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We propose an online topic model for sequentially analyzing the time evolution of topics in document collec-
tions. 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- and short-timescale depen-
dency 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.

Categories and Subject Descriptors: H.2.8 [Database Management]: Database Applications—Data
mining; 1.2.6 [Artificial Intelligence]: Learning; [.5.1 [Pattern Recognition]|: Models—Statistical

General Terms: Algorithms
Additional Key Words and Phrases: Topic model, time-series analysis, online learning, multiscale

ACM Reference Format:

Iwata, T., Yamada, T., Sakurai, Y., and Ueda, N. 2011. Sequential modeling of topic dynamics with multiple
timescales. ACM Trans. Knowl. Discov. Data 5, 4, Article 19 (February 2012), 27 pages.

DOI = 10.1145/2086737.2086739 http://doi.acm.org/10.1145/2086737.2086739

1. INTRODUCTION

Great interest is being shown in developing topic models that can analyze and summa-
rize the dynamics of document collections, such as scientific papers, news articles, and
blogs [Ahmed and Xing 2010; AlSumait et al. 2008; Blei and Lafferty 2006; Canini et al.
2009; Iwata et al. 2009; Nallapati et al. 2007; Wang et al. 2008; Wang and McCallum
2006; Watanabe et al. 2011; Wei et al. 2007; Zhang et al. 2010]. A topic model is a hi-
erarchical probabilistic model, in which a document is modeled as a mixture of topics,
and a topic is modeled as a probability distribution over words. Topic models are suc-
cessfully used in a wide variety of applications including information retrieval [Blei
et al. 2003], collaborative filtering [Hofmann 2003], and visualization [Iwata et al.
2008] as well as the analysis of dynamics.

In this article, we propose a topic model that permits the sequential analysis of the
dynamics of topics with multiple timescales, which we call the Multiscale Dynamic
Topic Model (MDTM), and its efficient online inference procedures. Topics naturally
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evolve with multiple timescales. Let us consider the topic “politics” in a news article
collection as an example. There are some words that appear frequently over many
years, such as “constitution,” “congress,” and “president.” On the other hand, some
words, such as the names of congress members, may appear frequently over periods of
tens of years, and other words, such as the names of bills under discussion, may appear
for only a few days. Thus, in MDTM, current topic-specific distributions over words are
assumed to be generated based on estimates of multiple timescale word distributions of
the previous epoch. Using these multiscale priors improves the predictive performance
of the model because the information loss is reduced by considering both the long- and
short-timescale dependency. Furthermore, by using multiple estimates, the variance
of the inference is reduced when compared with models that have a single timescale.

The online inference and parameter estimation processes can be achieved efficiently
based on a stochastic expectation-maximization (EM) algorithm, in which the model is
sequentially updated using newly obtained data; past data does not need to be stored
and processed to make new inferences. Some topics may exhibit strong long-timescale
dependence, and others may exhibit strong short-timescale dependence. Furthermore,
the dependence may change over time. Therefore, we infer these dependencies for
each timescale, for each topic, and for each epoch. By inferring the dependencies from
the observed data, MDTM can flexibly adapt to topic dynamics. A disadvantage of
online inference is that it can be more unstable than batch inference. With MDTM,
the stability can be improved by smoothing using multiple estimates with different
timescales.

The remainder of this article is organized as follows. In Section 2, we briefly review
related work. In Section 3, we formulate a topic model for multiscale dynamics, and
describe its online inference procedures. In Section 4, we demonstrate the effective-
ness of the proposed method by analyzing the dynamics of real document collections.
Finally, we present concluding remarks and a discussion of future work in Section 5.

2. RELATED WORK

2.1 Topic Modeling

A number of methods for analyzing the evolution of topics in document collections have
been proposed, such as the dynamic topic model [Blei and Lafferty 2006], topic over
time [Wang and McCallum 2006], online latent Dirichlet allocation [AlSumait et al.
2008], and topic tracking model [Iwata et al. 2009]. However, none of these methods
take account of multiscale dynamics. For example, the dynamic topic model (DTM)
[Blei and Lafferty 2006] depends only on the previous epoch distribution. On the other
hand, MDTM depends on multiple distributions with different timescales. Therefore,
with MDTM, we can model multiple timescale dependence, and so infer the current
model more robustly. Moreover, while DTM uses a Gaussian distribution to account
for the dynamics, the proposed model uses conjugate priors. Therefore, inference in
MDTM is relatively simple compared with that in DTM.

There are two approaches for incorporating dynamics in topic models. The first
approach models dynamics by defining evolution on the hidden variables [Blei and
Lafferty 2006; Nallapati et al. 2007]. The second approach uses the topics in the past
and current epochs to define a prior for future epochs [Ahmed and Xing 2008, 2010;
Blei and Frazier 2010; Gerrish and Blei 2010]. The proposed model uses the second
approach; however it uses the topics for modeling word distributions with multiple
scales.

Recently, online inference algorithms for topic models have been proposed [Canini
et al. 2009; Hoffman et al. 2010; Sato et al. 2010], which can process one document
at a time. These algorithms are standard topic models but adapted to handle massive
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document collections, including those arriving in a stream, and they do not model
temporal information or dynamics, which is our goal. Another difference is that the
proposed inference algorithm is online in the sense that it learns one epoch at a time,
instead of one document at a time. However, it is straightforward to handle the latter
case by incorporating the algorithm described in Hoffman et al. [2010] and Sato et al.
[2010].

2.2 Multiscale Dynamics

The multiscale topic tomography model (MTTM) [Nallapati et al. 2007] can analyze
the evolution of topics at various resolutions of timescales by assuming nonhomoge-
neous Poisson processes. In contrast, MDTM models the topic evolution within the
Dirichlet-multinomial framework in the same way as most topic models including la-
tent Dirichlet allocation [Blei et al. 2003]. Another advantage of MDTM over MTTM is
that it can make inferences in an online fashion. Therefore, MDTM can greatly reduce
both the computational cost and the memory requirement because past data need not
be stored. Online inference is essential for modeling the dynamics of document col-
lections in which large numbers of documents continue to accumulate at any given
moment, such as news articles and blogs. This is because it is necessary to adapt to
the new data immediately for topic tracking, and it is impractical to prepare sufficient
memory capacity to store all past data.

