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BAYESIAN DEEP LEARNING

Classification 
‣ Bayesian Neural Networks

Regression 
‣ Deep Gaussian processes (DGPs)
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Figure 1. Retina scans for diabetic retinopathy diagnosis.1 Figure 2. Complex, multi-modal deep GP posterior.2
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DEEP GP REGRESSION

Shortcomings 
‣ Reliant on “local” approximations 

based on “inducing points”


‣ Scales quadratically in the number 
of local approximations


‣ Does not capture any global 
structure in the data



Global structure in data 

Figure 3. Multi-step function.
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INTER-DOMAIN DEEP GAUSSIAN PROCESSES



BACKGROUND: DEEP GPS

Deep Gaussian Processes 
‣ Deep Gaussian processes with  layers


 

‣Exact inference in this model is intractable 

‣Requires approximate inference

L

y = f (L) + ✏ = f (L)
⇣
f (L�1)(. . . f(X)) . . .

⌘
+ ✏



BACKGROUND: INDUCING POINT APPROXIMATIONS

Variational Inference via Local Approximations 

‣ Define inducing variables


 

‣ Construct operators


               

‣ Compute posterior predictive distribution

u(z) = f(z)

Kfu = K(X,Z) Kuu ⌘ K(Z,Z)

1 Michalis K. Titsias. Variational Learning of Inducing Variables in Sparse Gaussian Processes. In AISTATS 2009.
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‣Local inducing variables
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INFERENCE VIA GLOBAL APPROXIMATION

RKHS Fourier Features 

‣ Define truncated Fourier basis:


     

‣ Inter-domain operators


 

     
contain information about global structure4

�(x) = [1, cos (!1(x� a)) , . . . , cos (!M (x� a)) , sin (!1(x� a)) , . . . , sin (!M (x� a))]>

K�
fu = �(X)

K�
uu = h�,�i

H

4 James Hensman, Nicolas Durrande, and Arno Solin. Variational Fourier features for Gaussian processes. Journal of Machine Learning Research 2018.



LEVERAGING GLOBAL STRUCTURE

How can we use inter-domain transformations? 

‣ Damianou & Lawrence (2013)2 construct posterior from:


 

Z
K�>

f`u`q
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f (`)n
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LEVERAGING GLOBAL STRUCTURE

How can we use inter-domain transformations? 

‣ Damianou & Lawrence (2013)2 construct posterior from:


 

Z
K�>

f`u`q
⇣
f (`)n

⌘
df (`)n

Hard to compute!

2 Andreas Damianou and Neil Lawrence. Deep Gaussian processes. In AISTATS 2013.



Can we do better? Yes! 

‣ Use different factorization of variational posterior


‣ Doubly stochastic variational inference (DSVI)3:


 
   with 

 

q

✓n
F(`)

oL

`=1

◆
=

LY

`=1

N
⇣
F(`)| em(`), eS(`)

⌘

em
⇣
F(`)

⌘
⌘ mf` �Kf`u`K�1

u`u`

⇣
µ(`) �mu`

⌘

eS
⇣
F(`),F(`)

⌘
⌘ Kf`f` �Kf`u`K

�1

u`u`

⇣
Ku`u` �⌃(`)

⌘
K

�1

u`u`Ku`f`

INFERENCE VIA GLOBAL APPROXIMATION

3 Hugh Salimbeni and Marc Deisenroth. Doubly Stochastic Variational Inference for Deep Gaussian Processes. In NeurIPS 2017.
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Inter-domain Deep GP approximate posterior 

‣ Use inter-domain operators         and         as drop-in replacements


‣ Posterior predictive distribution under DSVI3:
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EMPIRICAL EVALUATION
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Figure 6. Comparison of posterior predictive distributions. The global approximation (right) captures the global structure, 
whereas the local approximation (left) is not.



°1

0

1

O
ut

pu
t

L
ay

er
0.0 0.2 0.4 0.6 0.8 1.0

°1

0

1

In
te

rm
ed

ia
te

L
ay

er

°1

0

1

O
ut

pu
t

L
ay

er

0.0 0.2 0.4 0.6 0.8 1.0
°2.5

0.0

2.5

5.0

In
te

rm
ed

ia
te

L
ay

er
EXPERIMENT: MULTI-STEP FUNCTION

Deep GP

(Global Approximation)

Deep GP

(Local Approximation)

Figure 6. Comparison of posterior predictive distributions. The global approximation (right) captures the global structure, 
whereas the local approximation (left) is not.



