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Gaussian Process hyperparameter learning
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How do early-truncation procedures affect GP learning?

Loss = model complexity + fitting error



Thm |: CG underfits the data

Loss = model complexity + fitting error

Theorem 1. Let uj and vy be the estimates of yTK;é(y
and log |Kxx | respectively after J iterations of CG; i.e.:

uy=y' (Z;;]:l%:dz') vy = ||z]%ef (IOg Té‘])) e;.

If J < N, CG underestimates the inverse quadratic term
and overestimates the log determinant in expectation:

us <y Kxkxy, Ealvs] >log|Kxx|. (9

The biases of both terms decay at a rate of O(C —2), where
C' is a constant that depends on the conditioning of Kxx.
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Thm |: CG underfits the data

Loss = model complexity + fitting error
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Thm 2: RFF overfits the data

Loss =

model complexity + fitting error

Random Fourier Features (RFF)
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Theorem 2. Let K 7 be the RFF approximation with J/2

random features. In expectation, K j overestimates the
inverse quadratic and underestimates the log determinant:

P (w) [yTﬁjly] > YTIA()_&Y (10)

EIP’(w) [lOg |RJ|] < log |Kxx|. (11)

The biases of both terms decay at a rate of O(1/J).



Thm 2: RFF overfits the data

Loss = model complexity + fitting error

Random Fourier Features (RFF)
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overestimation

Theorem 2. Let K 7 be the RFF approximation with J /2

random features. In expectation, K j overestimates the
inverse quadratic and underestimates the log determinant:

P () [yTK} 1y] >y ' Kxxy

*:IP’(w) [lOg |RJ|] < log |KXX|-

The biases of both terms decay at a rate of O(1/J).
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Our method: Bias elimination via randomized truncation

computation VS _bias A0Ce

yare
Random Fourier Conjugate
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Single Sample RFF Russian Roulette CG
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Adams, 2018 o d. 2018, Chen et al., 2019
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Our method: Bias elimination via randomized truncation

Loss =

Random Fourier Features (RFF)
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Conjugate Gradients (CG)
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Our method: Bias elimination via randomized truncation

Loss

model complexity + fitting error

Random Fourier Features (RFF)
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state-of-the-art performance on large-scale datasets with O(N°) computation
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RR-CG achieves superior loss values
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SS-RFF achieves superior loss values
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slow convergence on large-scale datasets due to auxiliary variance



What did we discover?

novel method to
eliminate the biases via
randomized truncations

proving systematic
biases in scalable GPs

https://github.com/cunningham-lab/RTGPS