The multiscale analysis of time-series data such as wavelets is remotely related.
AWSOM [Papadimitriou et al. 2003] is one of the first streaming methods for fore-
casting and is designed to discover arbitrary periodicities in single time sequences.
Sakurai et al. [2005] proposed BRAID, which builds a multilevel window structure and
efficiently detects lag correlations between data streams. Singular value decomposi-
tion (SVD) is used for analyzing multiscale patterns in streaming data [Papadimitriou
et al. 2005] as well as topic models. However, since SVD assumes Gaussian noise, it is
inappropriate for discrete data such as document collections [Hofmann 1999].

3. PROPOSED METHOD
3.1 Preliminaries

In the proposed model, documents are assumed to be generated sequentially at each
epoch. Suppose we have a set of D; documents at the current epoch, ¢, and each docu-

ment is represented by w;g = {wt_d,n}nN:t‘f, i.e. the set of words in the document, where
1 < d < D,. Our notation is summarized in Table I. We assume that epoch ¢ is a dis-
crete variable, and we can set the time period for an epoch arbitrarily at, for example,
one day or one year.

Before introducing the proposed model, we review latent Dirichlet allocation (LDA)
[Blei et al. 2003; Griffiths and Steyvers 2004], which forms the basis of the proposed
model. LDA assumes the following generative process of words in a document. Each
document has topic proportions 6; ;. For each of the N;; words in the document, topic
Zt4n 1s chosen from the topic proportions, and then word w4, is generated from a
topic-specific multinomial distribution over words ¢.,,,. Topic proportions 6;4 and
word distributions ¢., are assumed to be generated according to symmetric Dirich-
let distributions. Figure 1 (a) shows a graphical model representation of LDA, where
the shaded and unshaded nodes indicate observed and latent variables, respectively.

3.2 Model

We consider a set of multiple timescale distributions over words for each topic to in-
corporate multiple timescale properties. To account for the influence of the past at
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Table I. Notation

Symbol  Description

D, number of documents at epoch ¢

Niq number of words in the dth document at epoch ¢

w number of unique words

Wedon nth word in the dth document at epoch ¢,
Wi € {1, W)

Z number of topics

Ztdon topic of the nth word in the dth document at epoch ¢, 2,4, € {1,--- , Z}

S number of scales

Lg number of past-periods to consider in scale s

(2¥] multinomial distribution over topics for the dth document at epoch ¢,
Orq = {Gt,d,Z}ZZ=17 Ordz >0, ,6tq-=1

bz multinomial distribution over words for the zth topic at epoch ¢,

¢t.z = {¢t,2,w},‘f,/=1y ¢t.z.w > 0, Zw ¢t,2,w =1

multinomial distribution over words for the zth topic with scale s at epoch ¢,
(S) {gt(z) wlyp= 17 t(sz) w — 0 Zuv gt(i) w = 1

(s)

t,z

—
T
-
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Fig. 1. Graphical models of, (a) latent Dirichlet allocation, and (b) the multiscale dynamic topic model.

different timescales on the current epoch, we assume that current topic-specific word

distributions ¢, are generated according to the multiscale word distributions at the
previous epoch {£) .}% . The multiscale word distribution &, = {é(f)l.z’w}w | repre-

sents a distribution over words of topic z with scale s at epoch -1, and is defined as
follows.

t
() _ Zt’=t7L3+1 Nt’,z.w
tzw — t s
Zw Zt’:t_Ls+1 Nt’.z,w

where L; is the length of scale s and N;., is the number of times word w was as-
signed to topic z at epoch ¢. In particular, we use the following asymmetric Dirichlet
distribution for the prior of the current word distribution ¢;,, in which the Dirichlet

(1
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Fig. 2. Multiscale word distributions at epoch ¢ with S = 4. Each histogram shows Et(f) which is a multi-

nomial distribution over words with timescale s.

1,22

parameter is defined such that the mean of ¢,, becomes proportional to the weighted
sum of multiscale word distributions at the previous epoch,

S
¢ ~ Dirichlet (Z At,z,s«sf)l,z) » @

s=0

where 1., is a weight for scale s in topic z at epoch ¢, and A;, s > 0. By estimating
weights {)\.t’Z!S}SS:O for each epoch, for each topic, and for each timescale using the cur-
rent data as described in Section 3.3, MDTM can flexibly respond to the influence of
the previous short- and long-timescale distributions on the current distribution. In this

way, the estimated multiscale word distributions {l;‘,ff)l’z}f: , at the previous epoch con-
stitute the hyperparameters in the current epoch. Their estimation will be described
in Section 3.4.

There are many different ways of setting the scales, but for generality and sim-

plicity, we set them so that & indicates the word distribution from ¢ — 251 + 1 to ¢,
(s=1)
zZ

where a larger s represents longer timescale, and &, is equivalent to the estimate

of a unit-time word distribution ¢;,. We use a uniform word distribution g}jﬁ) = W1
for scale s = 0. This uniform distribution is used to avoid the zero probability prob-
lem. Figure 2 shows multiscale word distributions in this setting. Multiscale word

distributions Et(sz) are likely to become smoother as the timescale increases and exhibit
more peaks as the timescale decreases. By using the information presented in these
various timescales as the prior for the current distribution with weights, we can infer
the current distribution more robustly. In Figure 2, we use timescales of a geometric
progression: 1,2, 4, ...,25 1. Instead of using 25~! epochs for scale s, we could use any
number of epochs. For example, if we know that the given data exhibit a periodicity
e.g., of one week and one month, we can use the scale of one week for s = 1 and one
month for s = 2. In such a case, we can still estimate the parameters in a similar way
to that used with the algorithm described in Section 3.4. Typically, we do not know
the periodicity of given data in advance, we therefore consider a simple scale setting
in this article.