°1

0

1

O
ut

pu
t

L
ay

er
0.0 0.2 0.4 0.6 0.8 1.0

°1

0

1

In
te

rm
ed

ia
te

L
ay

er

°1

0

1

O
ut

pu
t

L
ay

er
0.0 0.2 0.4 0.6 0.8 1.0

°1

0

1

In
te

rm
ed

ia
te

L
ay

er

°1

0

1

O
ut

pu
t

L
ay

er

0.0 0.2 0.4 0.6 0.8 1.0
°2.5

0.0

2.5

5.0

In
te

rm
ed

ia
te

L
ay

er
EXPERIMENT: MULTI-STEP FUNCTION

Deep GP

(Global Approximation)

Deep GP

(Local Approximation)

Figure 6. Comparison of posterior predictive distributions. The global approximation (right) captures the global structure, 
whereas the local approximation (left) is not.

Deep GP

(Global Approximation)



°1

0

1

O
ut

pu
t

L
ay

er
0.0 0.2 0.4 0.6 0.8 1.0

°1

0

1

In
te

rm
ed

ia
te

L
ay

er

°1

0

1

O
ut

pu
t

L
ay

er
0.0 0.2 0.4 0.6 0.8 1.0

°1

0

1

In
te

rm
ed

ia
te

L
ay

er

°1

0

1

O
ut

pu
t

L
ay

er

0.0 0.2 0.4 0.6 0.8 1.0
°2.5

0.0

2.5

5.0

In
te

rm
ed

ia
te

L
ay

er
EXPERIMENT: MULTI-STEP FUNCTION

Deep GP

(Global Approximation)

Deep GP

(Local Approximation)

Figure 6. Comparison of posterior predictive distributions. The global approximation (right) captures the global structure, 
whereas the local approximation (left) is not.

Deep GP

(Global Approximation)



Convergence & Fit
Deep GP


(Global Approximation)

EXPERIMENT: AUDIO SUB-BAND RECONSTRUCTION

Deep GP

(Local Approximation)

Converges within

3000 iterations

Never attains

a good fit

Never attains

a good fit

Converges within

3000 iterations



Convergence & Fit
Deep GP


(Global Approximation)

EXPERIMENT: AUDIO SUB-BAND RECONSTRUCTION

Deep GP 
(Local Approximation)

Converges within

3000 iterations

Never attains

a good fit

Never attains

a good fit

Converges within

3000 iterations



Convergence & Fit
Deep GP


(Global Approximation)

EXPERIMENT: AUDIO SUB-BAND RECONSTRUCTION

Deep GP

(Local Approximation)

Converges within

3000 iterations

Never attains

a good fit

Never attains

a good fit

Converges within

3000 iterations



Convergence & Fit
Deep GP


(Global Approximation)

EXPERIMENT: AUDIO SUB-BAND RECONSTRUCTION

Deep GP

(Local Approximation)

Converges within

3000 iterations

Never attains

a good fit

Never attains

a good fit

Converges within

3000 iterations



EXPERIMENT: AUDIO SUB-BAND RECONSTRUCTION
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Figure 7. Comparison of mean standardized RMSEs on audio sub-band reconstruction tasks. The local approximation 
(blue) requires a much larger number of inducing inputs than the global approximation (red) to reconstruct the data well.
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(blue) requires a much larger number of inducing inputs than the global approximation (red) to reconstruct the data well.
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Figure 7. Comparison of mean standardized RMSEs on audio sub-band reconstruction tasks. The local approximation 
(blue) requires a much larger number of inducing inputs than the global approximation (red) to reconstruct the data well.
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Figure 7. Comparison of mean standardized RMSEs on audio sub-band reconstruction tasks. The local approximation 
(blue) requires a much larger number of inducing inputs than the global approximation (red) to reconstruct the data well.
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EXPERIMENT: REAL-WORLD DATA WITH GLOBAL STRUCTURE

Figure 8. Comparison of mean test log-likelihoods on real-world prediction tasks (higher is better). All datasets exhibit 
global structure. Global approximations (red) outperform local approximations (blue) throughout.
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