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LATENT-VARIABLE DEEP GAUSSIAN PROCESSES

Conventional Deep GPs (Damianou et al., [2013]; Salimbeni et al. [2017])

y, = ) (f(L—l) ( M (xn)> ) +en en ~ N (0,0°1)
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Conventional Deep GPs (Damianou et al., [2013]; Salimbeni et al. [2017])
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Latent-Variable Deep GPs (salimbeni et al. [2018])
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Latent Variable



LATENT-VARIABLE DEEP GAUSSIAN PROCESSES

2-Layer Latent-Variable Deep GP Model
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LATENT-VARIABLE DEEP GAUSSIAN PROCESSES

2-Layer Latent-Variable Deep GP Model
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Variational Objective (Salimbeni et al. [2018])
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LATENT-VARIABLE DEEP GAUSSIAN PROCESSES

2-Layer Latent-Variable Deep GP Model
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Variational Objective (Salimbeni et al. [2018])
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MAIN RESULT: SNR DECREASES AS K INCREASES

Theorem 1. \

Assume mild regularity conditions and let
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EMPIRICAL CONFIRMATION OF SNR DETERIORATION

SNR = 0.052

» Gradient Estimate ”
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EMPIRICAL CONFIRMATION OF SNR DETERIORATION

Zero Mean

v v

SNR = 0.052
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EMPIRICAL CONFIRMATION OF SNR DETERIORATION

SNR = 0.046
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SIGNAL-TO-NOISE RATIO ISSUES IN DEEP GPS

Empirical Confirmation of SNR Deterioration
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SIGNAL-TO-NOISE RATIO ISSUES IN DEEP GPS

Empirical Confirmation of SNR Deterioration
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FIXING THE PATHOLOGY

Deep GP Doubly Reparameterized Gradient Estimator



FIXING THE PATHOLOGY

Deep GP Doubly Reparameterized Gradient Estimator
» Adapted to deep GPs from Tucker et al. [2018]:
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FIXING THE PATHOLOGY

Deep GP Doubly Reparameterized Gradient Estimator
» Adapted to deep GPs from Tucker et al. [2018]:

2
&DGP (¢) d:ef i f: EK: Wn m. k 6’log Wn m. k 8Zn,fm,lc
™ML H M ZK aZn,nz,lc 6¢

j=1 Wn,m,j

» More importance samples K — higher SNR



FIXING THE PATHOLOGY: EMPIRICAL CONFIRMATION
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FIXING THE PATHOLOGY: EMPIRICAL CONFIRMATION
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FIXING THE PATHOLOGY: EMPIRICAL CONFIRMATION

Improvement in Predictive Performance

Train ELBO (K = 50) Test log-likelihood
Dataset REG DREG REG DREG Wilcoxon Test
Mean SE Mean SE Mean SE Mean SE p-value
forest -97.56 (11.04) -92.53 (10.42) 0.59 (0.08) 0.63 (0.08) 0.1%
solar 1657.41 (27.56) 1707.75 (42.20) 2.33 (0.17) 2.57 (0.11) 2.8%
pol 34610.49 (66.18) 34665.08 (70.34) 2.99 (0.01) 2.99 (0.01) 24.7%
power 1510.50 (10.62) 1515.60 (10.16) 0.21 (0.01) 0.21 (0.01) 67.3%
winewhite -4701.26 (4.92) -4703.14 (4.98) -1.11 (0.01) -1.11 (0.01) 50.0%
winered 447.91 (249.81) 314.75 (216.32) 0.57 (0.27) 0.61 (0.20) 41.1%

Across Datasets: 1.2%
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ON SNR ISSUES IN VARIATIONAL INFERENCE FOR DEEP GPs

Summary
» Deteriorating gradient SNR in variational inference for deep GPs.
» Fixing the SNR deterioration leads to improved performance.

» Improvement comes at no additional computational cost.
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