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tl;dr: How to effectively transfer function-space priors into BNNs?

Problem: Real priors are not nice Regression
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Adapted from GPs for ML (Carl Edward Rasmussen, Christopher K. I. Williams, 2006)
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function-space view — smoothness and interpretability

prior p( /1) + likelihood p(y| /', z) + data {x,y}
— posterior p(f'{z,y})

How to find such function-space priors?

Wide BNINs are GPs!

Gaussian Processes:
f(x) ~ GP(m(z), k(x, 2')),

where the kernel x(z,2’) governs the properties of f(x) By detault the BNNs are not preserving the stationarity of GPs.
However: appropriate activation (periodic) — stationarity!

BNN corresponds to a GP (-, x): mff(x,x’) = Cov(fl(x), f'(2")),
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©Problem: GP — BNN (identify ' given k')

) p(x|n) = BE, A; cos(2mipi) + ZszlAj sin(2m;x), where n = {4, A, ¥,, A}

Enforcing function-space GP Priors in BNNs

In three simple steps: o Function-space priors improve BNNs
o Reparameterize priors and activation: o Learnable activations enable better fits
p(w, b|\) = N(w|0, diag(oy,))N (b0, diag(op)), o(-|n) o Inductive biases (e.g. stationarity) can
o Optimize a distributional divergence between a GP and a BNN: be enforced by tailored activations
N = argminy X xpy D(pnn(f(X|N)), pp(f1(X))), where X = {0y, 00, 1} o Model selection is enabled by
o Use closed-form 2-\Wasserstein divergence between two Gaussians: conditioning activations
D = || — pol[3 4 Tr (S + B2 — 20v/Si5ov/Sy) e Optimal transport with closed-form

2-\W divergence helps optimization


https://arxiv.org/abs/2410.15777
https://github.com/gmum/bnn-functional-priors/

