On gradient regularizers for MMD GANSs

Michael Arbel'”, Dougal J. Sutherland!”, Mikolaj Binkowski? and Arthur Gretton!
o 1 : . . . . 5 _ _
|mper|a| College Gatsby Computational Neuroscience Unit, University College London Department of Mathematics, Imperial College London

"Equal contribution
London |

Experimental Comparison

v MMD-based losses for implicit generative models are effective and principled. Dmwmp not continuous / differentiable in general:

X Previous approaches have bad topological properties.
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