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Copernican Revolution
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Nicolaus Copernicus 
(1473-1543)

Figure credit: wikipedia
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Theory-led Models
! Newton’s Laws of Motion 

! Newton’s Law of Universal 
Gravitation
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! Spatial residential-retail model 
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Data-led Models
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LSTM  
[Hochreiter & Schmidhuber 1997]

GoogLeNet  
[Szegedy et al 2015]

WaveNet  
[van  den Oord et al 2017]
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Ever Increasing Flexibility
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kernel trick [StackOverflow]

Bayesian nonparametrics

[gaussianprocess.org]

neural networks

http://gaussianprocess.org
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Ever Increasing Complexity
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LibBi 
	 	  

Venture 

graphical models 
[Nonparametric BP Sudderth et al 2010]

probabilistic C  
[Paige & Wood 2014]

GoogLeNet  
[Szegedy et al 2015]
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Bayesian Theory of Learning
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✓

x

Predict: p(x⇤|x) =
Z

p(x⇤|✓)p(✓|x)d✓

Act: U(a|x) =
Z

U(a; ✓)p(✓|x)d✓Prior: p(✓)

Likelihood: p(x|✓)

Posterior: p(✓|x) = p(✓)p(x|✓)P
✓ p(x|✓)p(✓)



Bayesian and Deep Learning @ NIPS ’87-‘15
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Analysis from a Bayesian nonparametric dynamic topic model  
Poisson random fields for dynamic feature models [Perrone et al 2016]

deep learning

neural networks

Bayesian  
learning
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Bayesian Learning
! Strengths: 

!A normative account of “best” learning given model and data. 
! Explicit expression of all prior knowledge/inductive biases in model. 
!Unified treatment of uncertainties.  
!Common language with statistics, applied sciences. 

! Rigidity issue: 
! Learning can be wrong if model is wrong. 
!Not all prior knowledge can be encoded as joint distributions. 
! Simple analytic forms for conditional distributions.  

! Scalability issue:  
! approximations to intractable posterior p(θ|x). 
! no single posterior computation method that works well across all 
Bayesian models.
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Talk Outline
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The Posterior Server 

The Concrete VAEs 

FIVO: Filtered  
variational objectives



! Neural network as nonlinear function 
approximator: 

! Weight decay is a Gaussian prior: 

! Posterior distribution: 

! regularised ML estimator is a 
posterior mode.
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Bayesian Deep Learning

p(✓|data) =
p(✓)

Qn
i=1 p(yi|xi, ✓)R

p(✓)
Qn

i=1 p(yi|xi, ✓)d✓

“cat”

p(y|x, ✓) = f(y, x, ✓)

p(✓) = N (✓; 0,⇤)
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Bayesian Deep Learning

! Markov chain Monte Carlo 
!Hamiltonian Monte Carlo [Neal 
1994] 

! stochastic gradient Langevin 
dynamics (SGLD) and variants 
[Welling and Teh 2011, Ma et al 
2015, Perrone et al 2017] 

! Variational inference  
!Mean field [Hinton & van Camp 
1993, Blundell et al 2015] 

! EP [Hernandez-Lobato & Adams 
2015, Li et al 2015]
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p(✓|data) =
p(✓)

Qn
i=1 p(yi|xi, ✓)R

p(✓)
Qn

i=1 p(yi|xi, ✓)d✓

“cat”
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Distributed Bayesian Learning
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[Hasenclever et al, JMLR 2017]
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Distributed Bayesian Learning
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[Hasenclever et al, JMLR 2017]
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Distributed Bayesian Learning
! Each worker forms a Gaussian approximation to its likelihood 

using Expectation Propagation (EP) [Minka 2001]. 
!Actually: alternative to EP called stochastic natural-gradient EP (SNEP) 
which can be guaranteed to converge. 

