHNE"

AT R MIZ—F OB - BT ST ICEERER TH S, AMTIE, 27X A FOPTHRICEKRE
R FEATE (SFEHEF, RICTETAAN) ICHER L, BEITEERFO My V BRETVERET D, XAV
7 BB T 1 AL o TET /ML EFTV, Collapsed Gibbs Sampling (23 & 5 /L OHERE1T 5, Twitter 7> 5 [FAT
FRGFEOEMT — 2 2l U, 22E7 /1 & LDA O FERE £l LTz, 1ERTE LIXFEITE O THIRE OBLE T
PERGEEAT LR R TFIEOBAE A R Lz, Fo, BRHE BTV, ZYRFEITHED My 7 0ET LR THhIR TV D
T EfMEAR L,

Companion Dependent Topic Discovery Model

YUSUKE FUKAZAWA™? JUN OTA?

Context is understood as an important factor that affects user's preferences or topics occurred. Unlike other models that
considers context of time and location, we focus on companion of users (friends, wife, husband etc.) as the most important factor
to determine the topic of conversation occurred. To find the topics under the context of companion, we extend LDA(Latent
Dirichlet Allocation) model by introducing latent companion class into document layer and latent switch variable into word layer.
The latent companion class has a probability distribution over words, topics and the companion that is associated with each
document. The switch variable is used as a document specific probabilistic distribution to judge which class (background, latent
companion class and latent preference class) each word comes from for generating words in each token. We conduct experiments
on two data sets, and they show that the proposed model can capture the topics dependent on context of companion, and we show
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it is useful as a generative model in the analysis of the topic change depending on context of companion.
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1. Draw C (number of companions) multinomials of topic
classes 6, from Dirichlet prior o, one for each companion c;

2. Draw Z (number of topics) multinomials ¢, from Dirichlet
prior A, one for each topic z;

3. For each token i in companion c:
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a) Draw topic z; from multinominal 6.
b) Draw word we; from multinominal ¢, .
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Fig. 1: LDA model tuned for companion dependent topic
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Fig. 2: Proposed graphical model
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Table 1 (2R,
Table 1: Definition of variables in the model

Variable Meaning

E number of latent preference class

M number of latent companion class

Z number of topics

D number of documents

Ny number of words of each document d

€4 the preference class associated with document d

My the latent companion class associated with
document d

Z; topic associated with ith token

ay the companion associated with document d

S; the switch associated with the ith token

Wi the ith token

% the multinomial distribution of preference classes

1 the multinomial distribution of latent companion
classes specific to companion ay (i|f~
Dirichlet(5))

Vin the multinomial distribution of companion
specic to latent companion class m (v, |{~
Dirichlet({))

Kmor e the multinomial distribution of topics specic to
latent companion class m or latent preference
class e (ky or ¢ [y~ Dirichlet(y))

Lz orb the multinomial distribution of words specic to
topic z or background topic b
(47 or b le~ Dirichlet(g))

Ad the multinomial distribution of switch variable
specific to document d (14 |0~ Dirichlet(d))
o the fixed parameters of symmetric
Dirichlet priors on the distributions of 8
g the fixed parameters of symmetric
Dirichlet priors on the distributions of :
¢ the fixed parameters of symmetric
Dirichlet priors on the distributions of v,
y the fixed parameters of symmetric
Dirichlet priors on the distributions of «y o e
0 the fixed parameters of symmetric
Dirichlet priors on the distributions of 4
e the fixed parameters of symmetric

