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Bayesian Deep Learning

Goal: enable Bayesian inference for deep networks to improve robustness of 
predictions!

Active research field where most work focuses on improving approximate 
inference to get closer to the  Bayes posterior
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But is the Bayes posterior actually good?
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Bayesian Neural Networks (BNNs)

Neural Network

p(✓,D) = p(yi|xi,✓) p(✓)
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Input OutputHidden

Different models obtained by 
different ✓
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Bayesian Neural Networks (BNNs)

Bayesian Neural Network

p(✓,D) = p(yi|xi,✓) p(✓)
<latexit sha1_base64="IY1J2jvCqr55IEA9S/aVNBI46QY="></latexit>

Input OutputHidden
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Posterior: Distribution over likely models 
given the data

p(✓|D)
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BNNs: Predictions

BNNs use samples from the posterior (ensemble of models)

In standard deep learning we optimize 

Florian Wenzel, 15 June 2020

θSGD (MAP)
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In this talk: A model is good if it predicts well (e.g. low cross entropy loss) 
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Predict by using an average of models

θSGD (MAP)

⇡
X

s

p(y|x,✓s)
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BNNs: Predictions
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Promises of BNNs*: 

• Robustness in generalization 

• Better uncertainty quantification (calibration) 

• Enables new deep learning applications (continual learning, sequential 
decision making, …)

Bayesian Neural Networks (BNNs)

Florian Wenzel, 15 June 2020

* [e.g., Neal 1995, Gal et al. 2016, Wilson 2019,  Ovadia et al. 2019].
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But in practice BNNs are rarely used!

Bayesian Neural Networks (BNNs)

Florian Wenzel, 15 June 2020
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In practice: 

• Often, the Bayes posterior is worse than SGD point estimates

Bayesian Neural Networks (BNNs)

Cold Posterior* For temperature T<1: 
We sharpen the 
posterior (over-count 
evidence)

*Explicitly (or implicitly) used by most recent Bayesian DL papers [e.g., Li et al. 2016, Zhang et al. 2020, Ashukha 
et al. 2020].

Florian Wenzel, 15 June 2020

• But Bayes predictions can be improved by the use of the
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Bayesian Neural Networks (BNNs)

θ

Cold Posterior For temperature T<1: 
We sharpen the 
posterior (over-count 
evidence)

Florian Wenzel, 15 June 2020
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ResNet-20 / CIFAR-10

CNN-LSTM / IMDB

True Bayes posterior

Optimal cold posterior

Florian Wenzel, 15 June 2020
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The cold posterior sharply deviates from the  
Bayesian paradigm. 

What is the use of more accurate posterior  
approximations if the posterior is poor? 

Florian Wenzel, 15 June 2020
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Our paper: Hypothesis for the origin of the improved 
performance of cold posteriors

LikelihoodInference

Inaccurate SDE Simulation? 

Bias of SG-MCMC? 

Minibatch noise (which is 
not Gaussian)? 

Bias-variance tradeoff 
induced by cold posterior? 

Dirty likelihoods? 
 
(batch-normalization, 
dropout, 
data augmentation) 

Prior

Current priors used for 
BNN parameters are 
poor? 

The effect becomes 
stronger with increasing 
model depths and 
capacity? 

Florian Wenzel, 15 June 2020
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1. How to compute the posterior (inference)? 

2. Does inaccurate inference lead to the cold posterior effect?

Inference:  Is it accurate?

17

Sample from the posterior using SG-MCMC methods 

Not covered: Approximate posterior using variational inference

Florian Wenzel, 15 June 2020
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SG-MCMC: Stochastic Gradient Markov Chain Monte Carlo

SGD = optimization goal

Florian Wenzel, 15 June 2020
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SG-MCMC = convergence in distribution, integration 

Florian Wenzel, 15 June 2020

SG-MCMC: Stochastic Gradient Markov Chain Monte Carlo
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Stochastic Gradient Markov Chain Monte Carlo

Langevin Dynamics: one-slide refresher 

•Simulating SDE has stationary distribution proportional to exp(-U(θ) / T) 
[Langevin, 1908], [Leimkuhler and Matthews, “Molecular Dynamics”, 2016] 

•Parameters θ, moments m, mass matrix M > 0, friction γ > 0 

•“Solving SDE” ⇔ obtain one random continuous-time path 

d✓ = M�1mdt

dm = �r✓U(✓)dt� �mdt+
p

2�TM1/2dW
<latexit sha1_base64="FFtrF8Xgsx6GKnyHr77HVPqCdNU="></latexit>

Florian Wenzel, 15 June 2020



Gaussian Noise

scaled by temperature

SGD with Momentum
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Stochastic Gradient Markov Chain Monte Carlo

Symplectic Euler (Discretized version of SDE) 

m(t) = (1� h�)m(t�1) � hnr✓G̃
⇣
✓(t�1)

