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Proposed Method
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We aim to learn font representation to explore vast font styles.

Preliminary

* A glyph (g) is an image form of a character that has a specific style in a font.
« A font (f) is a matching style set of glyphs.
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The loss is derived from “the normalized temperature-
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Attribute Prediction [4, 24]
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Performance evaluation (MACC and Font attribute prediction) on the Capitals64
dataset. Font attribute prediction is evaluated on O’'Donovan dataset with L1 error.
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Image L1-error measured in (a) font style transfer and (b) font generation with the OFL dataset pretrained and
random initialization.
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