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• Dropout corresponds to p(λ) being Bernoulli.  
• Gaussian, beta, and uniform noise have 

been shown to work as well.
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A random variable θ is a Gaussian scale mixture 
iff it can be expressed as the product of a 
Gaussian random variable and an independent 
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Can be reparametrized into a 
hierarchical form: 

Let’s assume a Gaussian prior on 
the NN weights…

fl(hn,l�1⇤lWl)
<latexit sha1_base64="WqtOMyEvjU7vCAAHV+56b9SYRNo="></latexit>

WeightsNoise
�i,i ⇠ p(�)
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wi,j ⇠ N(0,�2
0)
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fl(hn,l�1⇤lWl)
<latexit sha1_base64="WqtOMyEvjU7vCAAHV+56b9SYRNo="></latexit>

Noise distribution becomes a scale prior

wi,j ⇠ N(0,�2
i,i�

2
0)
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Dropout as a Gaussian Scale Mixture
Can translate noise distributions into the marginal prior they induce 
on the NN weights…
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Dropout’s Scale Structure
Sampling noise for each hidden unit induces a particular structure…

fl(hn,l�1⇤lWl)
<latexit sha1_base64="WqtOMyEvjU7vCAAHV+56b9SYRNo="></latexit>

wi,j ⇠ N(0,�2
0)
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Dropout’s Scale Structure
Sampling noise for each hidden unit induces a particular structure…

W
WEIGHT MATRIX

h x Λ
NOISE MATRIX

x
dl-1

dl

HIDDEN UNITS

dl-1

dl-1

dl-1

wi,j ⇠ N(0,�2
0)
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fl(hn,l�1⇤lWl)
<latexit sha1_base64="WqtOMyEvjU7vCAAHV+56b9SYRNo="></latexit>
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Dropout’s Scale Structure
Sampling noise for each hidden unit induces a particular structure…

h x
dl

HIDDEN UNITS

dl-1

dl-1 W
WEIGHT MATRIX

fl(hn,l�1Wl)
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wi,j ⇠ N(0,�2
i,i�

2
0)

<latexit sha1_base64="qbRjHkO/Xdy7nrQYmRoL0WZSLto=">AAACI3icbVDLSgMxFM34tr6qLt0Ei6AgZaYKiivBjSupYFXo1OFOmtbYZGZI7qhlmH9x46+4caEUNy78FzO1C18HAodzzk1yT5hIYdB1352x8YnJqemZ2dLc/MLiUnl55dzEqWa8wWIZ68sQDJci4g0UKPllojmoUPKLsHdU+Be3XBsRR2fYT3hLQTcSHcEArRSUD+6CTGzf5NQ3QlEf+T1mJ/mmu019aW9pQ2GL/CqrDSNdBQUNMjffCsoVt+oOQf8Sb0QqZIR6UB747ZilikfIJBjT9NwEWxloFEzyvOSnhifAetDlTUsjUNy0suGOOd2wSpt2Ym1PhHSofp/IQBnTV6FNKsBr89srxP+8Zoqd/VYmoiRFHrGvhzqppBjTojDaFpozlH1LgGlh/0rZNWhgaGst2RK83yv/Jee1qrdTrZ3uVg5hVMcMWSPrZJN4ZI8ckmNSJw3CyAN5Ii/k1Xl0np2B8/YVHXNGM6vkB5yPT1cspC4=</latexit>

i  indexes rows 

Shared scale
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Dropout’s Scale Structure
Sampling noise for each hidden unit induces a particular structure…

wi,j ⇠ N(0,�2
i,i�

2
0)

<latexit sha1_base64="qbRjHkO/Xdy7nrQYmRoL0WZSLto=">AAACI3icbVDLSgMxFM34tr6qLt0Ei6AgZaYKiivBjSupYFXo1OFOmtbYZGZI7qhlmH9x46+4caEUNy78FzO1C18HAodzzk1yT5hIYdB1352x8YnJqemZ2dLc/MLiUnl55dzEqWa8wWIZ68sQDJci4g0UKPllojmoUPKLsHdU+Be3XBsRR2fYT3hLQTcSHcEArRSUD+6CTGzf5NQ3QlEf+T1mJ/mmu019aW9pQ2GL/CqrDSNdBQUNMjffCsoVt+oOQf8Sb0QqZIR6UB747ZilikfIJBjT9NwEWxloFEzyvOSnhifAetDlTUsjUNy0suGOOd2wSpt2Ym1PhHSofp/IQBnTV6FNKsBr89srxP+8Zoqd/VYmoiRFHrGvhzqppBjTojDaFpozlH1LgGlh/0rZNWhgaGst2RK83yv/Jee1qrdTrZ3uVg5hVMcMWSPrZJN4ZI8ckmNSJw3CyAN5Ii/k1Xl0np2B8/YVHXNGM6vkB5yPT1cspC4=</latexit>