⌘
+
p

2�hTM1/2R(t)

✓(t) = ✓(t�1) + hM�1m(t)
<latexit sha1_base64="Mer1bSxBrBfFTfikeBJ7mVqjCRs="></latexit>

Florian Wenzel, 15 June 2020

N (0, I)
<latexit sha1_base64="st1infY2cLCS2xtZdwYZkuQXMUM=">AAACBXicbVDLSsNAFJ3UV62vqEtdDBahgpTEB7osutGNVLAPaEKZTCft0MmDmRuhhG7c+CtuXCji1n9w5984abPQ6oELh3Pu5d57vFhwBZb1ZRTm5hcWl4rLpZXVtfUNc3OrqaJEUtagkYhk2yOKCR6yBnAQrB1LRgJPsJY3vMz81j2TikfhHYxi5gakH3KfUwJa6pq7TkBgQIlIb8aOYD5UrEN87UjeH8BB1yxbVWsC/JfYOSmjHPWu+en0IpoELAQqiFId24rBTYkETgUbl5xEsZjQIemzjqYhCZhy08kXY7yvlR72I6krBDxRf06kJFBqFHi6M7tZzXqZ+J/XScA/d1MexgmwkE4X+YnAEOEsEtzjklEQI00IlVzfiumASEJBB1fSIdizL/8lzaOqfVw9vT0p1y7yOIpoB+2hCrLRGaqhK1RHDUTRA3pCL+jVeDSejTfjfdpaMPKZbfQLxsc3Z8mX3Q==</latexit>
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Stochastic Gradient Markov Chain Monte Carlo

Florian Wenzel, 15 June 2020

The discretization scheme leads to  

approximate samples from the posterior 

✓(1),✓(2),✓(3), ...
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Is this accurate enough? 
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Novel diagnostics for SG-MCMC

Diagnostics check out!
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Novel diagnostics for SG-MCMC

Diagnostics fail.
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SG-MCMC works well enough!

Florian Wenzel, 15 June 2020

Synthetic data generated from an MLP

Gold Standard (HMC) SG-MCMC



26

Inference

Inaccurate SDE Simulation? 

Bias of SG-MCMC? 

Minibatch noise (which is 
not Gaussian)? 

Bias-variance tradeoff 
induced by cold posterior? 

SG-MCMC inference works well enough!

Florian Wenzel, 15 June 2020
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Inference

Inaccurate SDE Simulation? 

Bias of SG-MCMC? 

Minibatch noise (which is 
not Gaussian)? 

Bias-variance tradeoff 
induced by cold posterior? 

If the model is well-specified, T=1 is optimal. 

But for real-world  data T<1 is better!

Florian Wenzel, 15 June 2020

SG-MCMC inference works well enough!
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The cold posterior effect 

Why does the cold posterior perform better than the 

true Bayes posterior? 

Florian Wenzel, 15 June 2020
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Problems with the prior?

Prior

Current priors used for 
BNN parameters are 
poor? 

The effect becomes 
stronger with increasing 
model depths and 
capacity? 

Florian Wenzel, 15 June 2020

✓(i) ⇠ p(✓) = N (0, I)
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Prior Predictive Experiment

Ex⇠p(x)

h
p
⇣
y|x,✓(i)

⌘i
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✓(i) ⇠ p(✓) = N (0, I)
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Draw from prior Induced predictive distribution

Florian Wenzel, 15 June 2020
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Prior Predictive Experiment

Ex⇠p(x)
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Draw from prior Induced predictive distribution

Florian Wenzel, 15 June 2020

Class ProbabilitiesModel parameters
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Class ProbabilitiesModel parameters
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Prior Predictive Experiment
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Class ProbabilitiesModel parameters
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Prior Predictive Experiment: ResNet-20 / CIFAR-10

Each network drawn from the prior maps all images to one class!

Florian Wenzel, 15 June 2020

Ex⇠p(x)
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There is no “easy” fix of the prior

Florian Wenzel, 15 June 2020

Final performance of different variances  used for the prior σ θ ∼ 𝒩(0,σ)

ResNet-20 / CIFAR-10
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The cold posterior effect becomes stronger with increasing 
capacity

(fixed depth=3) (fixed width=128)

Florian Wenzel, 15 June 2020

MLP / CIFAR-10
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Summary

Florian Wenzel, 15 June 2020

SG-MCMC is accurate enough. 

Cold posteriors work. 

More work on priors for deep nets 
is needed. 

ResNet-20 / CIFAR-10

True Bayes posterior

Optimal cold posterior
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Code: github.com/google-research/

google-research/tree/master/
cold_posterior_bnn 

More info/feedback: 
www.florianwenzel.com 
florianwenzel@google.com 

Florian Wenzel, 15 June 2020

http://github.com/google-research/google-research/tree/master/cold_posterior_bnn
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