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Abstract

● We introduce LLEB, a well-motivated method for uncertainty 
quantification (UQ) in neural networks.

● LLEB is based on an interpretation of ensembles as empirical 
Bayes [1].

● LLEB performs on par, but does not outperforms, existing UQ 
approaches.

Background on UQ

● For a classifier                 , UQ methods provide a distribution  
aa   over weights 0, rather than a single     , e.g.:
○ MC dropout [2]:           is obtained by keeping dropout on at 

test time.
○ Bayesian neural networks use variational inference to 

optimize the ELBO,
                                                                      
                                                                        

○ Deep ensembles [3]: M models are independently trained 
and          is given by equally weighting each model, i.e.

■ Ensembles are expensive to train but are often 
considered the gold standard for UQ.

● Averaging over          , i.e.                                            , is used to 
make predictions.

● The variability of predictions over                   quantifies 
uncertainty, e.g.                                    

● LLEB is a way to obtain a new             using normalizing flows.

Last Layer Empirical Bayes

● We train           as a normalizing flow.
○ The flow can be trained along with the classifier or using a 

pre-trained and fixed classifier.
○ The training objective is given by:

○ For tractability, we only use the flow on the last layer.
■ Defining           only on the last layer has worked 

elsewhere in UQ [4].

Why is LLEB sensible?

● Intuitively, the flow prevents collapse onto a point mass and 
allows to find a distribution over optimal parameter 
configurations.

● The prior         in the ELBO is usually fixed, learning it is called 
empirical Bayes.
○ If the ELBO is also optimized over the prior        , then     

and          are optimal if and only if:
■         = 
■         places all its mass on the set of 

likelihood-maximizing values of 

● This is implicitly what ensembles do: they maximize the 
ELBO with an infinitely flexible prior [1].

● LLEB attempts to optimize this objective with a more 
adequately strong prior.

Results
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