Dirichlet priors on the distributions of x, o p
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DOHEF THIH &35 Collapsed Gibbs Sampling[17]% F i -4
LIENARETH D, ETIE, BEETNVOLFEER T 1
& A (Generative Process) Zik~5,
1. Draw multinomial 8 from Dirichlet prior «;
2. Draw multinomial : from Dirichlet prior f;
3. Draw M multinomials v from Dirichlet prior ¢, one for each
document d;
4. Draw M+E multinomials xp, o from Dirichlet prior y, one
for each latent companion class m or preference class e;
5. Draw D multinomials x from Dirichlet prior v, one for each
document d;
6. Draw Z+1 multinomials y;, o, , from Dirichlet prior ¢, one
for each topic z or background topic b;
7. For each document d:
a) Draw preference class e4 from multinominal 8
b) Draw latent companion class my from multinominal :
¢) Draw companion a4 from multinominal v, ,
d) For each token i in document d:
i) Draw switch variable rg from multinomial Ag;
if rg; =0
a) Draw word wg; from multinominal gy,
ifrg =1
a) Draw topic zq; from multinominal «, ,
b) Draw word wg; from multinominal p, ,;
ifrg =2
a) Draw topic zq; from multinominal ky, ,
b) Draw word wg; from multinominal p, ,;
BEETFT NI, RAY T OEE 7 2% % (Baysian
Hierarchical Process) & #7292 L3 T&E 2, HmEITO 12
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d d i j d i
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x| p(1 )< T p(m, |1)ds
foImqu[Hjm%mwﬁm@mK
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HE L,
cT—HEy M1 BEURR - FRICB T D EITE &S
L L. Twith RfT3) OB E BRSO E T Twitter O $
FriZ 5D ORM L7e, k5 & 72 H5RITH O—E% Table 2
2R T, [AIATH OREOIET 138 HTH 5, MEFELUILE 629
fEch s,
cT=EEy 2 I TAR— MNIRBITDHRITEEXS &
L. Twith 7% ] OFERX 4 &R CPIZE T Twitter D &F
10 E 5ol Lz, & & 7e 2 RITH O—#% Table 3
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Table 2: Companions by professions and school used to create
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. doctor, physician, family doctor, general
Medicine .
practitioner;
Restaurants chef, head cook, cook
Sales and salesperson, salesman, saleswoman, salesgirl,
stores salesclerk, cashier;
Art and musician, composer, singer, dancer,artist, painter,
creative work | film director, producer, actor, actress, cameraman;
School and o .
principal, dean, professor, teacher, student, pupil;
college
Construction engineer, technician, mechanic;
Science scientist, scholar, researcher, explorer;
Law and order | judge, lawyer, attorney, legal adviser;
Other expert, specialist, consultant, adviser;

Table 3: Companions by professions and school used to create
dataset 2

Category | Family and relatives
Family husband, wife, spouse, father, mother, parents, son,
daughter, child, children, brother, sister, siblings, twins;
. uncle, aunt; nephew, niece, cousin, first cousin, second
Relatives .
cousin;
bR;Iatlves in-laws, father-in-law, mother-in-law,brother-in-law,
. brothers-in-law, sister-in-law, sisters-in-law;
marriage
Age child, baby, infant; boy, girl, teenager, adolescent;
groups adult, grownup;
Marital fiance, bride, ex-husband, ex-wife, girlfriend,
status boyfriend, widower, widow;
5. FFfliSEER

5.1 Perplexity [2&kB/8FA—2Fa—=4

Perplexity & 1XE T /L DIZI T 2 4 HFE O wHE R B % B
LEebDOThHY, ET VO TMREEZFMGT 5 FiEL LT
— BRI STV D, Perplexity X BEEDW TtHREh
RVME D BFRREE R &V, $-EET /L0 Perplexity 131k
LTINS,

z N szg[ﬂoﬂm +Zﬂl Kty +iﬂ’2’(mz:uzi ]]

BEETTNONRT A—H % Table 4 \TRT, 22Tk, &
TEFRATE 7 7 ADHM OR#EELET, 7—% &y F 11
% L (M, Z) =(20,40), (30,50), (40,60), 7 — ¥t~ k 2iZ
s L(M, Z) =(15,30), (25,40), (35,50)D /3T A —X Tl
2 L7z, #2467 /L LDA & %I Gibbs Sampling @ lteration
[A1%=20 CT%4T L7, Fig. 3. Fig.4 lc*h*TnhT—F kv b
1, 7—%%v k 2128F 5 Perplexity % 7~97, I _ﬁ“ﬁ”k
By, 7—%%Ey b 1iZxL(M, Z) = (40,60), — 2%
v h21ZXF LM, Z) = (35,50)73\3%%%F75\m< . IREILA
FEDOMEETIZZ DT A =2 ZFHT 5, LDAIZOWTH
FHEICTF 2 —= T 2T -T2,
Table 4: Parameters sets

Perplexity = exp[

dataset 1
Category Proffesion
Management president, vice-president, executive officer
Office office clerk, receptionist, secretary, typist,
stenographer;
Banks banker, accountant, bookkeeper, economist, teller,
cashier, auditor;

Variable | Value
E Dataset1:20 Dataset2:15
M Dataset1:20,30,40 Dataset2:15,25,35
z Dataset1:40,50,60 Dataset2:30,40,50
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a 1/E(Proposed model)

B 1/M(Proposed model)

4 1/ Num of Companion

y 1/Z

0 1/3

& 1/Num Of Unique Words
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Fig. 3:Perplexity of data set of companions by professions
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Fig. 4: Perplexity of data set of companions by family
52 FRANEE(-X HEHE
AETIE, BEETT VL LDA ORITHE THIKEE % g

