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Perlin + transform [1] + + + + - - +
CNN [2] - - - - + - -
CNN + diversity [3] + - - - - - -
MLP [4] - - + + - - +
Ours + position - + + + + + +
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• Input is a 2D texture which is captured by an implicit field, i.e. we can 
sample a new texture independent of spatial resolution and shape. 

• Output is a space of 2D or 3D textures with following characteristics:
  Complete | Generative | Interpolatable | Continuous domain
  Diverse | Infinite zoom | Computationally efficient | Compact
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