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AI that learn like humans

Learn and adapt quickly throughout their lives
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Human Learning at 
the age of 6 months.
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Converged at the 
age of 12 months
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Transfer 
skills

at the age 
of 14 

months



Human learning           Deep learning
Life-long learning from 
small chunks of data in 
a non-stationary world
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Bulk learning from a 
large amount of data in 

a stationary world

1. Parisi, German I., et al. "Continual lifelong learning with neural networks: A review." Neural Networks (2019)

My current research focuses on reducing this gap!

2. Geisler, W. S., and Randy L. D. "Bayesian natural selection and the evolution of perceptual 
systems." Philosophical Transactions of the Royal Society of London. Biological Sciences (2002)

Bayesian Principles

This talk



Bayesian (Principles for) Learning Machines

• Bayes is essential for human-like learning, 
but infeasible

• Principle I: Bayes Learning Rule (estimation)

• Principle II: Bayes dual (explore-exploit)

• The way forward to human-like learning
• Disclaimer:Focus on the concepts rather 

than the details
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Principle of Trial-and-Error

9

Frequentist: Empirical Risk Minimization (ERM) or 
Maximum Likelihood Principle, etc.

Deep 
Network

✓  ✓ � ⇢H
�1
✓ r✓`(✓)

<latexit sha1_base64="H0nVksRm1FdAubJ+3atcm+Pshdw="></latexit>

Deep Learning Algorithms:

Scales well to large data and complex model, and 
very good performance in practice.

=
NX

i=1

[yi � f✓(xi)]
2 + �✓T ✓
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Which is a good classifier?
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Which is a good classifier?
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The main challenge 
of life-long learning:
“The Past can come 

back to hurt you”

Misclassified by the red 
line, but not by the blue



Life-Long Deep Learning?
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Update Deep  
Network Select a random  

subset of images

Observe 
categories

Dog vs. Cat Lion vs. Tiger 

Update 
Deep  

Network 

Observe 
categories

Update 
Deep  

Network 

Standard 
Deep 
Learning

Continual Learning: past classes never revisited

Kirkpatrick, James, et al. "Overcoming catastrophic forgetting in neural networks." Proceedings of the 
national academy of sciences 114.13 (2017): 3521-3526.

Standard deep learning forgets the past data.



Bayesian Principles
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(1) Keep your options open

(2) Revise with new evidence

Similar ideas in sequential/online decision-making 
(uncertainty/randomization). Computation is infeasible.



Bayesian (Principles for) Learning Machines

• Bayes is essential for human-like learning, 
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• Principle I: Bayes Learning Rule (estimation)
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Learning-Algorithms from Bayes

Approximate Bayes with the Bayesian learning rule
Posterior Approximation  <=> Learning-Algorithm

15

Complex Simple

Bayes’ rule 
Gradient
DescentNewtonMixture 

of Newton



Bayesian Learning Rule
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Bayes learning rule:

Natural and Expectation parameters of 
an exponential family distribution q

1. Khan and Lin. "Conjugate-computation variational inference: Converting variational inference in non-
conjugate models to inferences in conjugate models.” AIstats (2017).

Deep Learning algo: ✓  ✓ � ⇢H
�1
✓ r✓`(✓)

<latexit sha1_base64="H0nVksRm1FdAubJ+3atcm+Pshdw="></latexit>
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min
q2Q

Eq(✓)[`(✓)]�H(q)
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vs

� �� ⇢rµ (Eq[`(✓)]�H(q))
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Deep Learning algorithms can be obtained by 
1. Choosing a Gaussian approximation, 
2. Giving away the “global” property of the rule

Exponential-family Approx.

Natural Gradient

Entropy
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Bayesian learning rule: � �� ⇢rµ (Eq[`(✓)]�H(q))
<latexit sha1_base64="ZgoUih72jNp2X1gy1YFrJC9GVEM="></latexit>

Khan and Rue. “Learning-
Algorithms from Bayesian 
Principles” (2020)

Work in progress 
(draft available at https://
emtiyaz.github.io/papers/
learning_from_bayes.pdf)

We can design new 
algorithms by relaxing the 
approximations.

For example, to estimate 
uncertainty via Adam, we 
can put back the 
expectation wrt q. This 
gives us the VOGN 
algorithm.

Table 1: A summary of learning algorithms derived from BLR. For each algorithm, we choose a posterior
approximation and make a few algorithmic choices and/or approximations to the gradient rµEqt(✓)[·]. We
also derive some new extensions of existing algorithms (marked with “(New)”). Details on abrreviations:
cov. ! covariance, STE ! Straight-Through-Estimator, VI ! Variational Inference, VMP ! Variational
Message Passing.

Learning Algorithm Posterior Approx. Algorithmic Approx. Sec.

