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On-Line Topic Segmentation Using Convolutional Neural Networks

+ T+
Gyoung Ho Lee - Kong Joo Lee
ABSTRACT
A topic segmentation module is to divide statements or conversations into certain topic units. Until now, topic segmentation has
progressed in the direction of finding an optimized set of segments for a whole document, considering it all together. However, some
applications need topic segmentation for a part of document which is not finished yet. In this paper, we propose a model to perform topic
segmentation during the progress of the statement with a supervised learning model that uses a convolution neural network. In order to
show the effectiveness of our model, we perform experiments of topic segmentation both on-line status and off-line status using C99
algorithm. We can see that our model achieves 17.8 and 11.95 of Pk score, respectively,
Keywords : Topic Segmentation, Convolutional Neural Network
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Table 3. Examples of Training Data
Type Example
0,0,0 - After studying at the Brighton School of Art, she had her first solo exhibition in 1953 at the Kensington Art Gallery.
- She married Lawrence Alloway, a curator and art critic, before moving to the United States in 1961.
- The following year, Alloway became a curator at the Solomon R. Guggenheim Museum.
- Around 1970, from feminist principles, she painted a series of works reversing stereotypical artistic themes by
featuring nude men in poses that were traditionally associated with women.
0,1,0 - After they finish the upper Secondary program, students may choose to attend a Tertiary school or continue their
apprenticeship.
- During the 2010-11 school year, there were a total of 18 students attending one class in Surpierre.
- Later that month he scored the winning penalty as Rovers put Premiership Everton out of the League Cup.
- His time with Rovers was disrupted by injuries, and he left in September 2002 when his contract was terminated for
"gross misconduct’ involving an 'incident at a gym’.
1,11 - L'Isle-Adam is a commune and town in north central Val-d'Oise.
- Prior to entering Parliament, he was the National Secretary of the Australian Workers’” Union from 2001 to 2007.
- The "Tangerines” were relegated out of the Second Division at the end of the 1977 - 78 season.
- Desaster are a black/thrash metal band formed in Koblenz, Germany in 1988.
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Table 6. Results of Other Researches

Type 0C99 oC9tf oC99tfidf
3-11 15.56 1491 1478
3-5 14.22 12.14 10.27
6-8 12.20 13.17 12.23
9-11 11.59 14.60 15.87
Avg 13.40 137 13.29
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