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My background

• Gaussian processes
• Rossi, Heinonen, Bonilla, Shen, Filippone. Sparse Gaussian 

Processes Revisited: Bayesian Approaches to Inducing-Variable 
Approximations, AISTATS’21

• Dynamical Systems
• Yildiz, Heinonen, Lähdesmäki. ODE2VAE: Deep generative second 

order ODEs with Bayesian neural networks, NIPS’19

• Bayesian deep learning
• Trinh, Kaski, Heinonen. Scalable Bayesian neural networks by 

layer-wise input augmentation. Arxiv’20

• Bioinformatics, drug development, robotics, etc



Deep learning

• Learn to explain what we can’t
explain

• Classic neural networks
• Massive capacity ( ... to make

mistakes)
• Massive amounts of data
• Huge parameter spaces
• Deterministic: no uncertainty
• Black box’y

to spoofing, for example, there is its gross inefficiency.
“For a child to learn to recognize a cow,” says Hinton,
“it’s not like their mother needs to say ‘cow’ 10,000
times”—a number that’s often required for deep-learn-
ing systems. Humans generally learn new concepts from
just one or two examples.

Then there’s the opacity problem. Once a deep-
learning system has been trained, it’s not always clear
how it’s making its decisions. “In many contexts that’s
just not acceptable, even if it gets the right answer,” says
David Cox, a computational neuroscientist who heads
theMIT-IBMWatson AI Lab in Cambridge,MA. Suppose
a bank uses AI to evaluate your credit-worthiness and
then denies you a loan: “In many states there are laws
that say you have to explain why,” he says.

And perhaps most importantly, there’s the lack of
common sense. Deep-learning systems may be wizards
at recognizing patterns in the pixels, but they can’t un-
derstand what the patterns mean, much less reason
about them. “It’s not clear to me that current systems
would be able to see that sofas and chairs are for sitting,”
says Greg Wayne, an AI researcher at DeepMind, a
London-based subsidiary of Google’s parent company,
Alphabet.

Increasingly, such frailties are raising concerns
about AI among the wider public, as well—especially
as driverless cars, which use similar deep-learning
techniques to navigate, get involved in well-publicized
mishaps and fatalities. “People have started to say,
‘Maybe there is a problem’,” says Gary Marcus, a cogni-
tive scientist at New York University and one of deep
learning’s most vocal skeptics. Until the past year or so,
he says, “there had been a feeling that deep learning
wasmagic. Now people are realizing that it’s notmagic.”

Still, there’s no denying that deep learning is an in-
credibly powerful tool—one that’s made it routine to
deploy applications such as face and voice recognition
that were all but impossible just a decade ago. “So I
have a hard time imagining that deep learning will go
away at this point,” Cox says. “It is much more likely
that we will modify it, or augment it.”

Brain Wars
Today’s deep-learning revolution has its roots in the “brain
wars” of the 1980s when advocates of two different ap-
proaches to AI were talking right past each other.

On one side was an approach—now called “good old-
fashioned AI”—that had dominated the field since the
1950s. Also known as symbolic AI, it used mathematical
symbols to represent objects and the relationship between
objects. Coupled with extensive knowledge bases built by
humans, such systems proved to be impressively good at
reasoning and reaching conclusions about domains such as
medicine. But by the 1980s, it was also becoming clear that
symbolic AI was impressively bad at dealingwith the fluidity
of symbols, concepts, and reasoning in real life.

In response to these shortcomings, rebel researchers
began advocating for artificial neural networks, or con-
nectionist AI, the precursors of today’s deep-learning
systems. The idea in any such system is to process sig-
nals by sending them through a network of simulated
nodes: analogs of neurons in the human brain. The
signals pass from node to node along connections, or
links: analogs of the synaptic junctions between neu-
rons. And learning, as in the real brain, is a matter of
adjusting the “weights” that amplify or damp the sig-
nals carried by each connection.

In practice, most networks arrange the nodes as a
series of layers that are roughly analogous to different

“Neural network” models of AI process signals by sending them through a network of nodes analogous to neurons.
Signals pass from node to node along links, analogs of the synaptic junctions between neurons. “Learning” improves the
outcome by adjusting the weights that amplify or damp the signals each link carries. Nodes are typically arranged in a
series of layers that are roughly analogous to different processing centers in the cortex. Today’s computers can handle
“deep-learning” networks with dozens of layers. Image credit: Lucy Reading-Ikkanda (artist).
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PNAS 2019: What are the limits of deep learning?



