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VA R I AT I O N A L  I N F E R E N C E  F O R  D E E P  M O D E L S

A. Bayesian inference can provide excellent model generalisation and calibration to deep 
overparameterised models. 

B.  Accurate Bayesian inference is impossible for any complex NN model and hence in 
practice we rely on approximate inference. 

C.Variational inference optimises over a chosen family of distributions to approach the true 
posterior. 

D.The efficacy of VI hinges on this choice, we propose to use a highly flexible family of 
distributions called implicit distributions.



I M P L I C I T  D I S T R I B U T I O N S

• Easy to sample from but have no closed form density for computing log-likelihoods.  

• We call these networks generators or neural samplers. (Hypernetworks)



C H A L L E N G E S  

1. For VI we need to measure a KL which is not trivial with implicit distributions. 

2. Cannot evaluate entropy of an implicit distribution. 

3. Cannot evaluate gradients (w.r.t 𝛾) of this unavailable entropy.
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A P P R O X I M AT I N G  E N T R O P Y  V I A  L I N E A R I S AT I O N

• Linearise the g about its input using Taylor series 

Non-conjugate

<latexit sha1_base64="195EVybFUvb6maoiT1BLjnIR9/8="></latexit>

q�(z) =

Z
q�(✓|z)q(z)dz = Ez⇠q(z)[q�(✓|z)], where,

q�(✓ | z) = N (✓ | g�(z),�2Im), g� : Rd ! Rm,
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A P P R O X I M AT E  E L B O  A N D  S C A L A B I L I T Y  

• Jacobians and their log determinant are very expensive, so can further derive a lower bound 
using fundamental LA theorems.
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T E S T I N G  T H E  VA R I AT I O N A L  A P P R O X I M AT I O N

• We test our variational approximation using deep BNNs as they contain millions of global latent variables. 

• In UCI regression benchmarks we compare our posterior quality with HMC, and we compare within the 
two entropy approximations.
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S C A L I N G  T O  1 0 𝗌  O F  M I L L I O N S  O F  L AT E N T  VA R I A B L E S

• We also tested our approach on CIFAR100, using WideResNet(28,10), that contains roughly 
36.5 million parameters.



C O N C L U S I O N

• We present a novel entropy approximation to scale variational inference using 
implicit distributions. 

• We lower bound this approximation further to make it computationally cheaper. 

• We upgrade the MMNN* architecture to keep the number of generator 
parameters manageable. 

• We outperform state of the art uncertainty quantification approaches while 
generating all the parameters of a BNN from a single generator, modelling 
within layer and across-layer parametric correlations.

*Kernel Implicit Variational Inference, Shi et. al. 2018