In LDA, topic proportions 6,4, are sampled from a Dirichlet distribution. To cap-
ture the dynamics of topic proportions with MDTM, we assume that the Dirichlet pa-
rameters a; = {ozt,z}ZZ=1 depend on the previous parameters. In particular, we use the

following Gamma prior for a Dirichlet parameter of topic z at epoch ¢,
o, ~ Gamma(yo 1.z, ), (3
where the mean is o, 1., and the variance is «;_1,/y. By using this prior, the mean

is the same as that at the previous epoch unless otherwise indicated by the new data.
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Parameter y controls the temporal consistency of the topic proportion prior a;,. When
y is high, oy, is likely to be close to o1 -.
Assuming that we have already calculated the multiscale parameters at epoch

t—1, B0 = (§9,)50%, and @1 = {w-1.}%,, and given parameters, y and

Ar = {{es, S}SO}z b MDTM is characterized by the following process for a set of doc-
uments W, = {wt,d} 4.1 at epoch ¢.

(1) For each topicz=1,---,7Z:
(a) Draw topic proportion prior
o ~ Gamma(y a1, y),
(b) Draw word distribution
¢, ~ Dirichlet(3>" A;., S:;(S)
(2) For each documentd =1, - Dt
(a) Draw topic proportions
0, 4 ~ Dirichlet(e,),
(b) Foreachwordn=1,---, N g:
i.Draw topic
2tdn ~ Multinomial(6; ),
ii.Draw word
Wq,n ~ Multinomial(¢;,, ).

Figure 1(b) shows a graphical model representation of MDTM.

3.3 Online Inference

We present an online inference algorithm for MDTM, that sequentially updates the
model at each epoch using the newly obtained document set and the multiscale model
of the previous epoch. The information in the data up to, and including, the previous
epoch is aggregated into the previous multiscale model. The online inference and pa-
rameter estimation can be efficiently achieved by a stochastic EM algorithm [Andrieu
et al. 2003], in which the collapsed Gibbs sampling of latent topics, Z;, and the max-
imum a posteriori (MAP) estimation of hyperparameters, a; and A;, are alternately
performed.

We assume a set of documents W; at current epoch ¢, and estimates of parameters
from the previous epoch o; 1, E; 1, ¥ and A, are given. The joint distribution on the set
of documents, the set of topics, and the topic proportion priors given the parameters
are defined as follows.

PW,, Z;, arloy—1, y, E4-1, Ap) = Ploy|orq, J/)P(Zt|°lt)P(Wt|Zt, Eei1. Ap), (4)

where Z; = {{thn}n—1} 41 represents a set of topics. The first term on the right hand
side of (4) is as follows using (3).

yyat lza
Ployler-1.7) =] |

z

V‘Xz 1z~

" exp(—ya.)

Ta o : 2

where I'(-) is the gamma function. We can integrate out the multinomial distribu-
tion parameters in MDTM, {0t,d}§=‘1 and {¢t,Z}ZZ:1, by taking advantage of Dirichlet-
multinomial conjugacy. The second term is calculated by

Nia

P(Z|a;) = 1_[/1—[ P(zt.q.10|0:q)P(0: q|0:)dB; 4, (6)
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and we have the following equation by integrating out {0t,d}§=‘1.

F( > Otz 1_[ r Ntdz +Oltz)
P(Z;|o;) = , (7
flot (]_[ F Oltz ) 1_[ Ntd+z atz)

where N, ;. is the number of words in the dth document assigned to topic z at epoch
t,and Nyg = >, N;q.. Similarly, by integrating out {¢t_z}ZZ:1, the third term is given as
follows.

r A 2.8 Hw r Nt,z,w + Zs )"LZ’ é/':(j) 2w
PW,|Z. Er 1. A) =[] (X hees) ( 1)

. (8
2 l—lw r (Zs )‘t,z,sé(S) ) r (Nt~2 + Zs )‘t,z.s)

—1,z,w

where NV, ., is the number of times word w was assigned to topic z at epoch ¢, and
Nt,z = Zw Nt.z,w-

The inference of the latent topics Z; can be efficiently computed by using collapsed
Gibbs sampling. Let j = (¢, d. n) for notational convenience, and z; be the assignment
of a latent topic to the nth word in the dth document at epoch ¢. Then, given the
current state of all but one variable z j, a new value for z ; is sampled from the following
probability.

. (s)
Nt,d,k\j + ok Nt-k,wj\J + Zs )"Lk’séjt—l.k,wj
Nia\j+ ZZ Utz Nip i+ Zs At ks

where \ j represents the count yielded by excluding the nth word in the dth document.
See Appendix A for the derivation.

The parameters o; and A; are estimated by maximizing the joint distribution (4).
The fixed-point iteration method described in Minka [2000] can be used for maximizing
the joint distribution as follows.

Y1z — 1+ OlOId Zd [ (Ntdz + a)?zd) v (OltOIZd)]

9)

P(Zj = k|W,, Zt\j, o, Ep1, Ay)

O, — , (10)
' Y+ g [¥ (Nea+ X, o) =¥ (X, afd)]
where W(.) is a digamma function defined by W(x) = M, and
(s) old (s) old (s)
)\t’z . )Lold Zw Etfl,z,w [ (Ntz w t Z )‘tz s 1,z,w) (Z )‘tz §'5t— l,z,w):l . (11)

e W (Nez + Xg 25) = ¥ (g 24255)

See Appendix B and Appendix C for the derivation. By iterating Gibbs sampling with
(9) and maximum likelihood estimation with (10) and (11), we can infer latent topics
while optimizing the parameters. Since MDTM uses the past distributions as the
current prior, the label switching problem [Stephens 2000] is not likely to occur when
the estimated ;. s is high, which implies that current topics strongly depend on the
previous distributions. Label switching can occur when the estimated A, ;s is low. By
allowing low A;, s, which is estimated from the given data at each epoch and each topic,
MDTM can adapt flexibly to changes even if existing topics disappear and new topics
appear in midstream.

