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Summary

We show how a Bayesian deep learning method
that does expressive inference

over a carefully chosen subnetwork
within a neural network,

performs better 
than doing crude inference over the full network.



Preliminaries: Deep Learning

Waldrop 2019, "What are the limits of deep learning?"
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1. Obtain posterior distribution over weights

p(W |𝒟) =
p(𝒟 |W )p(W )

p(𝒟)

p(Y* |X*, 𝒟) = ∫ p(Y* |X*, W )p(W |𝒟)dW

2. Marginalise weights to obtain model uncertainty
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Active Learning

https://medium.com/@kaleajit27/apaperaday-week1-a-meta- 
learning-approach-to-one-step-active-learning-5ffea59099a2

Continual Learning

Pan et al. 2020, "Continual Deep Learning by Functional Regularisation of Memorable Past"

Marginal Likelihood

Rasmussen & Ghahramani 2000, "Occam's Razor"

https://medium.com/@kaleajit27/apaperaday-week1-a-meta-
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• Intractable evidence: 

p(𝒟) = ∫ p(𝒟 |W )p(W )dW

• Intractable predictive: 

p(Y* |X*, 𝒟) = ∫ p(Y* |X*, W )p(W |𝒟)dW

Deteriorates quality of induced uncertainties!

(Ovadia 2019, Fort 2019, Foong 2019, Ashukha 2020)

Solution(?): Make strong/unrealistic

assumptions on posterior,

e.g. full factorisation

Problem: Modern DNNs are too big!  
even approximate inference is hard!
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Disappointing Results

Foong et al. “On the expressiveness of 
approximate inference in bayesian 
neural networks.” NeurIPS (2020).

Wenzel et al. “How Good is the Bayes 
Posterior in Deep Neural Networks 
Really?” ICML (2020)

Detailed Studies: Try for yourself:

github.com/JavierAntoran/
Bayesian-Neural-Networks

https://github.com/JavierAntoran/Bayesian-Neural-Networks
https://github.com/JavierAntoran/Bayesian-Neural-Networks
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Ordered Eigenvalues of Covariance Matrix

Underspecified directions induce uncertainty

Strongly specified directions induce confident predictions

Most directions match prior
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w0

Full Covariance 
|W |2

Top-k Eigenbasis 
k × |W |Top-k Axis Aligned Basis 

k2

Weight Space:



Idea



Idea
Observation: Due to overparameterization, a DNNs accuracy 

is well-preserved by a small subnetwork



Idea
Observation: Due to overparameterization, a DNNs accuracy 

is well-preserved by a small subnetwork

How to find those subnetworks? —> DNN pruning, e.g. (Frankle & Carbin 2019)



Idea
Observation: Due to overparameterization, a DNNs accuracy 

is well-preserved by a small subnetwork

How to find those subnetworks? —> DNN pruning, e.g. (Frankle & Carbin 2019)

(Han 2015)



Idea
Observation: Due to overparameterization, a DNNs accuracy 

is well-preserved by a small subnetwork

How to find those subnetworks? —> DNN pruning, e.g. (Frankle & Carbin 2019)

(Han 2015)



Idea
Observation: Due to overparameterization, a DNNs accuracy 

is well-preserved by a small subnetwork

Question: Can a full DNN’s model uncertainty be well-preserved 
by a small subnetwork’s model uncertainty?

How to find those subnetworks? —> DNN pruning, e.g. (Frankle & Carbin 2019)

(Han 2015)



Idea
Observation: Due to overparameterization, a DNNs accuracy 

is well-preserved by a small subnetwork

Question: Can a full DNN’s model uncertainty be well-preserved 
by a small subnetwork’s model uncertainty?

How to find those subnetworks? —> DNN pruning, e.g. (Frankle & Carbin 2019)

Answer:      This work shows that Yes!

(Han 2015)
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1. Train a regular NN (with SGD, Adam, etc)
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Proposed Posterior Approximation:

1. How do we choose and infer the subnetwork posterior             ? 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Most distances are undefined for distributions with disjoint support
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δ(wr − ŵr)p(W |𝒟)

The Wasserstein distance is well defined in this setting.
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1D Regression
Model:  2 hidden layer, fully-connected NN

              with a total of 2600 weights

Goal:  test ‘in-between’ predictive

           uncertainty (Foong 2019)
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1D Regression
Model:  2 hidden layer, fully-connected NN

              with a total of 2600 weights

Expressive inference over a small subnetwork preserves more 
predictive uncertainty than crude inference over the full network!

