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AI that learns as quickly as 
humans and animals

Quickly adapt to new situations in the future
by robustly preserving & using past knowledge
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Fail because too quick to adapt

3h"ps://www.abc.net.au/news/2016-03-25/microso;-created-ai-bot-becomes-racist/7276266



Fail because too slow to adapt

4h"ps://www.youtube.com/watch?v=TxobtWAFh8o The video is from 2017

https://www.youtube.com/watch?v=TxobtWAFh8o


Adaptive & Robust Learning with Bayes

• “Good” algorithms are inherently Bayesian
• Bayesian learning rule [1]
• Robustness: Memorable experiences [2]
• Adaptation: Knowledge-Adaptation Priors 

[3,4,5]
• Take away: A new perspective of Bayes, 

essential for adaptive and robust deep learning
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1. Khan and Rue, The Bayesian Learning Rule, arXiv, https://arxiv.org/abs/2107.04562, 2021
2. Tailor, Chang, Swaroop, Tangkaratt, Solin, Khan. Memorable experiences of ML models (in preparation)
3. Khan et al. Approximate Inference Turns Deep Networks into Gaussian Process, NeurIPS, 2019 
4. Pan et al. Continual Deep Learning by Functional Regularisation of Memorable Past, NeurIPS, 2020
5. Khan and Swaroop. Knowledge-Adaptation Priors, NeurIPS, 2021 (https://arxiv.org/abs/2106.08769)

https://arxiv.org/abs/2106.08769


 The Origin of Algorithms

A good algorithm must revise its 
*past* beliefs by using useful 

*future* information
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See Section 6 (discussion) in Khan and Rue, 2021

1. Khan and Rue, The Bayesian Learning Rule, arXiv, https://arxiv.org/abs/2107.04562, 2021



A Bayesian Origin
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Posterior approximation (expo-family)

vs
Entropy

1. Khan and Rue, The Bayesian Learning Rule, arXiv, https://arxiv.org/abs/2107.04562, 2021
2. Khan and Lin. "Conjugate-computation variational inference: Converting variational inference in non-

conjugate models to inferences in conjugate models.” AIstats (2017). 
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min
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Eq(✓)[`(✓)]�H(q)

Bayesian Learning Rule [1,2]
Natural and Expectation parameters of q

<latexit sha1_base64="/VKLiQx5TGGhUu5e5pIHSoDeOrk="></latexit>

� (1� ⇢)�� ⇢rµEq[`(✓)]

Old belief Revise using new information 
through natural gradients
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Bayesian learning rule:

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).
3. Lin et al. “Handling the positive-definite constraints in the BLR.” ICML (2020).

Table 1: A summary of learning algorithms derived from the BLR. Each algorithm is derived through
specific approximations of the posterior and natural-gradient. New algorithms are marked with “(New)”.
Abbreviations: cov. ! covariance, STE ! Straight-Through-Estimator, VI ! Variational Inference,
VMP ! Variational Message Passing.

Learning Algorithm Posterior Approx. Natural-Gradient Approx. Sec.

Optimization Algorithms

Gradient Descent Gaussian (fixed cov.) Delta method 1.3

Newton’s method Gaussian —–“—– 1.3

Multimodal optimization (New) Mixture of Gaussians —–“—– 3.2

Deep-Learning Algorithms

Stochastic Gradient Descent Gaussian (fixed cov.) Delta method, stochastic approx. 4.1

RMSprop/Adam Gaussian (diagonal cov.) Delta method, stochastic approx.,
Hessian approx., square-root scal-
ing, slow-moving scale vectors

4.2

Dropout Mixture of Gaussians Delta method, stochastic approx.,
responsibility approx.

4.3

STE Bernoulli Delta method, stochastic approx. 4.5

Online Gauss-Newton (OGN)
(New)

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

4.4

Variational OGN (New) —–“—– Remove delta method from OGN 4.4

BayesBiNN (New) Bernoulli Remove delta method from STE 4.5

Approximate Bayesian Inference Algorithms

Conjugate Bayes Exp-family Set learning rate ⇢t = 1 5.1

Laplace’s method Gaussian Delta method 4.4

Expectation-Maximization Exp-Family + Gaussian Delta method for the parameters 5.2