The time complexity of one iteration of our Gibbs sampling is O(D.N;Z ), where N;
is the average number of words in documents at epoch ¢, and it does not depend on the
number of scales. The time complexity of one iteration of hyperparameter estimation
increases linearly with the number of scales.
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3.4 Efficient Estimation of Multiscale Word Distributions

By using the topic assignments obtained after iterating the stochastic EM algorithm,
we can estimate multiscale word distributions. Since Et(.sz),w represents the probability
of word w in topic z from ¢ — 2°~! + 1 to ¢, the estimation is as follows.

~(s) ; N
(s)  _ Zvl(f,z.w _ D=tz 1aNezw (12)
D S /AN DY) SN/
Zw t.z,w w ¢=t—25"1414 V12, w
](](s) . . . .
where N, , is the expected number of times word w was assigned to topic z from

epochs ¢ — 2° + 1 to ¢, and Ny ,, is the expected number of times word w is assigned
to topic z at epoch . The expected number is calculated by N;..., = N;.r..., where

1.0 is a point estimate of the probability of word w in topic z at epoch ¢. Although we
integrate out ¢, ,,, we can recover its point estimate as follows.

(s)
(%t.z’w _ Nt,z.w + Zs )‘-t.z,sgtilqzﬂw ) (13)
Nt,z + Zs )ht,z,s
While we can use the actual number of times NV; . ,, in (12), we use the expected number

of times Nt_z,w to constrain the estimate of é{‘?i} to be the estimate of ¢, ., as follows.

_ N, .
t(sz_llv) = f’w = ¢t,z.w . (14)
Zth,z,w

Note that the value N  can be updated sequentially from the previous value

t.z,w
o (s)
Ni as follows.

—-l.z,w

[\7(8)

tz,w

~(s) . .
<8 AN — N g, (15)

Therefore,Nisz)_w can be efficiently updated through just two additions rather than 25!

additions. We refer to it as the naive updating method.

LEMMA 3.1. The naive updating method requires O(25Z W) memory for updating
multiscale word distributions.

PROOF. The naive updating method subtracts Nt_QS—l_z’w for updating Nisiw There-
fore, it has to maintain O(2%) values of Nt,QS—I!Z’w from ¢t — 251 to t — 1. We need the

0(2%) values for each of Z topics and each of W words. Thus, it would take O(25Z W)
space. O

Since the memory requirement increases exponentially with the number of scales
in the naive updating method, this requirement prevents us from modeling long-
timescale dynamics. Thus, we consider approximating the update by decreasing the
update frequency for long-timescale distributions as in Algorithm 1, which is linear
with respect to the number of scales.

LEMMA 3.2. The proposed updating method requires O(SZ W) memory for updating
multiscale word distributions.

PROOF. The proposed updating method can update Nisz)w using the previous value
at scale s — 1, Nﬁsjl)

12> and the current value at scale s — 1, N5V When we update

tz,w*
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ALGORITHM 1: Algorithm for the approximate update of N( J

tzw"*
1) S
]Vizw <_]vtzu

fors= ,Sdo
if t mod 23 1 =0 then

|8, <N

tz,w tz,w t—1,z,w

else
R,

tz,w
end
end

1zw

ing
—_

&
=

O
o

'
O
IO NE G @{7)~

IS

@ ®S+1Z _*@ ®S+1z _ﬂ'@ ®S+1z T
|

Fig. 3. Graphical models of the online multiscale dynamic topic model.

from s = 1 to s = S, we must store only O(S) values of N _1 ..» at the previous epoch.
We need the O(S) values for each of Z topics and each of W words. Thus, it would take
O(SZ W) space. O

with S = 3 from ¢ = 4 to ¢t = 8. Each
box represents Ny . ,,, where the number represents epoch #. The boxes in the bottom
row indicate that theNt,Z.w value is newly calculated at epoch ¢. Each row at each epoch

Figure 4 shows approximate updating of Nﬁ

zZ,w

1"epresents1\7,(f as sum of the corresponding boxes, and the shaded boxes indicate that

zZ,w

the values are updated from the previous values. Ni is updated every 251 epoch.

zZ,w

For example, ValueNi at scale s = 1 is updated every epoch, the value at scale s = 2
is updated every two epochs and the value at scale s = 3 is updated every four epochs.
The value at scale s = 1 can be updated by replacing it with the newly calculated value.
The value at scale s = 2 can be updated by adding the newly calculated value to the
previous value at scale s = 1; see epochs ¢ = 6 or ¢ = 8 in Figure 4. The value at scale
s = 3 can be updated by summing the newly calculated value, the previous value at
scale s = 1 and the previous value at scale s = 2; see epochs ¢ = 8 in Figure 4. As seen in
the preceding, we can calculate the value by using values at the previous epoch with
this approximate updating; we do not need to store the past values before the previous
epoch.
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Fig. 4. Approximate updating ofN;Z,w from ¢ =4 tot=8 with S=3.

ALGORITHM 2: Algorithm for the approximate updating of N;iw using a buffer. Nl; utter repre-
sents the buffer value.

zw
~buffer ~buffer o
R R N,

tz,w t—1,z,w

if (t — 1) mod L, = 0 then

Iv(s) - Nbuffer

tz,w tz,w

~ buffer A
N

tz,w

end

Since the dynamics of a word distribution for a long-timescale are considered to
be slower than that for a short-timescale, this approximation—decreasing the update
frequency for long-timescale distributions—is reasonable. Figure 3 shows a graphical
model representation of online inference in MDTM.

For the Dirichlet prior parameter of the word distribution, we use the weighted sum
of the multiscale word distributions, as in (2). The parameter can be rewritten as the
weighted sum of the word distributions for each epoch as follows.