T 5, BARAZIL, Twitter DEBNENSREETT L%

WCRITEZ TRIL, BT —& L9 5 Z &L TRITH

DOHEEREEZ TN 2, 7. FHT —Z LIFHNCT A b

T2 EHETD, TANT —XEFT—4%kvy M1, T—

Yy b2 THHLET—Z EEHLRWVWE S, Twith [F

173 | O Z2FefE o Ic & e Twitter D ¥FE % 100 {55

M L7z, 22 THET A T — 20 6IERITHE 22T 5k

FHIBRLTWS, BREEFAOTRREEIZLL T OFIEIC &

DEEESER Lz, £XEJCH LU TOFELZIT I,

1) XEJAATswWg=2 £ER>TWDHHEGE I OBLEHMHT
5o LDAIIARAT v FIIARE,

2) 1 CHHINZHEEIR LEET —2 o2 E Lz
u; (LDA DAL ¢) ZRAVWTEOHEOEE M v
70T ADSHERET D,

3) HBILEOEIENY v T T T AD55H & BEEDOEE b
w7 7T AD/HMORFNC L VKD S,

4) HICEOBTERATE 7 ADO0H %, F8-T —2 )
H5¥E L7 ky (LDA DAL ) HHVWTRD, HK
LR DWTERITE 2 7 22 TFH (C) &T 5,

5) KFEATENBTDBERITE Y 7 2%, FET—4
NHFEE LT vy (LDA DAL 0) AV TRD, &
KERDEERITE Y 7 A% TH (C) &35,
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6) Cp=C,t7Z2niA. EMEKTICLEZBMT 2,
TRTOXLFEIZONWT LR EFEMML., TIEXELEHEA
T %, fER% Table5 1277,

Table 5: Precision of prediciton of companion

Dataset1 Dataset2
LDA 14.2% 13.5%
Proposed model 18.0% 18.2%

RIRT LB | LDAIZHANREFEOFRITE Y 7AD
HERBENENZ ERNDND, ZHUIREETALICBNT
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P H HECE TV D Z EOMERENT-E VR D,

5.3 EMFHE

T2ty h1BIOT—Fty b 20FEEERE T
ZX Table 6, Table 7 1Z/R" 3, £ TIX, FIBEERITE Y 7 A
L FNICHISTAEIE N E v 7 7 T ZORGBRE R L
TW5, BEBERITE 7 7 A2ZED 7 T A2 BT 5 RAT
FOEA, BIOKEEEIN Y7 7 T AZXZTD7 T A
BT AHENTEHIN WD, BERITEZ 7 ADRITHE
(f51] : bride, fiance) & XHETAWHE Y v 7 7 7 A DOHGE
(5] : engaged, groom) BHICIZERE2BIURNH V| 1REET
SN > TGRSR REREON TS Z RSN D,
6. #EM

AR TIX, FfTEERTFEO R v 7 ORARET LV ERREL
Too PERTIE LI, FATHE O TR E OB CREE Ligs
FIEOEMMEZ R LT, 2, BHRHMEBITV, FIfTEO
N> 7 DRERETALRNITON TS Z & R LT,
ST, RIERT—422H N TFEETH Z LIk 3l
WEOE M ExBET, £, oo 7H X b
(RN ) &R L CEAERET VOET VL% B
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Table 6: Data set for companions by professions

Latent companion

class col co2 co3 cod co8

associated girlfriend bride child husband parents

companion mistress fiance daughter my family grandmother

The highest topic class19 class21 class12 class16 class24
night favorite support single home
divorce engaged separated god visit
tips cool photos hate following
club groom really business date

) feelings cooking rtfap john learn

associated words ]
lovely set grandchild school long
food meet read guy waiting
SXSW peter funny wine office
star drive proud collapse marriage
lives bonds mess singing boss

Table 7: Data set for companions by professions

Latent companion

class €022 €026 co28 co30 co0

associated lawyer film director economist politician teacher

companion journalist singer buyer president adviser

The highest topic class27 class4 class42 class9 class10
partners studio buyer right best
reporter website inspector tonight lock
recording principal gold president told
line future investment radio obsessed

. blogspot dexter married early training

associated words
rific org google couple head
blogtalkradio george victoria website course
service song week ebay abc
obama lil office nutkinnb latest
young nurul review conversation bryan
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Appendix 11

BHERATE 7 7 AT % GibbsSampling o ¥ @24 i H
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