! Required statistics are estimated using Markov chain Monte Carlo  
!We use stochastic gradient Langevin dynamics (SGLD) [Welling & Teh 
2011]: 

! See also [Chen et al 2014, Ding et al 2014, Ma et al 2015, Leimkuhler & 
Shang 2015, Perrone et al 2017] for extensions, [Teh et al 2016, Vollmer 
et al 2016, Zhang et al 2017, Raginsky et al 2017] for theory.

ywteh

✓(t+1)
= ✓(t) + ✏t br log p(✓(t), data) +

p
2✏t⌘t, ⌘t ⇠ N (0, I)

[Hasenclever et al, JMLR 2017]



MNIST 500x300
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[Hasenclever et al, JMLR 2017]



MNIST 500x300
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epochs per worker
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epochs per worker
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[Hasenclever et al, JMLR 2017]



CIFAR10 ConvNet
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Towards AGI: Multitask and Continual Learning
! [Kirkpatrick et al, PNAS 2017]
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Elastic Weight Consolidation
! [Kirkpatrick et al, PNAS 2017]  
! Continual learning by approximate Bayes.
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Task A Task B

SGD

EWC

L2

Prior: p(✓)

Task A: p(✓|A) / p(✓)p(A|✓)

Task B: p(✓|A,B) / p(✓)p(A|✓)p(B|✓)
/ p(✓|A)p(B|✓)
⇡ ep(✓|A)p(B|✓)
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Experimental Results
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A Side Note on Parameters and Functions

! Parameters in neural networks 
don’t have meaning, are non-
identifiable. 

! It might be better to think in the 
space of functions instead. 

! See [Neal 1994, Rasmussen & 
Williams 2006, Damianou & 
Lawrence 2013, Pereyra et al 2017, 
Zhang et al 2017, Teh et al 2017]
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Variational Auto-encoders
! VAEs [Kingma and Welling 2014], [Rezende et al 2014]
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log p✓(X) � ELBO(✓,�)

=Eq


log p✓(X|Z) + log

p✓(Z)

q�(Z|X)

�
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DRAW: A RNN for Image Generation
! [Gregor et al 2015]
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DRAW: A RNN for Image Generation
! [Gregor et al 2015]
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Variational Auto-encoders
! VAEs [Kingma and Welling 2014], [Rezende et al 2014]
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log p✓(X) � ELBO(✓,�)

=Eq


log p✓(X|Z) + log

p✓(Z)

q�(Z|X)

�

Reparameterization Trick:

Z ⇠ q�(Z|X)

,Z = f�(S,X), S ⇠ N(0, I)

ELBO(✓,�) = ES⇠N(0,I)


log p✓(X|f�(S,X)) + log

p✓(f�(S,X))

q�(f�(S,X)|X)

�
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VAEs with Discrete Latent Variables
! Reparameterization trick is crucial to VAEs. 

! Many models naturally involve discrete latent variables: 
! presence or absence of features 
! attention mechanisms 
! stacks, queues and other discrete data structures 
! control flow 

! Reparameterization trick for discrete latent variables?
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Discrete Variables
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[Maddison et al, ICLR 2017] concurrent work [Jang et al ICLR 2017]

Z ⇠ Discrete(↵1,↵2,↵3)



On Bayesian Deep Learning and Deep Bayesian Learning

Computation for Discrete Variables
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[Maddison et al, ICLR 2017] concurrent work [Jang et al ICLR 2017]

Z ⇠ Discrete(↵1,↵2,↵3)
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Computation for Concrete Variables
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[Maddison et al, ICLR 2017] concurrent work [Jang et al ICLR 2017]

Z ⇠ Concrete(↵1,↵2,↵3;�)
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The Concrete Distribution
! CONtinuous relaxation of disCRETE distributions. 

