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Abstract Dialogue Programs have improved their performances by using GPU and Servers. But, their characters are low
diversity and there aren’t services to create their programs for users. So, we pay attention to Desktop Mascots that were created
for users and high diversity and try to solve this problem by incorporating dialogue technology into these Desktop Mascot.

As a starting point, we decided to conduct Emotional learnings and Comparative Experiences LSTM and GRU.
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