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Predictive coding and VAEs share a common origin, . , L.
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backgroun:

Latent Variable Models Backpropagation within Neurons
observations x model pg(x,z) = pg(X|z)py(z) ¢ if a deep network is analogous to an individual neuron, then backprop-like
latent variables z mechanisms may occur within neurons
Credit assignment in networks using local - —
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Variational Inference prediction error signals S R N
approx. posterior q(z|X) < argmax £L(X;q,6) ;
q e.g., larget Prop. [Bengio, 2014, Lee et al., 2015]
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Predictive Coding [Rao & Ballard, 1999; Friston, 2005]: — non-linear dendritic computation ‘ 84-8:_8 3P
® cortex constructs a generative model of sensory inputs, and — backpropagating action potentials 84'0 ©
* uses approximate inference to perform state estimation.
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Hierarchical latent Gaussian model: Normalizing Flows through Lateral Inhibition

Po(2e|2o41) = N(2e; o 0(Zo11), Xp 0) e complex probability distributions with tractable sampling and evaluation

po(x|z1) = N (x; o x(21), Xx) 17b) Basic Form:
Gradient-based variational inference: ,' po (x|2) base distribution pg(u) change of variables formula
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Variational Autoencoders [Kingma & Welling, 2014; Rezende et al., 2014]: Inverse transtorm: u; = B(v;) Yoo
e parameterize conditional probabilities with deep networks, and | | o | = | @ -
* [earn to perform variational inference optimization (amortization). This basic normalization scheme is found in B
retina, thalamus, cortex, central pattern generators, etc. | !
Deep networks:
e.g., Mo,e(ze+1) = NNg o(2o41) Attention via Precision-Weighting
Amortized variational inference: * prediction precision provides a mechanism for attention [Spratling, 2008]
direct prg < NNy (x) higher precision => larger loss contribution => larger ‘attentional” weight
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Reparameterization:
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may prove usetul for integrating latent O
: . . variable models with supervised tasks
direct iterative

and reinforcement learning




