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Time Series Topic Model Considering Dependence to Multiple Topics
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Abstract: This pater proposes a topic model that considers dependence to multiple topics. In time series
documents such as news, blog articles, and SNS user posts, topics evolve with depending on one another,
and they can die, be born, merge, or split at any time. The conventional models cannot model the evolution
of all of the above aspects because they assume that each topic depends on only one previous topic. In this
paper, we propose a new topic model which assumes that a topic can depend on previous multiple topics.
This paper shows that the proposed topic model can capture the topic evolution of death, birth, merger, and
split and can model time series documents more adequately than the conventional models.

Keywords: Topic Model, Time Evolution, Time Series Document

1. [FC&®IZ

T4, Web DR L LT, =a2—AFEST 1 I iLH,
SNS IZ81F 22— D&FER &, ReRFIHI 722 CEN R EIC
EREND LI hoTe. TNHEDOXLEONEETTHE
BTHZEIERETH LD, WHOLED LD RdEpiiEIc
7Y, FNREDLHITHE L EBTZ LA HBY
ELEMEREZ S RESITWS. Zh oD T, K
FHN Ny 7T ACET DAFZER TR R S, EToK
REZEF TS (1], (2], [4], [10], [14], [15]. ZZThE v
U BRI LR SER

a)  gsasaki@cmplx.cse.nagoya-u.ac.jp

2014 Information Processing Society of Japan

E7 V1L, bag-of-words ZRGE L1z, CEDERHEZ
ERNZETNMELEZSHBET L THDH. REML M E Y
7 &7 )LL LCIE, Latent Dirichlet Allocation (LDA) 73
5 [5]. LDA TIE, £XERZENENETO Yy 7k
BERD, TORRIEST Ry 7 BERSH, S5
FNHD Yy ZICEA OHEFESAMINE > THHGENE
FansZ EEETMEL TS, FERERSINE v 7 E
THEE, FEFEEEEBE L Ny 7ETALTHY, K
vy 7 DR Ny 7 ONFITHY T 5 HEESA R, I
IR T A EIE LT b D ThH D, KBRS N Y 7 ET
NS Z kY, BFROBEIZHE S CEEGT O b



FMBEZSHRRE
IPSJ SIG Technical Report

Yy 7 DFREBIT D ENARTHD.

RERFISCEICBIT S My 71X, AWITEFE LA W RN
DIRFE] S HZRE L TS B, =2 —AFHER S
BWTC, EEXFNBOACHET2FNZEE, TRETO
BABEIM 721 T <, BELHE0BM b EET 256
MEZBND. EWIC, EREOYIE & W o 72 BURAYE) )
B oTety, TRHRFEPHZICED L S B2 52
LMICONTOREREINLZE b HD. 2D LI,
FEf ORI L 3L, A FE Y 72O FE v 7 B3FEE L
720, GEELTHEBO Ry 7 ~EFHBLIEDTHZ RN
o, Flo, WHICFHREIZENR2RVHET L ey s
b HIL, HED & D IR HREICET D P E Y
DRRZHEIICHELIZD T2 EEX6ND. Ll
BEFOETNDEL, HAFLIZBITS MY 7 kR,
ZORIORFZNCIRIT D My 7 B ICOIMEAFT 2 LAE L
Twa (1], [2], (4], [15]. ZOREDETIE, HFEY 27
MNZREL TN Z LTy, EBEO MYy 7 OfFFER
SHEL WO TRIRAI A D Z LN TE R,

AFRTIE, PE Y7 ORELTHEEIRA D Z EBFHETH
% Temporal Dirichlet Process Mixture (TDPM) Z L5k L
72, Multi-dependent Temporal Dirichlet Process Mixture
(MATDPM), BLOZOFEEEREL, aboREIC
ALY 5. RRET VL, O MYy 7 BREVITEFL
BV s, FEEELCEEL TWS ERETDHZ LT,
RO My 7 OFEE XD EUICIEX 5 N TEDH L
WfFCcE %, £, BEETAVEZHANWDHZ LT, RIS
BB TR A SR DT R E Y 7 DB
MDHREL 72D, FEBREO =2 =R FE PN FzERIZLY,
FERTIENBEF O T LT, X0 IR YISCED
BT LR AEETH D Z L ERT.

2. EEETIL
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Stk OFRE L L TIE, Hierarchical Dirichlet Processes
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