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1.Kuzushiji character generation from source
modern font characters
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2. Comparison

Input Text

Kuzushiji is an informal cursive

handwriting in ancient Japan.

Source

 Transfer modern font to vector-
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Input Style

Output Text

Ours

based Kuzushiji font.
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Generates cleaner and more structurally accurate glyphs

Methodology
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Our results have achieved an improvement of more

« We propose a novel model to generate vector :
than 6% in LPIPS, SSIM, and FID

Kuzushiji characters using a few reference images

Full model can generates cleaner and more structurally
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4. Other Results

The performance of our model in other languages

Main Loss Functions

1.Style Loss: mean squared error from style images
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Convey semantic concepts from the prompt to the images

5. Future Work
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« Adding other texture modules to improve the result’s
similarity.

4.Point Min Distance Loss:
« Increase the variety of different Kuzushiji work

Make the distances of each point change gradually
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