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GAN-based Automatic Font Generation System
Reflecting Voice Emotions
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Abstract: In TV shows and video distribution services, various texts are devised and used in subtitles to express the emotions
the media wants to convey. However, in order to generate such emotional text, complex information such as the font and color of
the texts needs to be determined, thus requiring a high degree of professionalism. Therefore, in this research, in order to support
the design of fonts that are considered to require special expertise, we utilize an adversarial generative network (GAN) to learn
the relationship between fonts and emotions contained in voice, and construct an automatic font generation system that reflects

voice emotion.
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