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Online Topic Model for Broadcasting Contents
Using Semantic Correlation Information
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Abstract—This paper proposes a method of learning topics for
broadcasting contents. There are two kinds of texts related to
broadcasting contents. One is a broadcasting script, which is a series of
texts including directions and dialogues. The other is blogposts, which
possesses relatively abstracted contents, stories, and diverse
information of broadcasting contents. Although two texts range over
similar broadcasting contents, words in blogposts and broadcasting
script are different. When unseen words appear, it needs a method to
reflect to existing topic. In this paper, we introduce a semantic
vocabulary expansion method to reflect unseen words. We expand
topics of the broadcasting script by incorporating the words in
blogposts. Each word in blogposts is added to the most semantically
correlated topics. We use word2vec to get the semantic correlation
between words in blogposts and topics of scripts. The vocabularies of
topics are updated and then posterior inference is performed to
rearrange the topics. In experiments, we verified that the proposed
method can discover more salient topics for broadcasting contents.

Keywords—Broadcasting script analysis, topic expansion,
semantic correlation analysis, word2vec.

I. INTRODUCTION

ROADCASTING contents are broadcasted through TV or

internet. It can provide interesting information to people
such as recommendation of TV program or merchandise by
analyzing broadcasting contents. Topic model is one of the
methods, which discovers topics in documents. If similar
subjects such as cast actor, product information, cluster topics
discovered from broadcasting contents and so on, these topics
help to find useful information of broadcasting contents.

There are two types of text, which are used to analyze
broadcasting contents — blogposts and a broadcasting script.
Blogposts are written by viewer and contain various
information such as cast actors, merchandise, and so on. A
broadcasting script is composed of detailed texts like directions
and dialogues. Since these two texts include different aspects of
broadcasting contents, it is required to using both a
broadcasting script and blogposts for topic learning.

When topics are discovered by using a broadcasting script
and blogposts, two points should be considered. First, blogposts
are made consistently. It is inefficient to learn topics whenever
new blogposts are generated. Therefore, it is required to a
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method for process continuously. Second, word-distribution
between blogposts and a broadcasting script are different each
other. Thus, unseen words appeared when each blogpost is
added. Because of inconsistency in word distribution, it is
difficult to obtain sufficient statistics of inter correlation of
unseen words. These characteristics cause that topic model is
hard to discover topic when blogposts and a broadcasting script
are learned at the same time. To solve these problems, this

paper proposes a method of topic learning for two types of texts.

A Dbroadcasting script is representing detailed storylines.
Therefore, topic model using a broadcasting script do the role
for a guide to learn blogposts. Thus, blogposts are learnt after
building a broadcasting script topic. In order to reflect
blogposts continuously, online learning is adopted. Blogposts
are basically added one by one. That is, we learn latent topic by
incorporating each blogposts into existing topic. Second, in
learning process, unseen words, which are not contained in
existing topics, appeared from blogposts. When unseen words
are added for topic learning, it is hard to obtain relation with
existing topic. In order to reflect unseen words semantically, we
use Word2vec [1]. Using Word2vec it is possible to consider
unseen words in learning process. Word2vec, one of popular
semantic representation of words, is exploited to compute
correlation between a word from blogposts and topics of a
broadcasting script. By averaging similarities between a word
to be added and top-k words in each topic of scripts, we can
obtain the topical correlation scores. When the biased
vocabulary expansion is done, the posterior distribution can be
inferred by stochastic gradient optimization [2].

The proposed method is evaluated with LDA model in
various conditions of broadcasting contents document. The
experimental results show that the proposed method
outperforms all the compared models, where the performance
of topic coherence is measured by PMI and Word2Vec. These
results prove that the proposed method is more plausible in
representing broadcasting contents topic by using a
broadcasting script and blogposts.

II.RELATED WORKS

Document modeling finds the method of representing of
document corpus. If document modeling is achieved, it is easy
to grasp of contents of documents and be used for various
applications. Topic model is widely used in document
modeling. Latent Dirichlet Allocation (LDA) [3] and
Hierarchical Dirichlet process (HDP) [4] is well-known topic
model. Topic models have been used to discover latent topic in
document. Generally, the number of topic is less than the
number of words in documents; it can be efficient tools for
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mapping high dimensional document corpus to low
dimensional vector space. Topic model can obtain topic, which
is consisted of similar words from low dimension vector space.

Recently, topic model was applied to online learning [5], [6].
The motivation of online topic model is to analyze large data
set. In addition, online topic models also can be used to analyze
streams of data. However, existing online topic model must
have predefined vocabulary for discovering topic. To solve this
problem, [2] proposed a method of online LDA with infinite
vocabulary. They suggested that when new data are added to
existing topic, topic model updates own vocabulary by
reflecting unseen words.

