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Abstract

This research intends to build a deep learning model for font style transfer. We use Conditional
GAN as a primitive model and apply the pix2pix model and other methods to determine their
effects for the sake of optimizing the output of our model.

The first step is to transfer the truetype file into jpeg to input into the model. Then we build the
basic Conditional GAN model using generator and discriminator and apply several methods like
U-Net and Category Embedding to determine their effects. Lastly, we compare the results of
integral pix2pix model and CycleGAN model.

From the results, we find that U-Net and Category Embedding can both help the model to
make better output. Besides, the pix2pix model does better for similar font styles. As for two
disparate font styles, a better way is to use apply Category Embedding and more fonts to the model

to gain better outputs.
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(Fi) Cycle-Consistent Adversarial Networks ( CycleGAN)
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