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Abstract— We propose a clip recommendation technology based 
on topic similarity. Topics of a clip can represent semantics of each 
contents. When the topic distributions for clips are similar, it 
means they are alike. In this paper, we propose a system to learn 
topic distributions for broadcast contents and link clips based on 
topics similarity of each clip. The higher the similarity is among 
the clips, the higher the semantic is among them. This system can 
be adopted clip recommendation with audiences viewing history 
and their interest. 
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I. INTRODUCTION 
With the advent of the mobile era, there have been many 

changes in the production, distribution, and consumption 
ecosystems of broadcast contents. Most of audiences no longer 
consume media in fixed location and consumes only a part of 
video rather than the whole broadcast contents. A part of the 
video is called a clip. It is natural in mobile environment. They 
do not have much time to watch the whole contents and it 
requires a large amount of mobile data. The continuing strength 
of this mobile platform and the content segmentation 
phenomenon are also affecting service area and research area 
which share and connect to broadcast contents[1]. Naver and 
Kakao are providing VoD clip service. In order to provide this 
service, content providers manually divide the content into clips 
and tag metadata with the tool.  

 
Figure 1. An examples of VoD clip service 

Until now, many researches for broadcast contents or 
movies had focused on video search or recommendation from a 
large amount of video. They have analyzed subject of content 
such as synopsis, genre, director, actor, year of production, etc. 
They have achieved good results in searching and 
recommending videos. However, according to the change of the 
media consumption behavior, it is needed to recommend clips 
according user interests or behaviours. Topic model is a 
technology to discover semantics of a document by analysing 

unstructured and a vast amount of text. It has been used in text 
mining and language model widely. H. Jeon et al. propose 
language model based on topic model of LDA for automatic 
transcription tasks[2]. It is also possible to automatically 
generate and expand metadata for broadcast contents with topic 
model. A study on the metadata generation for broadcasting 
contents uses the text data related to the contents to generate 
topics[3]. However, because this study only adopted metadata 
generation for whole contents, there is a limit to use clip search 
and recommendation. In this paper, to overcome this limit, we 
propose a system for clip recommendation based on topic 
similarity. We learn closed cation for a whole broadcast content 
and segments of them, clips and generate topic distributions for 
them. Topics for the clip generated by closed caption can 
represent semantics of each clip. Therefore, when the topic 
distributions among clips are similar, it is possible to infer that 
semantic of the clips is alike. We also describe a service that 
generates topics for real broadcasting contents and analyses their 
similarities to recommend clips. 

II. CLIP RECOMMENDATION BASED ON TOPIC SIMILARITY 
In order to reflect trend of clip consumption, we 

automatically divide broadcast contents into semantic units and 
call them 'scenes'. Scenes are almost same clips. To generate 
scenes, we first make shots that are very short-term videos. And 
then, they are rearranged with the similarity of video, audio, and 
text features. Also, it must be considered start and end time of 
each shot. We finally generate scenes with continuous shots[4]. 
In particular, each scene can have closed caption that is included 
in a scene. It is used to learn topic distribution for the scene later.  

To learn topic distribution for contents, it needs text data 
associated with them. Scripts or closed captions will be used 
directly and news and blogs will be used indirectly[5]. The script 
is a very best document to acquire semantics of broadcast 
contents. But it has limits. It does not synchronize with the 
broadcast content and there is no standardized format of the 
script. These limits require much pre-processing effort. On the 
other hand, closed captions have synchronized text data with the 
video, and most of broadcast stations make closed captions 
almost in real time. But, the closed caption has a limit, too. It has 
no sufficient text data such time, place, situation, actor, and so 
on. We select closed caption that is synchronized with the video, 
because we need start and end time information of scenes. In this 
paper, the system learns closed caption of an episode unit and 
generates topic model for the episode. It learns topic 
distributions of scene with topics for the episode and scenes 
delivered from automatic scene generator. The system uses a 
nonparametric model, HDP (Hierarchical Dirichlet Process) to 
learn topic model for each episode and scenes. The HDP is 
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Figure 2. System architecture 

approach to clustering grouped data. It uses a Dirichlet process 
for each group of data, with the Dirichlet processes for all groups 
sharing a base distribution which is itself drawn from a Dirichlet 
process[6]. In this system, closed caption is clustering grouped 
data. Each group of data is caption in each scene.  With HDP, 
we learn topic distributions for episode and scenes.  

