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Abstract Experimental Results

Few-shot font generation aims to create new fonts with a limited number of glyph » Quantitative comparison results

references. It can be used to greatly reduce the labour cost of manual font design.
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new font generation framework that facilitates accurate style transfer while
preserving glyph integrity.

» We embed adaptive convolutions within the content encoder, enabling dynamic
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(a) Glyph Feature Decomposing Network (b) Global Contextual Feature Modelling Module

Figure 2: The architecture of glyph feature decomposing network and global
contextual feature modelling module in GC-Font model.
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