Same structure as the automatic 
relevance determination (ARD) prior 
proposed by D. MacKay and R. Neal for 
Bayesian NNs (1994).

fl(hn,l�1Wl)
<latexit sha1_base64="OYaES3WBGdDQl75bNdzULpu+9TQ=">AAACEXicbVDLSsNAFL3xWesr6tLNYBEqaEmqoMuCG5cV7APaEibTSTt0MgkzE6GE/IIbf8WNC0XcunPn3zhpK2jrgYHDOecy9x4/5kxpx/mylpZXVtfWCxvFza3tnV17b7+pokQS2iARj2Tbx4pyJmhDM81pO5YUhz6nLX90nfuteyoVi8SdHse0F+KBYAEjWBvJs8uBl/Ks3A2xHvpBOsy8VJzyMzdDP1IryxMnnl1yKs4EaJG4M1KCGeqe/dntRyQJqdCEY6U6rhPrXoqlZoTTrNhNFI0xGeEB7RgqcEhVL51clKFjo/RREEnzhEYT9fdEikOlxqFvkvmaat7Lxf+8TqKDq17KRJxoKsj0oyDhSEcorwf1maRE87EhmEhmdkVkiCUm2pRYNCW48ycvkma14p5XqrcXpRqe1VGAQziCMrhwCTW4gTo0gMADPMELvFqP1rP1Zr1Po0vWbOYA/sD6+AbcFJ3B</latexit>

dl

dl-1

W
WEIGHT MATRIX

i  indexes rows 

Shared scale
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Summary

• Under mild assumptions, multiplicative noise is equivalent to a 
Gauss. scale mixture prior with ARD structure.

• This decouples dropout’s Bayesian interpretation from 
variational inference, allowing for any inference strategy.

• Provides a ‘recipe’ for translating noise distributions into priors, 
better revealing their modeling assumptions.
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For more details, please visit our poster (#84)

   

 

6.   EXPERIMENTS

3.   MULTIPLICATIVE NOISE AS A GAUSSIAN SCALE MIXTURE1.   INTRODUCTION

Dropout has been shown to have a Bayesian interpretation 
[Gal & Ghahramani, 2016].  But still there are open questions... 

● Why is the noise drawn from a (fixed) Bernoulli dist.?

● Why does dropping hidden units work best?

● Is there a principled extension to ResNets?

Multiplicative noise regularization is implemented as:
Multiplicative Noise in NNs   (Dropout)

DROPOUT AS A STRUCTURED SHRINKAGE PRIOR
Eric Nalisnick,   José Miguel Hernández-Lobato,   Padhraic Smyth 

Assuming a Gaussian prior on a neural network’s weights, we observe that...

2.   BACKGROUND

5.   EXTENSION TO RESNETS

4.   INDUCED STRUCTURE

Gaussian Scale Mixtures    (GSMs)
A random variable is a Gaussian scale mixture iff it can be 
expressed as the product of a Gaussian random variable and 
an independent scalar random variable [Beale & Mallows, 1959]: 

Sampling noise for each hidden unit endows the prior with structure...

   

Applying DropoutStandard Neural Net.

   
 

Diagonal Matrix of 
Random Variables

Bernoulli noise corresponds to 
Dropout, but other noise 
distributions (Gauss., Beta, uniform) 
have been shown to work as well. 

Image from [Srivastava et al., 2014]

Expanded Parametrization: 

Hierarchical Parametrization:

   

   
 

Definition of a Gaussian 
Scale Mixture

   
 

   

Switch to 
Hierarchical 

Parametrization

This insight allows us to translate noise distributions into their induced marginal 
prior on the weights:

   

   
 

   

   
 

This scale structure is the same as that of automatic relevance determination (ARD) 
[MacKay, 1994].  The intuition is that all outgoing weights from a unit grow or shrink 
together in a form of group regularization.  DropConnect, which samples noise for 
each weight, does not have this structure.  

Residual networks (ResNets) allow scale sharing to be extended 
to whole layers (since information can still propagative via the skip 
connection).  We term this natural analog of ARD to be automatic 
depth determination (ADD).  .

Automatic Relevance 
Determination

Automatic Depth 
Determination

A similar scale mixture 
analysis reveals 
connections to 
stochastic depth 
regularization 
[Huang et al., 2016].

UCI Regression Data Sets

Figure (right) shows heat maps of the 
hidden-to-hidden weight matrices.  
ARD induces row-structured shrinkage, 
ADD induces matrix-wide shrinkage, 
and ARD-ADD allows some rows to 
grow while preserving global 
shrinkage.  MC dropout’s heat map 
seems to balance having some row 
structure with strong global shrinkage.
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