Goal:  test ‘in-between’ predictive

           uncertainty (Foong 2019)
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Interaction Between Network Size and 
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We compare 4 models: 

1. 50 hidden units, 1 hidden layer


2. 100 hidden units, 1 hidden layer


3. 50 hidden units, 2 hidden layer


4. 100 hidden units, 2 hidden layer

0 600 1200 3100 11200

posterior dim

°0.995

°0.990

°0.985

°0.980

°0.975

°0.970

°0.965

LL

wine

0 600 1200 3100 11200

posterior dim

°0.995

°0.990

°0.985

°0.980

°0.975

wine-gap

0 450 900 2950 10900

posterior dim

0.8

0.9

1.0

1.1

kin8nm

0 450 900 2950 10900

posterior dim

0.7

0.8

0.9

1.0

kin8nm-gap

0 500 1000 3000 11000

posterior dim

°2.950

°2.925

°2.900

°2.875

°2.850

°2.825

°2.800

protein

0 500 1000 3000 11000

posterior dim

°3.175

°3.150

°3.125

°3.100

°3.075

°3.050

protein-gap

wi :50, hi :1 wi :100, hi :1 wi :50, hi :2 wi :100, hi :2

0 600 1200 3100 11200

posterior dim

°0.995

°0.990

°0.985

°0.980

°0.975

°0.970

°0.965

LL

wine

0 600 1200 3100 11200

posterior dim

°0.995

°0.990

°0.985

°0.980

°0.975

wine-gap

0 450 900 2950 10900

posterior dim

0.8

0.9

1.0

1.1

kin8nm

0 450 900 2950 10900

posterior dim

0.7

0.8

0.9

1.0

kin8nm-gap

0 500 1000 3000 11000

posterior dim

°2.950

°2.925

°2.900

°2.875

°2.850

°2.825

°2.800

protein

0 500 1000 3000 11000

posterior dim

°3.175

°3.150

°3.125

°3.100

°3.075

°3.050

protein-gap

wi :50, hi :1 wi :100, hi :1 wi :50, hi :2 wi :100, hi :2

0 600 1200 3100 11200

posterior dim

°0.995

°0.990

°0.985

°0.980

°0.975

°0.970

°0.965

LL

wine

0 600 1200 3100 11200

posterior dim

°0.995

°0.990

°0.985

°0.980

°0.975

wine-gap

0 450 900 2950 10900

posterior dim

0.8

0.9

1.0

1.1

kin8nm

0 450 900 2950 10900

posterior dim

0.7

0.8

0.9

1.0

kin8nm-gap

0 500 1000 3000 11000

posterior dim

°2.950

°2.925

°2.900

°2.875

°2.850

°2.825

°2.800

protein

0 500 1000 3000 11000

posterior dim

°3.175

°3.150

°3.125

°3.100

°3.075

°3.050

protein-gap

wi :50, hi :1 wi :100, hi :1 wi :50, hi :2 wi :100, hi :2



Interaction Between Network Size and 
Subnetwork Size

0 600 1200 3100 11200

posterior dim

°0.995

°0.990

°0.985

°0.980

°0.975

°0.970

°0.965

LL

wine

0 600 1200 3100 11200

posterior dim

°0.995

°0.990

°0.985

°0.980

°0.975

wine-gap

0 450 900 2950 10900

posterior dim

0.8

0.9

1.0

1.1

kin8nm

0 450 900 2950 10900

posterior dim

0.7

0.8

0.9

1.0

kin8nm-gap

0 500 1000 3000 11000

posterior dim

°2.950

°2.925

°2.900

°2.875

°2.850

°2.825

°2.800

protein

0 500 1000 3000 11000

posterior dim

°3.175

°3.150

°3.125

°3.100

°3.075

°3.050

protein-gap

wi :50, hi :1 wi :100, hi :1 wi :50, hi :2 wi :100, hi :2

0 600 1200 3100 11200

posterior dim

°0.995

°0.990

°0.985

°0.980

°0.975

°0.970

°0.965

LL

wine

0 600 1200 3100 11200

posterior dim

°0.995

°0.990

°0.985

°0.980

°0.975

wine-gap

0 450 900 2950 10900

posterior dim

0.8

0.9

1.0

1.1

kin8nm

0 450 900 2950 10900

posterior dim

0.7

0.8

0.9

1.0

kin8nm-gap

0 500 1000 3000 11000

posterior dim

°2.950

°2.925

°2.900

°2.875

°2.850

°2.825

°2.800

protein

0 500 1000 3000 11000

posterior dim

°3.175

°3.150

°3.125

°3.100

°3.075

°3.050

protein-gap

wi :50, hi :1 wi :100, hi :1 wi :50, hi :2 wi :100, hi :2
We compare 4 models: 

