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Abstract: Recently, Twitter has attracted as a media that reflects popular topics in real time. Especially,
many media provide the information of the topics that the number of tweets belonging to itself suddenly
increases. However, because most tweets are not classified by tagging, it is hard to observe the time series
variation of the topic from all tweets. In order to solve this problem, a method using the topic model, which
is a method for estimating topics by documents, is proposed. However, since tweets are posted enormous
tweets in real time, we need efficient methods for estimating topics and calculating the topic popularity. We
propose the efficient method to estimate topics and calculate the time series variation for the topic popularity
for tweets. In order to speed up the estimation of topics, we improve Biterm topic model, which is an effective
method for short texts, to minibatch training. In addition, we propose a method to efficiently calculate the
approximate topic popularity from partial data, Our experiments suggest that the proposed method has
higher generalization ability and faster training time than baseline. Also, we discuss efficient and less lossy

methods that calculating the topic popularity from several methods.
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Algorithm 1 BTM (281375 SCVB0 @ I =¥y 753
Randomly initialize Ny and Ny

for each iteration do
Sample minibatch of biterms B(*)
Compute les) in B®) forallb e Vi)
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for each topic k € [K] do
Compute 2 5, using Eq. (1)
end for
end for
Update N using Eq. (15) and N, using Eq. (16)
end for
Compute global parameters 0 using Eq. (7) and @ using

Egq. (8)
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I2& %, SCVBO oHHX 2 (15) BL UK (16) L5 5.

B 5
\B<s|>| > Ay, (15)
bGVB(S)

N — (1= vO)Ny, 40
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Y7 LB, =Ny FNICHELT 5 4 biterm DHE
B2 BT, bltermbEVB(s) DIEGFINT A= 21 &L
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Randomly initialize Ny and N3
for each iteration do
Sample minibatch of biterms B(®)
Compute Nb(s) in B() for allb e Vi)
for each segment j € [f@ﬂ do
for b € Vg()) do
for each topic k € [K] do
Compute 2z 5, using Eq. (1)
end for
end for
Update Ny using Eq. (15) and N, using Eq. (16)
end for
end for
Compute global parameters 6 using Eq. (7) and ® using

Eq. (8)
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Fig. 1 The proposed method for improving SCVBO.
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Fig. 2 The number of tweets per the number of words that

contained in tweets.
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Table 1 The average of the number of unique biterm in mini
batch. We calculated the average of each value from

100 experiments.
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100,000 93673.470
1,000,000 779655.323
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Table 2 The average log-likelihood of the evaluation data and the average of the train-
ing time.
Tk IENVTFHARX | AT b—=2ay | 7 AV AR | CEEREOLE | B [sec]
SCVBO 1 100,000,000 - —19.231 10,496 + 103
10,000 10,000 —19.088 7,253 + 154
I =Ny FEH 100,000 1,000 - —19.706 7,077 £ 174
1,000,000 100 —21.517 6,315 + 149
10 —18.998 5,797 + 144
100 —18.987 4,822+ 9
SNy T T Ay EE 1,000,000 100 1,000 —18.995 5,282 + 123
10,000 —19.100 5,931 4+ 143
100,000 —19.875 6,074+ 40
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Fig. 3 The average log-likelihood for processing biterms.
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Fig. 4 The average log-likelihood for running time.
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Table 3 RMSE of each method for baseline. We calculated the average of each value

from 5 experiments.
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Fig. 5 The time series variation for each topic popularity by each method. In the leg-

end, the words with high occurrence probability are shown in each topic from

the left.
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