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LATENT-VARIABLE DEEP GAUSSIAN PROCESSES

Conventional Deep GPs (Damianou et al., [2013]; Salimbeni et al. [2017])
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LATENT-VARIABLE DEEP GAUSSIAN PROCESSES

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

Latent-Variable Deep GPs (Salimbeni et al. [2018])
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LATENT-VARIABLE DEEP GAUSSIAN PROCESSES

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

Latent-Variable Deep GPs (Salimbeni et al. [2018])
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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

Variational Objective (Salimbeni et al. [2018])
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LATENT-VARIABLE DEEP GAUSSIAN PROCESSES

2-Layer Latent-Variable Deep GP Model 

Variational Objective (Salimbeni et al. [2018])
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MAIN RESULT: SNR DECREASES AS K INCREASES

Assume mild regularity conditions and let  

                                                               . 

Then, the signal-to-noise ratio of gradient estimator              is
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EMPIRICAL CONFIRMATION OF SNR DETERIORATION

‣ Gradient Estimate 

‣ Signal-to-Noise Ratio
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EMPIRICAL CONFIRMATION OF SNR DETERIORATION

‣ Gradient Estimate 

‣ Signal-to-Noise Ratio
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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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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]:

‣ More importance samples K      higher SNR
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FIXING THE PATHOLOGY: EMPIRICAL CONFIRMATION
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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
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Improvement in Predictive Performance



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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