Optimization Algorithms
Gradient Descent Gaussian (fixed cov.) Delta approx. 1.4
Newton’s method Gaussian —–“—– 1.4
Multimodel optimization (New) Mixture of Gaussians —–“—– 3.2

Deep-Learning Algorithms
Stochastic Gradient Descent Gaussian (fixed cov.) Delta approx., Stochastic approx. 4.1
RMSprop/Adam Gaussian (diagonal cov.) Delta approx., Stochastic approx.,

Hessian approx., Square-root scal-
ing, Slow-moving scale vectors

4.2,
4.3

Dropout Mixture of Gaussians Delta approx., Stochastic approx.,
Responsibility approx.

4.4

STE Bernoulli Delta approx., Stochastic approx. 4.6
Online Gauss-Newton (OGN)
(New)

Gaussian (diagonal cov.) Gauss-Newton Hessian approx. in
Adam & no square-root scaling

4.5

Variational OGN (New) —–“—– Remove Delta approx. from OGN 4.5
Bayesian Binary NN (New) —–“—– Remove Delta approx. from STE 4.6

Approximate Bayesian Inference Algorithms
Conjugate Bayes Exp-family Set learning rate ⇢t = 1 5.1
Laplace’s method Gaussian Delta approx. 5.2
Expectation-Maximization Exp-Family + Gaussian Delta approx. for the parameters 5.3
Stochastic VI (SVI) Exp-family (mean-field) Stochastic approx., local rate ⇢t = 1 5.4
VMP —–“—– Set learning rate ⇢t = 1 5.4
Non-Conjugate VMP —–“—– —–“—– 5.4
Non-Conjugate VI (New) Mixture of Exp-family None 5.5

2 Bayesian Learning Rule

This section contains two derivations of the BLR. First, we interpret it as a natral-gradient descent
using a second order expansion of the KLD, which strengthen the intuition about the BLR. Secondly, we
do a more formal derivation using a mirror-descent algorithm leveraging the connection to information
geometry and where we can bypass the need for doing the second order approximation of the KLD.

5

1. Khan, et al. "Fast and scalable Bayesian deep learning by weight-perturbation in Adam." ICML (2018).
2. Osawa et al. “Practical Deep Learning with Bayesian Principles.” NeurIPS (2019).

https://emtiyaz.github.io/papers/learning_from_bayes.pdf
https://emtiyaz.github.io/papers/learning_from_bayes.pdf
https://emtiyaz.github.io/papers/learning_from_bayes.pdf


NeurIPS 2019 
Tutorial
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Uncertainty Estimation in DL

19

1. Khan, et al. "Fast and scalable Bayesian deep learning by weight-perturbation in Adam." ICML (2018).
2. Osawa et al. “Practical Deep Learning with Bayesian Principles.” NeurIPS (2019).

Code available at https://github.com/team-approx-bayes/dl-with-bayesFigure 1: Comparing VOGN [22], a natural-gradient VI method, to Adam and SGD, training ResNet-
18 on ImageNet. The two left plots show that VOGN and Adam have similar convergence behaviour
and achieve similar performance in about the same number of epochs. VOGN achieves 67.38% on
validation compared to 66.39% by Adam and 67.79% by SGD. Run-time of VOGN is 76 seconds per
epoch compared to 44 seconds for Adam and SGD. The rightmost figure shows the calibration curve.
VOGN gives calibrated predictive probabilities (the diagonal represents perfect calibration).

We demonstrate practical training of deep networks by using recently proposed natural-gradient VI38

methods. These methods resemble the Adam optimiser, enabling us to leveraging existing techniques39

for initialisation, momentum, batch normalisation, data augmentation, and distributed training. As a40

result, we obtain similar performance in about the same number of epochs as Adam when training41

many popular deep networks (e.g., LeNet, AlexNet, ResNet) on datasets such as CIFAR-10 and42

ImageNet. See Fig. 1 for Imagenet. The results show that, despite using an approximate posterior, the43

training methods preserve the benefits of Bayesian principles. Compared to standard deep-learning44

methods, the predictive probabilities are well-calibrated and uncertainties on out-of-distribution45

inputs are improved. Our work shows that practical deep learning is possible with Bayesian methods46

and aims to support further research in this area.47

Related work. Previous VI methods, notably by Graves [15] and Blundell et al. [4], require signifi-48

cant implementation and tuning effort to perform well, e.g., on convolution neural networks (CNN).49

Slow convergence is found to be problematic for sequential problems [43]. There appears to be no50

reported results with complex networks on large problems, such as ImageNet. Our work solves these51

issues by borrowing deep-learning techniques and applying them to natural-gradient VI [22, 51].52

In their paper, Zhang et al. [51] also employed data augmentation and batch normalisation for a53

natural-gradient method called Noisy K-FAC (see Appendix A) and showed results on VGG on54