1. 50 hidden units, 1 hidden layer


2. 100 hidden units, 1 hidden layer


3. 50 hidden units, 2 hidden layer


4. 100 hidden units, 2 hidden layer

0 600 1200 3100 11200

posterior dim

°0.995

°0.990

°0.985

°0.980

°0.975

°0.970

°0.965

LL

wine

0 600 1200 3100 11200

posterior dim

°0.995

°0.990

°0.985

°0.980

°0.975

wine-gap

0 450 900 2950 10900

posterior dim

0.8

0.9

1.0

1.1

kin8nm

0 450 900 2950 10900

posterior dim

0.7

0.8

0.9

1.0

kin8nm-gap

0 500 1000 3000 11000

posterior dim

°2.950

°2.925

°2.900

°2.875

°2.850

°2.825

°2.800

protein

0 500 1000 3000 11000

posterior dim

°3.175

°3.150

°3.125

°3.100

°3.075

°3.050

protein-gap

wi :50, hi :1 wi :100, hi :1 wi :50, hi :2 wi :100, hi :2

0 600 1200 3100 11200

posterior dim

°0.995

°0.990

°0.985

°0.980

°0.975

°0.970

°0.965

LL

wine

0 600 1200 3100 11200

posterior dim

°0.995

°0.990

°0.985

°0.980

°0.975

wine-gap

0 450 900 2950 10900

posterior dim

0.8

0.9

1.0

1.1

kin8nm

0 450 900 2950 10900

posterior dim

0.7

0.8

0.9

1.0

kin8nm-gap

0 500 1000 3000 11000

posterior dim

°2.950

°2.925

°2.900

°2.875

°2.850

°2.825

°2.800

protein

0 500 1000 3000 11000

posterior dim

°3.175

°3.150

°3.125

°3.100

°3.075

°3.050

protein-gap

wi :50, hi :1 wi :100, hi :1 wi :50, hi :2 wi :100, hi :2

0 600 1200 3100 11200

posterior dim

°0.995

°0.990

°0.985

°0.980

°0.975

°0.970

°0.965

LL

wine

0 600 1200 3100 11200

posterior dim

°0.995

°0.990

°0.985

°0.980

°0.975

wine-gap

0 450 900 2950 10900

posterior dim

0.8

0.9

1.0

1.1

kin8nm

0 450 900 2950 10900

posterior dim

0.7

0.8

0.9

1.0

kin8nm-gap

0 500 1000 3000 11000

posterior dim

°2.950

°2.925

°2.900

°2.875

°2.850

°2.825

°2.800

protein

0 500 1000 3000 11000

posterior dim

°3.175

°3.150

°3.125

°3.100

°3.075

°3.050

protein-gap

wi :50, hi :1 wi :100, hi :1 wi :50, hi :2 wi :100, hi :2



Interaction Between Network Size and 
Subnetwork Size

0 600 1200 3100 11200

posterior dim

°0.995

°0.990

°0.985

°0.980

°0.975

°0.970

°0.965

LL

wine

0 600 1200 3100 11200

posterior dim

°0.995

°0.990

°0.985

°0.980

°0.975

wine-gap

0 450 900 2950 10900

posterior dim

0.8

0.9

1.0

1.1

kin8nm

0 450 900 2950 10900

posterior dim

0.7

0.8

0.9

1.0

kin8nm-gap

0 500 1000 3000 11000

posterior dim

°2.950

°2.925

°2.900

°2.875

°2.850

°2.825

°2.800

protein

0 500 1000 3000 11000

posterior dim

°3.175

°3.150

°3.125

°3.100

°3.075

°3.050

protein-gap

wi :50, hi :1 wi :100, hi :1 wi :50, hi :2 wi :100, hi :2

Given the same amount of compute, larger models benefit more from subnetwork inference. 
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ResNet-18 with 11M weights
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ResNet-18 with 11M weights
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ResNet-18 with 11M weights

Wasserstein subnetwork inference

subnet of just 42K (0.38%) weights 
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ResNet-18 with 11M weights

Wasserstein subnetwork inference

subnet of just 42K (0.38%) weights 
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Model:  
ResNet-18 with 11M weights

Wasserstein subnetwork inference

subnet of just 42K (0.38%) weights 
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Image Class. under Distribution Shift
Baselines:
• MAP
• Diagonal Laplace
• MC Dropout (Gal 2016)
• Deep Ensembles (Lakshminarayanan 2017)
• SWAG (Maddox 2019) 
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Model:  
ResNet-18 with 11M weights

Wasserstein subnetwork inference

subnet of just 42K (0.38%) weights 
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Image Class. under Distribution Shift

Subnet inference is more robust to distribution shift than popular baselines!

Baselines:
• MAP
• Diagonal Laplace
• MC Dropout (Gal 2016)
• Deep Ensembles (Lakshminarayanan 2017)
• SWAG (Maddox 2019) 
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Model:  
ResNet-18 with 11M weights

Wasserstein subnetwork inference

subnet of just 42K (0.38%) weights 
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x1 x2

h2h1 h3

y

0.50.5
0.10.1 0.30.3

0.70.7

We propose a Bayesian deep learning method
that does expressive inference

over a carefully chosen subnetwork
within a neural network,

and show that this performs better than
doing crude inference over the full network.