Figure 2 shows the system architecture to analyze similarity 
among all scenes. The system generates topic model for episode 
and scenes. After learning topic model for them, it extracts 
keywords of scenes. Keywords are extracted with topic 

distribution of scene, word per topic, probability of word[7].  
Scene keywords are stored in files and DB. When new scene 
keywords are extracted, scene keywords are calculated 
similarity with old scenes’ keywords value and keywords 

probability. By using inverted index of scene keywords, the 
similarity is calculated only if the two scenes have one or more 
same keyword.  

We experiment with TV show of TVN, A mysterious and 
miscellaneous dictionary. For example, 1st episode has 40 
scenes and generates 39 topics.  Figure 3 is topic distributions 
of 5th scene in episode 1. The scene has 5 topics and 
probabilities.  Figure 4 is a part of the scene keywords. It has 
35 scene keywords, weight and NER. Scene topics and scene 
keywords can represent semantics of the scene. After the 
system store scene topics and keywords, the system calculates 
cosine similarity with topic distributions of scene, scene 
keywords and keyword’s weight among all scenes.  

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑆𝑆𝐶𝐶𝑆𝑆𝐶𝐶𝑆𝑆𝑆𝑆𝑆𝑆𝐶𝐶𝑆𝑆𝑆𝑆(𝑆𝑆𝑆𝑆����⃗ , 𝑆𝑆𝑆𝑆����⃗ )   =  
𝑆𝑆𝑆𝑆����⃗  ×  𝑆𝑆𝑆𝑆����⃗

� 𝑆𝑆𝑆𝑆����⃗  �  ×  � 𝑆𝑆𝑆𝑆����⃗   �
 

Sa and Sb are probabilities of scene topics and weights of 
scene keywords between scene A and scene B. Table 1 shows 
a similar rank for 5th scene in episode 1. #s is episode ID/scene 
ID. According to the experimental results, most similar scenes 
are within the same episode. However, it confirms that the 
scenes of other episodes are ranked at the top. The top ranked 
scene contains that people are talking about breakfast, food 
ingredients, food history etc. 

TABLE 1. TOP 10 SIMILAR SCENES OF 5TH SCENE IN EPISODE 1 

 
KBS has produced pilot service, clip recommendation based 

on topic similarity. Figure 5 shows the screen of the service, 
TVUT. In this service, KBS had served clip recommendation 
with ‘Mysteries of the Human Body’ by using a second screen  

  
Figure 3. An examples of topic 

distribution for a scene 
Figure 4. A part of scene 

keywords 

 Top 10 rank 
1 2 3 4 5 6 7 8 9 10 

s# 1/5 1/17 1/24 1/26 5/17 9/31 1/1 2/7 1/32 2/13 
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Figure 5. KBS Pilot service for clips recommendation  

service. To suggest related scenes to audiences based on topical 
relevances, our system supplies information like topics belong 
to a scene, similar topics in other scenes, and rankings of scenes 
based on topic similarities. 

III. CONCLUSIONS 
In this paper, we proposed a system for clip recommendation 

based on topic similarity. We generated topic model for 
broadcast content and clips with closed caption. With topic 
distributions of clips, the system linked them based on scenes 
similarity. This system can be adopted clip recommendation 
with audiences viewing history and their interest. We also 
described a service that generates topics of real broadcasting 
contents and analysed their similarities to recommend clips. 
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