CIFAR-10. However, a mean-field method called noisy Adam was found to be unstable with batch55

normalisation. In contrast, we show that a similar method, called Variatonal Online Gauss-Newton56

(VOGN), proposed by Khan et al. [22], works well with such techniques. We show results for57

distributed training with noisy K-FAC on Imagenet, but do not provide extensive comparisons. Many58

of our techniques can be used to speed-up noisy K-FAC too, which is promising.59

Many other approaches have recently been proposed to compute posterior approximations by training60

deterministic networks [44, 36, 37]. Similarly to MC-dropout, the posterior approximation is not61

flexible and it is difficult to improve the accuracy of the posterior approximations. On the other hand,62

VI offers a much more flexible alternative to apply Bayesian principles to deep learning.63

2 Deep Learning with Bayesian Principles and Its Challenges64

The success of deep learning is partly due to the availability of scalable and practical methods for65

training deep neural networks (DNNs). Network training is formulated as an optimisation problem66

where a loss between the data and the DNN’s predictions is minimised. For example, in a supervised67

learning task with a dataset D of N inputs xi and corresponding outputs yi of length K, we minimise68

a loss of the following form: ¯̀(w) + �w
>
w, where ¯̀(w) := 1

N

P
i `(yi, fw(xi)), fw(x) 2 RK

69

denotes the DNN outputs with weights w, `(y, ŷ) denotes a differentiable loss function between an70

2

VOGN: A modification of Adam but match the 
performance on ImageNet

https://github.com/team-approx-bayes/dl-with-bayes


Continual Learning: Fixing Bayes
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1. Nguyen et al. “Variational Continual Learning.” ICLR (2018).
2. Kirkpatrick, James, et al. "Overcoming catastrophic forgetting in neural networks." PNAS 2017
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VCL is Bayesian method, trained using SGD, & performs poorly
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Bayesian Learning Rule (VOGN) fixes the gap

1. Nguyen et al. “Variational Continual Learning.” ICLR (2018).
2. Kirkpatrick, James, et al. "Overcoming catastrophic forgetting in neural networks." PNAS 2017



Bayesian (Principles for) Learning Machines

• Bayes is essential for human-like learning, but infeasible
• Principle I: Bayes Learning Rule (estimation)

– Unify, generalize, and improve learning-algorithms
– Application: Uncertainty estimation in deep learning

• Principle II: Bayes dual (explore-exploit)

– Knowledge transfer using a dual representation
– Application: Continual learning of deep networks

• The way forward to human-like learning

• Disclaimer:Focus on the concepts rather than the details

22



Relevance of Data Examples
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Which examples are most relevant for the 
classifier? Red circle vs Blue circle.



Model view vs Data view
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Model
view
Data
view
(Very 
much 
like 

SVMs)

Bayes “automatically” defines data-relevance

(By Roman Bachmann)



Bayes Duality
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neural network

NX

i=1

`(yi, f✓(xi)) + �✓>✓
<latexit sha1_base64="UvQs/9P4oGbZqh2QQyUEnUGXspM="></latexit>

⇡
NX

i=1

1

�2
i

[ỹi � �i(xi)
>✓]2 + �✓>✓

<latexit sha1_base64="pMi8ZrYqWcaDHRC5HS9LFcK0JtA="></latexit>

“Dual” variables obtained from
(For Gaussian approx, obtained from Jacobian, residual etc.) 

1. Khan et al. "Approximate Inference Turns Deep Networks into Gaussian Processes." NeurIPS (2019).

• DNN2GP: Gaussian approx fom Bayes learning rule 
connect NN to Linear models & Gaussian Process (GPs) [1].

• sigma_i^2 defines the “relevance” of the data examples. 
We call more relevant ones the “memorable examples”.

• Natural-gradients give “dual variables” (Bayes Duality)

rµEq[`i(✓)]
<latexit sha1_base64="9mFcWkcI4g6ybK+BtLiMDt4FZcQ="></latexit>
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Least Relevant Most Relevant

MNIST
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Least Relevant Most Relevant

CIFAR-10



Continual Learning with Bayes Dual
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p(✓|D2,D1) =
p(D2|✓)p(✓|D1)R
p(D2|✓)p(✓|D1)d✓