S t—1
Z)‘t,zﬁét(i)l.z,w = Z )\;,Z’fé&f.z,wa (16)
s=1 t=t—25-1
where
. Niow
¢t,z.w = tﬂif’a (17)
Zw/Nt zZ,w
is the expected probability that word w appears in topic z at epoch ¢, and
S A,
A Nyzw
Mer= D e 2l (18)

t71 A 9
s=[log,(t—t')+1] Zw Zt’/:t723*1 Nerzw

is its weight. See Appendix D for the derivation. Therefore, the multiscale dynamic
topic model can be seen as an approximation of a model that depends on the word
distributions for each of the previous epochs. By considering multiscale word distribu-
tions, the number of weight parameters A, can be reduced from O(25Z) to O(SZ ), and
this leads to more robust inference. Furthermore, the use of multiscaling also reduces
the memory requirement from O(25Z W) to O(SZ W) as previously described.

3.5 Enhanced Methods for Approximate Updating

Approximate updating method for arbitrary scale. In the preceding discussion, we set scales

so that l;‘t(s’z) indicates the word distribution from # — 25-! + 1 to ¢. However, we can
set scales arbitrarily. If we know that the given data exhibit periodicity, e.g., of one
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Fig. 5. Approximate updating ofN;SZ),‘w with scale size L = 3.

ALGORITHM 3: Algorithm for the approximate updating of Nisz)u using B buffers. Nﬁsz rep-
resents the bth buffer value, ¢, represents the timing with which the bth buffer is updated, and

0<¢t <L
forb=1,---,Bdo

N, <K

tz,w t—1,z,w +Ntv2v"«’
if (t — #,) mod L, = 0 then

N, <N,

tz,w tz,w
< Nt,z,w

tz,w

end
end

week and one month, we can use the scale of one week for s = 1 and one month for
s = 2. In these cases, we can also efficiently update values by using buffers for storing
intermediate values. Algorithm 2 shows the updating algorithm with scale size L
using a buffer.

LEMMA 3.3. The proposed updating method (arbitrary scale) requires O(SZ W)
memory for updating multiscale word distributions.

PROOF. The proposed method for an arbitrary scale can update Nisiw using a single

buffer. We need a buffer for each of S scales, each of Z topics, and each of W words.
Thus, it would take O(SZ W) space. O

While this approximation needs a buffer, the memory requirement of this method
is still O(SZ W), which is also linear with respect to the number of scales. Figure 5

shows the approximate updating of ]Qé’sz).w with scale size L; = 3. At epoch ¢t = 3, the

newly calculated value Ntzg,z,w is stored in the buffer. At epoch ¢ = 4, the buffer value
is updated by adding the newly calculated value Nt=4,z.w. At epoch ¢t = 5, value N( y

t,z,w

is updated by using the newly calculated value and the buffer value at the previous
epoch. The buffer is cleared and the newly calculated value Ny5 ., is stored in the

buffer. In this way, N

:-.w 18 updated every L; — 1 epochs by using the value at the
previous epoch.

Improving approximation by using muitiple buffers. We can improve the approximation by
increasing the update frequency. By using B buffers, the value is updated B times
every L — 1 epochs, and the rate of unapproximated values is %. Algorithm 3 shows

the updating algorithm with scale size L using B buffers.

LEMMA 3.4. The proposed updating method (arbitrary frequency) requires
O(BSZW) memory for updating multiscale word distributions.
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Fig. 6. Approximate updating ofN;Z,w with scale size L = 4 using two buffers.

Table II.

Average perplexities over epochs. The value in the parenthesis represents the standard deviation
over datasets.

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)

s)

PROOF. The proposed method for an arbitrary frequency can update N;z’w using the

values in B buffers. We need B buffers for each of S scales, each of Z topics, and each
of W words. Thus, it would take O(BSZ W) space. O

By using more buffers, we can approximate the values more closely. This method
allows users to choose the update frequency. Figure 6 shows approximate updating
with two buffers and scale size L = 4. The value at each buffer is updated by adding
the newly calculated value. When the size of the buffer becomes the scale size Ls — 1,

the value is used for calculating Nfz).w, and the buffer is updated with the value NV, , ,,.

For example, at epoch ¢ = 5, the first buffer is updated by adding N.s...,. At epoch
e by adding it to Ntzsﬂzqw, and the buffer is updated

t = 6, it is used for calculating N, ,

with N6 ; .

4. EXPERIMENTS

4.1 Setting

We evaluated the multiscale dynamic topic model with online inference (MDTM) using
four real document collections with timestamps: NIPS, PNAS, Digg, and Addresses.
The NIPS data consist of papers from Neural Information Processing Systems
(NIPS) conferences from 1987 to 1999. There were 1740 documents, and the vocab-
ulary size was 14,036. The unit epoch was set at one year, so there were 13 epochs.
The PNAS data consist of the titles of papers that have appeared in the Proceedings of
the National Academy of Sciences from 1915 to 2005. There were 79,477 documents,
and the vocabulary size was 20,534. The unit epoch was set at one year, so there were
91 epochs. The Digg data consist of blog posts that have appeared on the social news
Web site Digg! from January 29th to February 20th 2009. There were 108,356 docu-
ments, and the vocabulary size was 23,494. The unit epoch was set at one day, so there
were 23 epochs. The Addresses data consist of the State of the Union addresses from

Thttp://digg.com
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Fig. 7. Perplexities for each epoch.

19:13

1790 to 2002. We increased the number of documents by splitting each transcript into
3-paragraph documents as done in Wang and McCallum [2006]. We omitted words
that occurred in fewer than 10 documents. There were 6413 documents, and the vo-
cabulary size was 6759. The unit epoch was set at one year, and excluding the years
for which data were missing, there were 205 epochs. We omitted stop-words from all

data sets.

