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1. Gaussian Process Regression 2. Optimization-based Learning

3. Illustrative Visualizations

μf |y( ⋅ ) = K(⋅)x(Kxx + σ2I)−1y kf |y( ⋅ , ⋅′ ) = K(⋅,⋅′ ) − K(⋅)x(Kxx + σ2I)−1Kx(⋅′ )

x ∈ XN, y ∈ ℝN

( f |y)( ⋅ ) = f ( ⋅ ) + K(⋅)x(Kxx + σ2I)−1(y − f (x) − ϵ) f ∼ GP( ⋅ |0, k)
ϵ ∼ 𝒩( ⋅ |0, σ2I )= α*

α* = arg min
α∈ℝN
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Estimate with mini-batches

Estimate with random features
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4. Large-scale Experiments
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