Deep learning breakthroughs



Benchmarks drive deep learning

• Standard benchmarks and metrics
• ImageNet top-1 accuracy has risen

50% -> 90% in 10 years
• .. is the accuracy real?



Uh oh…

Recht, Roelofs, Schmidt, Shankar. Do ImageNet Classifiers Generalize to ImageNet?, ICML 2019

Original test images New test images



Adversarial attacks

• Neural networks can be fooled by hostile 
perturbations
• Conventional training error is oblivious to attacks

• More data would not help!

• Non-smooth decision boundaries
• Prediction overconfidence

Szegedy, Zaremba, Sutskever, Bruna, Erhan, Goodfellow, Fergus. Intriguing properties of neural networks, ICLR 2014



Goodfellow, Shlens, Szegedy. Explaining and Harnessing Adversarial Examples. ICLR 2015 

Sensitivity to patterns



Overconfidence of DL

• Neural network predictions are often overconfident

• Are such predictions useful for downstream tasks?

Guo, Pleiss, Sun, Weinberger. On Calibration of Modern Neural Networks, ICML 2017



Deep learning calibration

• Multiple calibration techniques
• Bayesian models are often less susceptible

Dutordoir, Wilk, Artemev, Hensman. Bayesian Image Classification with Deep Convolutional Gaussian Processes, AISTATS 2020



Remedies

• Towards better models
• Augmentations improve generalisation
• Ensembling improves uncertainty
• Dropout increases robustness
• Skip connections help optimisation

Augmentations
Ensembles Skip connection

Dropout



Bayesian learning

• Assign prior p(params) and likelihood p(data|params)

• Infer posterior p(params|data)

• We obtain distributions of neural networks
• Captures uncertainty

• Bayes is expensive: can we apply it to NNs?

Thomas Bayes

parameters



Bayesian neural networks (BNN)

• Bayesian deep learning
• Probabilistic models with parameter 

uncertainty
• Define what we know and what we don’t 

know
• Solid statistical foundations
• Improved robustness
• Millions of parameters



Standard solutions: variational inference and MCMC

• Variational inference
• capture one mode

• MCMC
• travel parameter space 

?

?

?

?

Izmailov et al. What Are Bayesian Neural 
Network Posteriors Really Like? ICML’21Blundell et al. Weight Uncertainty in Neural Networks. ICML’15



The posterior is absurdly large

https://losslandscape.com/



https://losslandscape.com/



Architecture matters

• Architectures have different loss landscapes

• => We can have simpler posteriors by smart design choices 
Hao et al. Visualising the loss landscape of neural networks, NIPS’18 



Low-rank BNNs

• Our hypothesis: can we define order of magnitude 
smaller parameterisation?
• Node-based BNN

• Weights are point-optimised (re-use pretrained models)
• Node variables z inject stochasticity
• We use mixture-VI inference

Dusenberry et al. Efficient and Scalable Bayesian Neural Nets with Rank-1 Factors. ICML’20



Node BNN performance

• Prior and posterior distributions for weights
• Improved accuracy and calibration

Trung, Kaski, Heinonen. Scalable Bayesian neural networks by layer-wise input augmentation, 2021



Node BNN performance

• Prior and posterior distributions for weights
• Improved accuracy and calibration

Trung, Kaski, Heinonen. Scalable Bayesian neural networks by layer-wise input augmentation, 2021



Turning pretrained models into Bayesian ones

• We start from pretrained weights, and infer node variables z
• Cheap performance boost
• Dramatic calibration improvement



We obtain reasonable uncertainties



Joint work at ~Helsinki, Finland

Trung Tringh
Aalto University

Prof. Samuel Kaski
Aalto University

Prof. Luigi Acerbi
University of Helsinki

Markus Heinonen
Aalto University

Trinh, Kaski, Heinonen. 
Scalable Bayesian neural networks by layer-wise input augmentation
Technical report, 2020

Trinh, Heinonen, Acerbi, Kaski
Tackling covariate shift with node-based Bayesian neural networks
Submitted 2022



It’s all about model and data

• Is our model appropriate for the underlying problem?
• Do we have enough data given the model?



Conclusion

• BNNs have better ‘out-of-the-box’ performance than CNNs over calibration, robustness and 
generalisation

• (Regular) weight-based BNN inference is a challenging task
• Node-based BNNs provide state-of-the-art performance cheaply

• More analysis of BNNs wrt adversariality, pattern sensitivity and generalisation are needed

Thanks!