We compared MDTM with DTM, LDAall, LDAone, and LDAonline. DTM is a dy-
namic topic model with online inference, which does not take multiscale distributions
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Fig. 8. Average perplexities with different numbers of topics and their standard deviations.

into consideration; it corresponds to MDTM with S = 1. Note that the DTM used here
models dynamics with Dirichlet priors while the original DTM used Gaussian priors.
LDAall, LDAone, and LDAonline are based on LDA, and therefore do not model the
dynamics. LDAall is an LDA model, which uses all past data for inference. LDAone is
an LDA model, which uses just the current data for inference. LDAonline is an online
learning extension of LDA, in which the parameters are estimated using those of the
previous epoch and the new data [Banerjee and Basu 2007]. The time complexity of
Gibbs sampling for LDAone and LDAonline are O(D;N;Z ), which is the same as that
for the proposed model. That for LDAall is O(D1:N;Z ), where D1; = th=1 D.. For a
fair comparison, the hyperparameters in these LDAs were optimized using stochastic
EM. We set the number of latent topics at Z = 50 for all models, and we iterated an
E- and M-step 500 times for each epoch for all models. In MDTM, we used y = 1, and
we estimated the Dirichlet prior for topic proportions subject to oz, > 1072 to avoid
overfitting. We set the scale size at Ly = 27!, and the number of scales so that one of
the multiscale distributions covered the entire period, or S = [log, T + 17, where T is
the number of epochs. We used Algorithm 1 for updating the parameters.

We evaluated the predictive performance of each model using the perplexity of held-
out word.

T Yo log P (wiest |t d. Dy)

td,n

XaNG ’

where N;%" is the number of held-out words in the dth document at epoch ¢, w{%" is the
nth held-out words in the document, and D, represents training samples until epoch

(19)

Perplexity = exp
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Fig. 9. Average perplexities of MDTM with different numbers of scales and their standard deviations.

t. A lower perplexity represents higher predictive performance. The word probability
can be calculated as follows,

P(w|t, da Dt) = Z ét,d.z(%t.z,ws (20)
where
A Nig: +oay,
Org, = —————. 21
b, Nt,d + sz Otz 21)

We used half of the words in 10% of the documents as held-out words for each epoch,
and used the other words as training samples. We created ten sets of training and test
data by random sampling, and evaluated the average perplexity over the ten data sets.

4.2 Results

The average perplexities over the epochs are shown in Table II, and the perplexities
for each epoch are shown in Figure 7. For all data sets, MDTM achieved the lowest
perplexity, which implies that MDTM can appropriately model the dynamics of various
types of data sets through its use of multiscale properties. DTM had a higher perplex-
ity than MDTM because it could not model the long-timescale dependencies. LDAall
and LDAonline have high perplexities because they do not consider the dynamics. The
perplexity achieved by LDAone is high because it uses only current data and ignores
past information. The average perplexities over epochs with different numbers of top-
ics are shown in Figure 8. Under the same number of topics, MDTM achieved the
lowest perplexities in every case except when Z = 150 and 200 in the NIPS data,
and achieved the second lowest perplexities when Z = 150 and 200 in the NIPS data.
LDAone achieved the lowest perplexity with Z = 150 and 200 in the NIPS data be-
cause the number of words in each document in the NIPS data is large compared with
other data, and the model can be learned adequately by using data at each epoch. The
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Fig. 10. Average perplexity of MDTM over iterations on the inference for each epoch in NIPS data.

average perplexities over epochs with different numbers of scales in MDTM are shown
in Figure 9. Note that s = 0 uses only the uniform distribution, while s = 1 uses the
uniform distribution and the previous epoch’s distribution. The perplexities decreased
as the number of scales increased. This result indicates the importance of considering
multiscale distributions. Although the number of parameters increases as the number
of scales increases, overfitting did not occur. This result suggests that we can use as
many scales as we wish as long as we can bear the computational and memory costs.

Figure 10 shows the perplexities of the proposed model over iterations on inference
in NIPS data, which are averaged over ten different initializations. As the number of
iterations increases, the perplexity decreases, and eventually converges to a certain
point.

Figure 11 shows the average computational time per epoch when using a computer
with a Xeon5355 2.66GHz CPU and a 16GB memory. The computational time for
MDTM is roughly linear against the number of scales. Even though MDTM considers
multiple timescale distributions, its computational time is much smaller than that
of LDAall, which considers a single timescale distribution. This is because MDTM
only uses current samples for inference. In contrast, LDAall uses all the samples for
inference.
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Fig. 11. Average computational time (sec) of MDTM per epoch with different numbers of scales, LDAall,
LDAone, and LDAonline and their standard deviations.

When the data in an epoch do not depend on data in other epochs, LDAone is an
appropriate model. When the data for all epochs are generated from a distribution,
or the data have no dynamics, LDAall and LDAonline are both appropriate models.
MDTM can flexibly model data that have dynamics, where data in consecutive epochs
exhibit some dependencies. In particular, MDTM with ;. = 0 for s > 0 corresponds
to LDAone, and MDTM with 4. = 0 for all s except when the timescale is infinite,
corresponds to LDAonline.

Figure 12 shows the average estimated A;, s with different numbers of scales s in
MDTM. The sum of the values for each epoch and for each topic are normalized to one.
The parameters decrease as the timescale lengthens. This result implies that recent
distributions are more informative as regards estimating current distributions, which
is intuitively reasonable.

In Section 3.5, we described an algorithm for improving the approximation of an
estimation by using multiple buffers. We experimentally investigated how the number
of buffers affects the predictive performance. Figure 13 shows the average perplexities
achieved by MDTM when the number of topics Z = 50, the number of scales S = 1,
and the scale size Ly = 10. As the number of buffers increased, the perplexity de-
creased, although the memory requirement increased. This result suggests that we
can improve predictive performance by using as many buffers as possible.

4.3 Application of MDTM

MDTM can extract the topic evolution in multiple timescales. For experiments in
this section, we used MDTM, where the number of topics Z = 50 and the number
of scales S = 4. Figure 14 shows two topic examples of the multiscale topic evolu-
tion in NIPS data analyzed by MDTM. Note that we omit words that appeared in the
longer timescales from the table. In the longest timescale, basic words for the research
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Fig. 12. Average normalized weights A with different scales estimated in MDTM and their standard
deviations.
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Fig. 13. Average perplexities with different numbers of buffers in MDTM with multiple buffers and their
standard deviations.

field are appropriately extracted, such as “speech,” “recognition,” and “speaker” in the
speech recognition topic, “control,” “action,” “policy,” and “reinforcement” in the rein-
forcement learning topic. In the shorter timescale, we can see the evolution of trends
in the research. For example, in speech recognition research, phoneme classification
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Fig. 14. Two topic examples of the multiscale topic evolution in NIPS data analyzed by MDTM: (a) speech

recognition, and (b) reinforcement learning topics. The ten most probable words for each epoch, timescale,
and topic are shown.

was a common task until 1990, and since 1991 probabilistic approaches such as hidden
Markov models (HMM) have been frequently used.