<latexit sha1_base64="5IKqIlUc+Wi0J7ui/TYNIYOyjxk="></latexit>

p(✓|D2,D1) =
<latexit sha1_base64="FhI/WGBzg4B+8p/CGzIMDqOWUvA=">AAACEnicbVC7SgNBFJ2Nrxhfq5aCDAYhAQm7EdFGCWhhGcE8IBvC7GSSDJl9MHNXCGu+wcZG/8PGQhFbKzv/xtkkRUw8MHDmnHu59x43FFyBZf0YqYXFpeWV9GpmbX1jc8vc3qmqIJKUVWggAll3iWKC+6wCHASrh5IRzxWs5vYvE792x6TigX8Lg5A1PdL1eYdTAlpqmfkw50CPAbl3PAI9SkR8NWwVj/D0187jc9wys1bBGgHPE3tCsqX9pwTP5Zb57bQDGnnMByqIUg3bCqEZEwmcCjbMOJFiIaF90mUNTX3iMdWMRycN8aFW2rgTSP18wCN1uiMmnlIDz9WVyaJq1kvE/7xGBJ2zZsz9MALm0/GgTiQwBDjJB7e5ZBTEQBNCJde7YtojklDQKWZ0CPbsyfOkWizYx4WTG53GBRojjfbQAcohG52iErpGZVRBFD2gF/SG3o1H49X4MD7HpSlj0rOL/sD4+gXyyaC2</latexit>

Before: Use past posterior as 
prior for the next task 

New Idea: Don’t let the predictions of memorable 
examples change (functional regularization with GPs)

(θ − θold)⊤Σ−1
old(θ − θold)

p(D2|✓)p(✓|D1)

<latexit sha1_base64="CPo0O+l1NBvUzgQVLXRy9wMhf8Q=">AAACJ3icbVDLSgMxFM3UV62vUZeCBEXQTZkpgrqRgi5cVrBV6JSSSW9tMPMguSOUcT5E1278FTeCiujSPzEzdVEfBwKHc85Nbo4fS6HRcT6s0sTk1PRMebYyN7+wuGQvr7R0lCgOTR7JSF34TIMUITRRoISLWAELfAnn/tVR7p9fg9IiCs9wGEMnYJeh6AvO0Ehd+zDe9gKGA85kepx1azceDgDZDk294vLUlwlk1KQK/WY87O5kXXvTqToF6F/ifpPN+vptjrtG1372ehFPAgiRS6Z123Vi7KRMoeASsoqXaIgZv2KX0DY0ZAHoTlqsktEto/RoP1LmhEgLdXwiZYHWw8A3yXxN/dvLxf+8doL9/U4qwjhBCPnooX4iKUY0L432hAKOcmgI40qYXSkfMMU4mmorpgT395f/klat6u5WD05NG4dkhDJZIxtkm7hkj9TJCWmQJuHknjySF/JqPVhP1pv1PoqWrO+ZVfID1ucXnq+qxg==</latexit>

[f(Xm) − fold(Xm)]
⊤
Kold(Xm, Xm)−1[f(Xm) − fold(Xm)]

Gauss Approx (Weight regularization [1])

1. Kirkpatrick, James, et al. "Overcoming catastrophic forgetting in neural networks." PNAS 2017



Functional Regularization of 
Memorable Past (FROMP)
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Task 1

Task 2
Task 3

Regularize the function outputs.
Simply adds an additional term in Adam.

1. Pan et al. Continual Deep Learning by Functional Regularisation of Memorable Past, Openreview, 2019
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1. Nguyen et al. “Variational Continual Learning.” ICLR (2018).
2. Kirkpatrick, James, et al. "Overcoming catastrophic forgetting in neural networks." PNAS 2017
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VOGN uses Gaussian posterior as prior in “weight-space”, does 
not perform significantly better than other methods
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Continual Learning: Improving Bayes
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FROMP

1. Pan et al. Continual Deep Learning by Functional Regularisation of Memorable Past, Openreview, 2019
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FROMP uses a GP prior in “function-space” over the 
“memorable pasts” and improves the performance.

Best Possible
(batch training)



Bayesian (Principles for) Learning Machines

• Bayes is essential for human-like learning, 
but infeasible

• Principle I: Bayes Learning Rule (estimation)

• Principle II: Bayes dual (explore-exploit)

• The way forward to human-like learning
• Disclaimer:Focus on the concepts rather 

than the details

32



Human Learning at 
the age of 6 months.
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Federated 
learning

Bayes is indispensable for an AI that 
learns as efficiently as we do

34

Continual
Learning

Reinforcement 
Learning

Online 
learning

Reasoning

Explainable 
Interpretable

Causality

Active 
learning

Bayesian 
Principles
(Explore-exploit)



How to design AI that learn like us?

• Three questions
– Q1: What do we know? (model)
– Q2: What do we not know? (uncertainty)
– Q3: What do we need to know? (action & exploration)

• Posterior approximation is the key
– (Q1) Models == representation of the world
– (Q2) Posterior approximations == representation of the model
– (Q3) The Bayes-dual representation will enable 

• represent learned knowledge, 
• reuse them in novel situations, 
• interact with the environment to collect new knowledge

35
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Available at
https://emtiyaz.github.io/papers/learning_from_bayes.pdf
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