
Appendix

A Large Scale and Numerical Instability Issue

To deal with large scale data and avoid numerical instabilities, we deploy several tricks to speed up
our implementation.

• First, we use incomplete Cholesky factorization [1] to obtain a low rank decomposition,
then apply singular value decomposition (SVD) to the low rank matrix to fast obtain a
stable inverse of kernel matrix, which is singular and therefore close to lowrank. After
SVD, we project u and b down to the lower dimension, which also reduces computational
complexity.
• Secondly, we don’t store Fourier transformation matrix B but use fft() function in MAT-

LAB to directly derive the Fourier transformation.
• Thirdly, based on the observation that the prior covariance matrix is extremely sparse or

smooth, we trim all input dimensions by removing those corresponding to the small values
of Cs and Cf .
• Moreover, we formulate the objective in a more delicate way so that the largest rank of

matrices in log p(u|y, X,θ) is upper bounded by min(rank(Cs), rank(Cf )), which is
extremely small when the weight space is very smooth. Therefore when either is sparse
enough, the entire computation would be fast and efficient.
With these methods, the algorithm becomes scalable for large scale and high dimensional
datasets.

B Derivatives of sDRD Using Primal Formulation

By Bayes’ rule the posterior over the latent variable u is given by p(u|y, X,θ) =
p(u|θ)p(y|X,u,θ)/p(y|X,θ), but as p(y|X,θ) is independent of u, we need only to consider
the un-normalized posterior when maximizing w.r.t. u. Similarly, maximizing p(y|X,θ) =
p(µu|θ)p(y|µu, X,θ)/p(µu|y, X) with respect to θ equals to maximizing p(µu|θ)p(y|µu, X,θ).
Taking the logarithm of p(u|y, X,θ) and using the primal formulation gives

log p(u|y, X,θ) = log p(y|X,u,θf , σ2) + log p(u|θs) + const (1)
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where S = Z>Z + σ2I .

The largest rank of matrices in log p(u|y, X,θ) is upper bounded by min(rank(Cs), rank(Cf )).
Therefore when either is sparse enough, the entire computation would be fast and efficient.

The first derivative of log p(u|y, X,θ) with regard to u is given by:
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The first derivative of log p(y|X,θ,µu) with regard to θ is given by:
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We also compute the Hessian matrix of log p(u|y, X,θ) for Λu. The second derivative with regard
to u is given by:
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