MDTM can also be used for tracking the popularity of each topic. Figure 15 shows
the estimated oy, of four topics from the NIPS data analyzed by MDTM, which rep-
resents the popularity dynamics for each topic. The most probable words on the long-
timescale for topics “neural network” and “probabilistic model” are shown in Table III.
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Table Ill. Two Topic Examples in NIPS Data Analyzed by MDTM

neural network layer, net, neural, nets, system, figure,
activation, signal, error, noise, backpropagation

probabilistic model | data, model, training, error, probability,
parameters, set, distribution, models, Gaussian, variance
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time

Fig. 15. Popularity dynamics of four topics in NIPS data analyzed by MDTM.

We can see that the popularity of the topics “neural network” has decreased over time,
on the other hand, that of the “probabilistic model” has increased.

The estimated parameters 2;, , ; in (18) represent the dependency of the word dis-
tribution of topic z between ¢ and ¢ — 1. Therefore, we can analyze the magnitude of the
change in the topic by using A;, , ;. Usually, the change in a topic can be calculated by
using the KL divergence between the current word distribution and the previous word
distribution KL(¢-1.|/¢:.). The correlation coefficients between 1/log(x;, , ;) and the
KL divergences were 0.625, 0.216, 0.729, and 0.152 for NIPS, PNAS, Digg, and Ad-
dresses data sets respectively, which were calculated using all time intervals and all
topics. This result shows that we can analyze the magnitude of changes by using A;, , ;
without calculating the KL divergence.

Figure 16 shows the estimated 1/log(i; . ;1) of four topics in the NIPS data analyzed
by MDTM, where this value represents how the estimated topics change compared
with those in the previous epoch. In general, the values in late epochs are low, since
the inference of topics becomes stable when we use more data for the inference. The
value for a “neural network” in 1995 was high because it was at the end of the neural
network boom.

5. CONCLUSION

In this article, we have proposed a topic model with multiscale dynamics and
efficient online inference procedures. We have experimentally confirmed that the
proposed method can appropriately model the dynamics in document data by consid-
ering multiscale properties, and that it is computationally efficient.

We assumed that the number of topics was known and fixed over time. We can
automatically infer the number of topics by extending the model to a nonparametric
Bayesian model such as the Dirichlet process mixture model [Ren et al. 2008; Teh
et al. 2006]. In future work, we plan to determine the unit time interval, the length of
scale, and the number of scales, automatically from the given data. The problem of the
unit time interval can be solved by using continuous time dynamic topic models [Wang
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Fig. 16. Topic change dynamics of four topics in NIPS data analyzed by MDTM.

et al. 2008]. The length of scale and the number of scales can be determined using
nonparametric Bayesian methods. The length of scale can be continuous as in [Wang
and McCallum 2006], which treats time dependence as a continuous beta random vari-
able. The proposed model can be extended to find influential documents by modeling
the influence for each document as described in Gerrish and Blei [2010]. Since the
proposed method is applicable to various kinds of discrete data with timestamps, such
as Web access logs, blogs, and e-mail, we will evaluate the proposed method further by
applying it to other data sets.

APPENDIX
A. DERIVATION OF (9)
In this appendix, we give the derivation of (9).

P(ZJ = let, Zt\j’ o, Et—la At)
X P(ZJ = k5 w]|Wt\]5 Zt\ja o, Et—l, At)
= Pzj=k|Zpj a)P(wjiWhyj 2=k, Zpj, Be-1, Ay). (22)

The first factor of (22) becomes,
P(ZJ = k|Zt\J, ott)
= [ Pl = HiOD PO 2 )

/9 r (Zz [Nt.d,z\j + O5152: l—[eNtdz\ﬁaz
t,d.k
HZF(Nt,dz\j+atz bd.z

- F (Zz [thd’Z\j * atz Nmz\ﬁaz—l Neawjror

) nzr(Nt,d,z\j+atz /n%z tdk db, g

T (XN + o)) [hoa T (Neaoyj+ @) T (Neawj + ace + 1)
1_[2 r (Nt,d,Z\j + at,Z) r (Zz [Nt,d,z\j + at,z] + 1)

_ Niapj+or 23)
thd\j + Zz Utz ’
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where we used [ [], 6 =1dp = ll:%zl” (ZZ)) in the fourth equation, which is the normalizing

constant of the Dirichlet distribution, and I'(x + 1) = xI'(x) in the fifth equation. In a
similar way, the second factor of (22) becomes,

Pwj|Wyj,zj=k, Zpj, Et-1, Ay
- / P(w;lz; = k. $us) Pl Wej. Zo s Eo1. Al

(s)
/ F(Zw [Nt.k,w\j + Zs )\t,k,sgt_l.k,w]) 1—[ ¢Nt~kﬂﬂ\j+zs Atvk-SE;i)l_k,11/71d¢
t,k.wj (s) thw t.k
nw F(Ntkw\J + Zs )\t,k,sé il.k,w) w

r (Zw I:Nt’k-w\j + Zs )"Lk’sgt(i)l,k,w])
l—lw r (Nt,k,w\j + Zs )"tvk~sst(i)1,k,w)

. (s)
% ¢Nt,k.u;\j+zs sy g1 Nekwp+ 20 )”Lkvsgt—l,k.u;jd¢
t.k,w tkw; itk

wFW;

r (Zw [Nt,k.w\j +2s M.k,sft(f)l,k.w])
[T (Nt,k.w\j + 2 M.k,sét(f)l,k.w)
[T, T (Nt,k,w\j +2s )\t,k,sst(i)l,k,w) r (Nt,k,wj\j 2 sk o, + 1)
r (Zw [Nt,k,w\j +2 )“qus‘i:t(i)l,k,w:l + 1)

)
Nekwyj+ 2 Kt,k,sfffl,k,wj

= . (24)
Nipj+ Y s ks
B. DERIVATION OF (10)
In this appendix, we give the derivation of (10). Consider the following function.
'(x)
f(x) =log e (25)
where x > 0 and n > 0. The tangent of f(x) at % is as follows.
&) . . .
g(x) = log S + (V@) — ¥(n+2) (x—2). (26)

Since f(x) is convex downward, the tangent is the lower bound, f(x) > g(x), and we get
the following inequality.

