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Abstract—Tile art made by assembling small pieces of tiles
is one of the artistic techniques. Tile art image generation is
generating a tile art image that resembles a given digital photos
and illustrations on the computer. In our previous work, we
proposed a tile art image generation method using conditional
generative adversarial networks. This method can generate a tile
art image only by inference computation of the trained network.
However, in generated tile art images, some tiles have noises and
lack of edges. The main contribution of this work is to show a
quality improvement technique of the generated tile art image
using iterative inference. In this technique, the generated tile
art image is given to the trained generator again as an input
image, and this iteration of inference is repeated several times.
As a result, the generated tile art images obtained by iterative
inference technique have less noise and clearer edges of tiles.

Index Terms—tile art, machine learning, conditional GAN
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