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Background Proposed ST-VAE Method Experiments

We train on COCO [1].
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Can we find a projection process P that can transfer feature from nonlinear

to linear correlation? | 2 1s a covariance matrix between style and content features that can be learned by
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During testing, Variational latent space based linear
transformation with extra P to project

Variational AutoEncoders: compress the input information into a
constrained multivariate latent distribution (encoding) to reconstruct it as
accurately as possible (decoding)
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can use linear computation to manipulate the features