I(x) r&) R . .
e > 1 e +(VR®R) — U(n+])(x —2). (27)
Additionally, consider the following function.
I(n+x) rn+% R . x
h(x) = log R og e X[W(n+2x) — v@)]log P
L % x
= Z [log(m +x) — logim + &) — —log 7:| , (28)
s m+x "X
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wherex > 0,% > 0, n > 0, and we used log F(r’g;“) = ZZ;}) log(m+x) and ¥(n+x) — ¥(x) =

n-1 1 - . . . . .
> m=0 iz in the second equality. The value in each summation is nonnegative.

A~

k(%) = log(m + x) — log(m + &) — —— log = > 0, (29)
m+& °X
because
k(x) m(x — &)
ax  (m+x)xm+3)’ (30)

and therefore £(x) monotonically decreases (increases) when x < & (x > &), and k(%) = 0.
By using (28) and (29), we can obtain the following inequality.

I'n+x) - 1o 'n+2%)
r® - %2 TR

log +2[W(n+%) — U@ 1ogj§c. (31)

The joint log likelihood can be written as follows, using (4), (5), (6), and (7).

log P(th Zts atlatfls 7/1 Etfls At)
= log P(ottlott,l, )/) + logP(Zt|oct) +C
= (Vatfl,z - 1)10gat,2 — VO

+ Xd: [logI‘ (Z at,z> —logT (Nt.d + Xz:“t-z)]

+ Z [logT' (Nyaz +azz) —logT (azz)] + C, (32)
d

where C and C’ are the constants that do not depend on «;,. The second term of (32)
satisfies the following inequality.

Z |:log F(Z oz) —logT (Nt,d + Z Olt,z)i|

d

> Xd: |:logF (Z a;flj) —logl’ (Nt,d + Z a212d>:| (33)
B (¢ (et v () [

z

where we used (27) by lettingx = ) ,o;,,n =N, and & = ), ozglzd. The third term of
(32) satisfies the following inequality.

Z[IOg 1—‘(Z\ft,ol,z + Olt,z) - lOg 1—‘(C’lt,z )]
d

= (log r (Nt,d,z + agl;‘) —logT (a;jlzd)
d
+ [\Il (Nt_d,z + a;flzd) - (azlzd)] aflzd <log Qry — logaflzd)), (34)
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where we used (31) by letting x = &, n = Nyq., and & = 4. By using (33) and (34),
we can get the following lower bound of the joint log likelihood.

log PWy, Z;, arloy—1, y, E-1, Ap)

> (yoyr1. — Dlogoy, —yar. — oy, Z |: (Ntd + Zadd) (Z Ol(ﬂd)]

d
£y [\p (Nt_dz + a;ﬂ;‘) v (a;ﬂzd)] Moog,, +C" = Flay,), (35)
d

where C” is a constant that does not depend on «;,. The derivative of F(u;,) is as
follows.

%‘Z‘” = (yop1. - 1)%2 —y- §d ! [w (Ntd +3 ja‘ﬂd) <§ :a‘ﬂdﬂ
1
+Y | W (Negz + o) — W (o) a4 —. (36)
[ (Weae wafl) —w (a) |

(7%

The function F(«; ) is concave, and the lower bound of the joint likelihood can be max-
imized by finding the value where SF(“”) = 0. Thus, we can obtain (10).

C. DERIVATION OF (11)

In this appendix, we give the derivation of the update rule for 2;. s, (11), which can
also be derived in the same way as the update rule for oy ,.
The joint log likelihood can be written as follows, using (4) and (8).

log PW,, Z;, aroy—1,y, 41, Ay
= log P(W|Z;, Es1, A) + C

= Z |:10gl“ (Z )\t,z.s) — logF (Nt,z + Z)\t,z.s>:|
+Z Z |:logF (Ntz w megt . w) log I’ (Zktzsé(S)l w)} +C,

(37)

where C is a constant that does not depend on A;, ;. By using (27) and (31), we can
show that (37) satisfies the following inequality.

log PW,, Z;, arloy—1, y, B4—1, Ap)

> > —hes [\y (Z )\;’ljs> - (Nt_z + Z}\;’ljsﬂ

S

'y [w (z e ) (Ntz SNt )] A9 logi.
w

+C' = F (ki) (38)
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where we used (27) and (31), and C’ is a constant that does not depend on ;.. The
derivative of F(i;, ) is as follows.

8F()ht,z,s)
a)Wf,z.s

[o () v (weo )]
S S
1
1d &(s) Id &(s) 1d s(s)
o8 [ (Tt ) v (e Dottar ) it
" s WA

(39)

The function F(i;, ) is concave, and the lower bound of the joint likelihood can be
maximized by finding the value where BF(A“ D = Q. Thus, we can get (11).

D. DERIVATION OF (16)

In this appendix, we give the derivation of (16). LetNi 21, = Dy Zf o1 N,

and Nt,z = Zth.z,w- The Dirichlet prior parameter of the word distribution can be
rewritten as the weighted sum of the word distributions for each epoch using (12), as
follows.

Z )htz 35(3)1 R

S
t’ t 95— 1Nt’zw
E )htzs

~Af—1

)htzs "
= Z 1 Nt’,z,w
t'=t—25-1 s=[logy(t—t')+1] + Vt—25-1 2
t—1 S

Z )‘-t.z,sNt’,z Nt’,z.w

¢'=t—25-1 s=[logy(t—t )+1] Ni—zsfl.z Ne:
-1
. A
= )\.tﬁzqt/(ﬁt/’z’w. (40)
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