! Density:
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Concrete(↵;�n) ! Discrete(↵) as �n ! 0

(n� 1)!�n�1
nY

k=1

↵kz
���1
kPn

i=1 ↵iz
��
i

[Maddison et al, ICLR 2017] concurrent work [Jang et al, ICLR 2017]
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Structured Prediction with Concrete VAEs
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[Maddison et al, ICLR 2017] concurrent work [Jang et al, ICLR 2017]
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Rebar: Reinforced Concrete
! [Tucker et al NIPS 2017] 

! Reinforce trick [Williams 1992]: 

! Reinforce is unbiased but high variance. 
! Concrete is low variance but biased. 
! Use concrete estimator as control variate for reinforce! 

! Relax [Grathwohl et al 2017] - generalize to learnt control variate.
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r✓Eq✓ [L(Z)] = Eq✓ [L(Z)r✓ log q✓(Z)]
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Importance Weighted Auto-Encoders
! Variational lower bound: 

! IWAE [Burda et al 2015]: rederivation from importance sampling 

! Better to use multiple samples 

! See also VIMCO [Mnih & Rezende 2016].
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log p(X|✓) � Eq


log

p(X|Z)p(Z)

q(Z|X)

�

log p(X|✓) � Eq

"
log

1

N

NX

i=1

p(X|Zi)p(Zi)

q(Zi|X)

#

p(X|✓) = Ep(Z) [p(X|Z)] = Eq(Z|X)


p(X|Z)p(Z)

q(Z|X)
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FIVO: Filtered Variational Objectives
! We can use any unbiased estimator         of marginal probability 

! Tightness of bound related to variance of estimator, 

! For sequential models, we can use particle filters [Doucet et al 
2009]: 

! produces unbiased estimator of marginal probability. 
! can have much lower variance than importance samplers.
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p̂(X)

p(X) = E[p̂(X)] log p(X) � E[log p̂(X)]

log p(X)�E[log p̂(X)] ⇡ 1

2

Var


p̂(X)

p(X)

�

[Maddison et al, NIPS 2017] concurrent work [Le et al 2017, Naesseth et al 2017]



FIVO: Filtered Variational Objectives
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p̂t(Xt|X1:t�1) =
1
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NX

t=1
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LFIVO
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log p̂t(Xt|X1:t�1)

#

[Maddison et al, NIPS 2017] concurrent work [Le et al 2017, Naesseth et al 2017]
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FIVO: Filtered Variational Objectives
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[Maddison et al, NIPS 2017] concurrent work [Le et al 2017, Naesseth et al 2017]
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Concluding Remarks
! Bringing management of uncertainties into deep learning 

! What uncertainties do we need in Bayesian deep learning for computer vision? 
[Kendall & Gal 2017], concrete dropout [Gal et al 2017] 

! Decomposition of uncertainty for active learning and reliable reinforcement learning 
in stochastic systems [Depeweg et al 2017] 

! Simple and scalable predictive uncertainty estimation using deep ensembles 
[Laksnminarayanan et al 2017] 

! Bringing flexibility and scalability to Bayesian modelling 
! DRAW: A RNN for image generation [Gregor et al 2015] 

! WaveNet: A Generative Model for Raw Audio [van den Oord et al 2016] 

! Composing graphical models with neural networks for structured representations and 
fast inference [Johnson et al 2016] 

! Learning disentangled representations with semi-Supervised deep generative models 
[Narayanaswamy et al 2017] 

! A disentangled recognition and nonlinear dynamics model for unsupervised learning 
[Fraccaro et al 2017]
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https://arxiv.org/find/stat/1/au:+Depeweg_S/0/1/0/all/0/1
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Concluding Remarks
! Development of deep probabilistic programming systems 

! Edward, Bayesflow, pyro, probtorch 

! NIPS Workshops: 
!Advances in Approximate Bayesian Inference (Friday) 
!Bayesian Deep Learning (Saturday) 

! Questions to think about: 
!Being Bayesian in the space of functions instead of parameters? 
!How to deal with uncertainties under model misspecification?
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Thank you!
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! NIPS organizers 
! Funders 

! Questions?
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