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overview connections

predictive coding and VAEs both (typically) consider
¢ |atent Gaussian models
¢ variational inference
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Predictive Coding // VAEs

Predictive Coding and Variational Autoencoders (VAEs) are highly related,
providing a conceptual bridge between neuroscience and machine learning.

Traversing this bridge implies surprising,
new correspondences between these areas.
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* model cortical hierarchy as a generative latent Gaussian model
* use prediction errors to update perceptual estimates (see below)
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