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Dataset
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Deep learning
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TRAINING in a loop: from the difference between actual and wished
outputs, we derive how to modify the model weights to decrease it




Autoencoder
Y AX A ¥4

- St
YINX Y4

We wish to get on output the same images as on input.
Is it useful for something? Oh, yes, it Is.




Autoencoder architecture
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If we successfully train the autoencoder, the feature vectors in the
latent space have to contain the same information images from the
dataset. We can split the network into encoder and decoder now.
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Datasets have many parameters
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Annotations do not fully describe the images
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Generated datasets have a very exact
and low number of parameters
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Annotations do fully describe the images




Parametric Lindenmayer systems

e can generate Image datasets from a few parameters
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rose leaves [Prusinkiewicz, Lindenmayer 1990]
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We have Investigated:

2. Can we create a neural network that generates
the same images as the Lindenmayer system?

3. And could a neural network make the images
from the parameters of the Lindenmayer

system?
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We have trained autoencoder
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test accuracy 98,6%
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convolutional layers — regression some paramaters of LS
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Can we create a neural network that generates

the same images as the Lindenmayer system?
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from the parameters of the Lindenmayer system?
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Implementation details

-.I.'\ A Keras Oo & python’

Tensor OpenCV

https://github.com/andylucny/
On-Lindenmayer-Systems-and-Autoencoders.git
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Further development
Autoencoder architecture for higher image resolution
Not only binary images
Reduction of the latent space dimension

Further investigation and better visualization of the
latent space

A simpler network for generation from parameters
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Thank you!
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