There were some studies to analyze broadcasting contents by
using topic model. Misra et al. [7] proposed a method of scene
segmentation on TV news using LDA. In this study, transcript
is used for scene segmentation. Thus, topic model can be
obtained story boundaries and topic distribution each scene.
Engels et al. [8] proposed a method of automatic annotation of
location in video. In this study, topic model is used to find
location information from topic distribution, and transcript is
also used. These two studies use texts, which contain
broadcasting contents. However, because of these studies focus
on internal information of broadcasting content, their methods
cannot obtain topics which are related broadcasting contents
likes product information.

III. TopriC MODEL FOR BROADCASTING CONTENTS USING
SEMANTIC CORRELATION INFORMATION

A.Topic Learning Using Broadcasting Script

In order to discover topic from a broadcasting script, we use
a Latent Dirichlet Allocation (LDA). As LDA is a generative
model for documents, it is widely used for document analysis.
Given corpus of documents in D, LDA discovers k-topics after
training. The generative process is as follow:

1. for each document d in D do:

2. Choose a 84 ~ Dirichlet(a)

3. for each word indexedn=1, ... Nin d do:
4. Choose a topic z,~ Multinomial(6,)

5. Choose a word p(wy|z,, B)

If this process was used to our topic learning from
broadcasting script D, we discover k-topics about broadcasting
contents. Due to topic model is considered co-occurrence of
words in documents, we discover topic, which based on story of
broadcasting contents.

B. Topic Expansion Using Blogposts

When we use blogposts for topic expansion, all of blogposts
are sequentially processed. That is, blogposts are added one by
one. In this condition, unseen words occur necessarily when
blogposts added in learning process. Because existing topic is
hard to obtain sufficient statistics of unseen words, a method of
reflecting unseen word was needed.

For this, we allocate unseen words to similar topic.
Word2vec learns semantic vector representations of words
from the large corpus; we can obtain semantic correlation
between two words. In order to obtain the semantic correlation

value, we calculate cosine similarity between two vectors by

WVp, WVp,

cor(py, pz) = (1)

lwv, lliwo,,

where wv,” and wy,, are the vector of p; and p,. In order to
allocate unseen word p, topical similarity between a word p
and topic K is calculated in (2). Topical correlation score is
calculated by

si(p) = 2Ty cor(p, ty) @)

where t;; denotes the top-ith word in topic k. s, (p) represent a
topical correlation score between topic k and word p. score

sk (p) obtains by averaging cor(p, ty;) in regard to top-n words.

We allocate unseen word to the highest value topic of topical
correlation score.

After unseen words are added to topic, we need to update
topic model, which is reflected blogposts. To do this, we
perform variational inference for conditional distribution of
topic given words [2]. Therefore, the conditional distribution of
Zgn 1s as:

q(zdn = klz—dnr de)
& (ZTA:ld:l l_[zdm=k +ak> exp{Eq(v) [IOgBkt]} (3)
m¥1l

where z_;, denotes words except wg,. q is a distribution. For
document d contains N; words, there are two cases to calculate
(2). First, if a word wy,, is existed in topic k, the conditional
distribution of a word is computed by:

Algorithm 1: Topic Expansion using Blogposts
Input : A broadcasting script set D,

Blogposts sets D}, DZ,..., DY
Output: Broadcasting contents topic T},

Learning initial topic T} from D;.

forn=1,...,Ndo
Select words sets p from Dj}.
fort=1,...,Tdo
if word p; is unseen word
fork=1,...,Kdo
| Calculate topical correlation S (p¢) using (2).
end
Allocate p; to highest value topic of S, (p;).
end if
end for
Update topic using (3).
end for
Return topic T

q(Zgn = k) x <Z¢]nd=1 bami + ak> : EXP{W(V}%w) + 25 ‘V(v’%s) -

m#1l

pie Lp(Vl%s + Vﬁs)} 4)

Second, for reflecting of unseen words into topic, we
calculate distribution of unseen words in topic. If a word wy,, is
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not exist in topic k, the conditional distribution of an unseen
word is computed by:

q(zgn = k) <Z¢Ind=1 Dami + ak) exp{ ("V(Vks) -

m#1

w(vis +vE))} )

The different between (4) and (5), reflecting unseen words or
not. This second process has repeated until all blogposts were
processed.

