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Abstract: We propose an online topic model for sequentially analyzing the time evolution

of topics in document collections. Topics naturally evolve with multiple timescales. For

example, some words may be used consistently over one hundred years, while other words

emerge and disappear over periods of a few days. Thus, in the proposed model, current

topic-specific distributions over words are assumed to be generated based on the multiscale

word distributions of the previous epoch. Considering both the long-timescale dependency

as well as the short-timescale dependency yields a more robust model. We derive efficient

online inference procedures based on a stochastic EM algorithm, in which the model is

sequentially updated using newly obtained data; this means that past data are not required

to make the inference. We demonstrate the effectiveness of the proposed method in terms

of predictive performance and computational efficiency by examining collections of real

documents with timestamps.
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0 1: Notation

Symbol  Description

Dy number of documents at epoch ¢

Niq number of words in the dth document
at epoch t

w number of unique words

Wt d,n nth word in the dth document at epoch ¢,
widn € {1, ,W}

Z number of topics

Zt.dn topic of the nth word in the dth document
at epoch t, z¢.an € {1,--+ ,Z}

S number of scales

0.4 multinomial distribution over topics

for the dth document at epoch t,
Ora=1{0,a,:}7-1, 0t,a,- >0, > 0a-=1
b, multinomial distribution over words
for the zth topic at epoch ¢,
¢t,z - {(bt,z,w}z‘i)‘/:h ¢t,z,w Z 07 Zw ¢t,z,w =1
multinomial distribution over words

for the zth w1th scale s topic at epoch t,

A<S) tzw 1‘1}‘/17 Agsz)wz()?Z {‘fjisz)w:1
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(c) online MDTM

O 1: Graphical models of (a) latent Dirichlet allocation, (b) the multiscale dynamic topic model, and (c) its

online inference version.
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O 2: Illustration of multiscale word distributions at
epoch t with § = 4. Each histogram shows d’t(i)ua
which is a multinomial distribution over words with
timescale s.

1. For each topic z=1,--- , Z:

)

(a) Draw word probability
¢4, ~ Dirichlet (>, /\t,z,sc?)gs_)lﬁz),
(b) Draw topic proportion prior
Qi n ™~ Gamma('Yatfl,z»'Y)v
2. For each document d =1,---, Dy:
(a) Draw topic proportions
0, q ~ Dirichlet(o),
(b) For each word n =1,---, Ny g
i. Draw topic
Zt.d.n ~ Multinomial(6; 4),
ii. Draw word

Wt,d,n ~ Multinomial(¢ -, , . )-
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P(Wy, Zy, c|ae—1,77, Q—1, Ay)
= P(Zt|01t)P(Wt|Zt7Qt—l,At)P(at|at—17'Y)v(3)
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1: Nt(,z),w

2: for s=2,---,5 do
3:  if t mod 2571 = 0 then

— Nt,z,w

g N, - N AN,
5 else

6: Nt(,sz),w — Nt(i)l,z,w

7 end if

8: end for

0 3: Algorithm for the approximate update of N*

t,z,w*

t=4 t=5 t=6 t=7 t=8
s=3 Q2E4E TIZEE @T2EE T2EE E@ﬂp
s=2 @4 Bl E@ E@// mg

=1 4 /a/<>@ Ly
5] 6 7 El

O 4: Illustration of approximate updating Nt(’sz)’w from
t=4tot=8with § =3.
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O 2: Average perplexities over epochs. The value in the parenthesis represents the standard deviation over data

sets.
MDTM DTM LDAall LDAone LDAonline
NIPS 1754.9 (41.3) 1771.6 (37.2) 1802.4 (36.4) 1822.0 (44.0) 1769.8 (41.5)
PNAS 2964.3 (122.0) 3105.7 (146.8) 3262.9 (159.7) 5221.5 (268.7) 3401.7 (149.1)
Digg 3388.9 (37.7) 3594.2 (46.4) 3652.6 (27.1) 5162.9 (43.4)  3500.0 (43.6)
Addresses 1968.8 (56.5) 2105.2 (49.7) 2217.2 (75.3) 3033.5 (70.9) 2251.6 (62.0)
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O 5: Perplexities for each epoch with MDTM, LDAall, and LDAone.
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O 6: Average perplexity of MDTM with different numbers of scales.
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O 7: Average computational time (sec) of MDTM per epoch with different numbers of scales, LDAall, LDAone,
and LDAonline.
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O 8: Average normalized weight A with different scales estimated in MDTM.
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