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Coevolutionary GANs Training to Foster Diversity .-
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* Simultaneous gradient updates in GAN training lead to
unstable dynamics

 Similar degenerate behaviors have been studied by the
coevolutionary computing for minimax optimization

— Mode Collapse <> Focusing
— Discriminator Collapse <> Relativism
— Vanishing Gradients < Loss of Gradients
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 Supplementing GAN training with established
coevolutionary techniques proposed to address the
unstable dynamics
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MUSTANGS: DISTRIBUTED COEVOLUTIONARY GANs TRAINING

Lipizzaner is a distributed, coevolutionary framework to simultaneously train multiple GANs with gradient-
based optimizers
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Near linear training times
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