Algorithm 1 explains the proposed method in detail. This
algorithm takes a broadcasting script D and blogposts sets
{D},D%,..., D)} as input, and returns expanded topic T}. At
first, initial topic learning is performed using a broadcasting
script Dg. After that, at each n-th blogposts, word selection is
performed for every blogposts Dj . For each word p, in
blogposts Dy}, if a word p, is a unseen word, vocabulary
expansion is needed for allocating a word p;. For each topic k,
topical correlation similarity between p, and T} is calculated
by (2). In this calculation, top-i words in existing topic T} are
used for calculating with p,. Unseen word p, is allocated to the
highest value topic of Si(p;). After finishing expansion of
vocabularies, topic is updated using (3).

IV. EXPERIMENTS

A. Experiment Setting

For the experiments, two types of data set are used. First,
Korean drama script which is ‘I heard it by the grapevine, 6"
inning’ is used for initial topic learning. Second, blogposts are
collected from web. It was crawled by using given keywords,
which is name of drama and cast actor during 1 week after
broadcasting. For topic learning, a broadcasting script is
considered only dialogues. All of documents are extracted noun,
and remove stopwords.

Table I shows a statistics of data sets. In case of blogposts,
the total documents count is 72. The number of unique terms in
a broadcasting and blogposts is 303 and 1,206. The number of
duplicate words between two texts is 124. In broadcasting
script, percent of duplicate terms is 24%, which is contrasted
with blogposts. Here, we confirm that the word distribution
between two texts is different considerably.

The proposed model is compared with LDASTPt, LDAP!09
and LDA®, LDASCTPt and LDAP!9 used only a broadcasting
script and blogposts, respectively. LDA*! uses both a
broadcasting script and blogposts at the same time.

Derek et al. [9] measured the performance of topic model by
using coherence. We used TC-PMI, TC-W2V for measuring
coherence given topic K. In each topic, top-N words are
consider to measure coherence. TC-PMI measures topic
coherence by using Pointwise Mutual Information (PMI). PMI
is a measure of how much co-occurrence between two words
[10]. The intuition of using PMI is that many co-occurrences
between two words is likely to relate coherent topic. TC-PMI is
measured by

K N Jj-1

1
e = Y S
=1j=

2i=

p(Wkuij)
p(Wk.L) p(ij)

In TC-PML, the probability p(wy;) and p(w,,, wy,) are given
by

(Wap) = #docs(wy;)
PlWii) = #docs(*)
#docs(Wy;, W)
p(Wii Wi) = —— 5~

#docs(*)

where #docs(*) is the total number of documents and
#docs(wy;) is the number of document that contains wy; .
#docs(wy;, wij) is the number of document that contains both
Wy; and wy ;.

TABLEI
STATISTICS OF DATA SETS
# of # of unique # of terms Duplicate
documents terms terms
A Broadf:astmg | 303 498
Script 124
Blogposts 79 1517 5296

TC-W2V measures topic coherence by using Word2Vec.
The intuition of using Word2Vec is that whether discovered
topic is built semantically or not. TC-W2V is computed by

COT(ij,Wki)

For TC-W2V, word2vec score between wy ; and wy; in topic
k is calculated by cosine similarity in (2).

PMI is calculated from all of data, which are using in this
experiment. Word2Vec is built with 100 dimensions from
Korean Wikipedia dump. The number of topics K is 30 and N is
30.

B. Experimental Results and Discussion

Table II shows the result of topic coherence. As shown in this
table, topics of the proposed method are more coherent
compared to those of baselines. When learning topic only using
each broadcasting contents data, the performance of topic
coherence has lower than the proposed method. This means that
the proposed method represents high quality of topic.

In addition, LDA*" have the lowest coherence value in
TC-PMLI. This result means that topic model is hard to discover
topic when learning two data at the same time. LDA%!| LDAP!9
and LDA®°°"™® are processed under not online condition. As
shown in Table II, all the compare model has lower value than
proposed method. This means that online learning is better to
represent broadcasting contents when using a broadcasting
script and blogposts than LDA.

Another important thing is that unseen words allocate to
similar topics when blogposts added to existing topic for topic
learning. In TC-W2V results, all the LDA model has less
coherent compared with proposed method. This result proves
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that the proposed method reflects unseen words semantically.

TABLE I
THE RESULT OF TOPIC COHERENCE

TC-PMI TC-W2V

LDA% 3.2666 0.0436
LDAPt0g 3.2953 0.0434
LDAscrivt 3.6371 0.0378

Proposed method 3.8954 0.0533

V.CONCLUSION

This paper has proposed a method of topic model for
broadcasting contents using semantic correlation information.
In our work, for making salient topics with regard to
broadcasting contents, we represent topic, which are obtained
from both a broadcasting script and blogposts. The main
advantage of our method is to reflecting semantically when
unseen words are added in online learning process. The
evaluation of the proposed method was measured by topical
coherence. The performance of this model is outstanding
compared with other LDA model where condition of various
data. It proves that the proposed method can be to discover
salient topics of broadcasting contents.
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