Stochastic VI (SVI) Exp-family (mean-field) Stochastic approx., local ⇢t = 1 5.3

VMP —–“—– ⇢t = 1 for all nodes 5.3

Non-Conjugate VMP —–“—– —–“—– 5.3

Non-Conjugate VI (New) Mixture of Exp-family None 5.4

2.1 Bayesian learning rule as natural-gradient descent

Given the objective L(�) = Eq[¯̀(✓)+log q(✓)] in Eq. 2, the classical gradient-descent algorithm performs
the following update:

�t+1  �t � ⇢tr�L(�t). (15)
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The BLR variants 
[1,2,3] led to the 
winning solution for 
the NeurIPS 2021 
challenge for 
“approximate 
inference in BDL”.
Watch Thomas 
Moellenhoff’s talk at 
https://www.youtube.com/
watch?v=LQInlN5EU7E 

<latexit sha1_base64="/VKLiQx5TGGhUu5e5pIHSoDeOrk="></latexit>

� (1� ⇢)�� ⇢rµEq[`(✓)]



Generalized-Posterior approx.

Bayes Objective
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1. Zellner, A. "Optimal information processing and Bayes's theorem." The American Statistician (1988)
2. Many other: Bissiri, et al. (2016), Shawe-Taylor and Williamson (1997), Cesa-Bianchi and Lugosi (2006)
3. Huszar’s blog, Evolution Strategies, Variational Optimisation and Natural ES (2017)
4. Smith et al., On the Origin of Implicit Regularization in Stochastic Gradient Descent, ICLR, 2021
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Eq(✓)[`(✓)]�H(q)
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Instead of the original 
loss, optimize a different 
(smoothed) one.
 
A popular idea of “implicit 
regularization” in DL [4] 
now, but also A common 
idea in many other fields

See Section 1.2, Eq 2 in Khan and Rue, 2021

ℒ(μ, σ) = 𝔼𝒩(θ|μ,σ2)[ℓ(θ)]



Gradient Descent from Bayes
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Derived by choosing Gaussian with fixed covariance
� �� ⇢rµ (Eq[`(✓)]�H(q))

<latexit sha1_base64="ZgoUih72jNp2X1gy1YFrJC9GVEM="></latexit>

m m� ⇢rmEq[`(✓)]
<latexit sha1_base64="mKRRHs0Ncb8WZ6GVhpi6k093WMo="></latexit>

m m� ⇢rm`(m)
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Gradient descent:

Eq[`(✓)] ⇡ `(m)
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“Global” to “local” 
(the delta method)

� := m
<latexit sha1_base64="a96HRJceYu7AvbLB2G0npJD7GWA=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqswooghqwY3LCvYBnaFkMpk2NMkMSUYopb/hxoUibv0K/8Cdf2M67UJbDwQO55zLvTlhypk2rvvtFJaWV1bXiuuljc2t7Z3y7l5TJ5kitEESnqh2iDXlTNKGYYbTdqooFiGnrXBwO/Fbj1RplsgHM0xpIHBPspgRbKzk+9xGI4wur5Dolitu1c2BFok3I5Wbz9Mc9W75y48SkgkqDeFY647npiYYYWUY4XRc8jNNU0wGuEc7lkosqA5G+c1jdGSVCMWJsk8alKu/J0ZYaD0UoU0KbPp63puI/3mdzMQXwYjJNDNUkumiOOPIJGhSAIqYosTwoSWYKGZvRaSPFSbG1lSyJXjzX14kzZOqd1o9u3crtWuYoggHcAjH4ME51OAO6tAAAik8wQu8Opnz7Lw579NowZnN7MMfOB8/uDmTBg==</latexit>

Expectation parameters 
Natural parameters
Gaussian distribution

µ := Eq[✓] = m
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Entropy

q(✓) := N (m, 1)
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H(q) := log(2⇡)/2
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✓  ✓ � ⇢r✓`(✓)
<latexit sha1_base64="a6+5Yxu90ENkXxqRBNrJ/+cYKDo="></latexit>

Bayes Learn Rule:

See Section 1.3.1 in Khan and Rue, 2021



Bayes Prefers Flatter directions
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Region with
a large loss

Loss

! →

Zero 
gradient

!∗

✓  ✓ � ⇢r✓`(✓)
<latexit sha1_base64="a6+5Yxu90ENkXxqRBNrJ/+cYKDo="></latexit>

⟹ ∇θℓ(θ*) = 0

⟹ ∇m𝔼q*
[ℓ(θ)] = 0 ⟹ 𝔼q*

[∇θℓ(θ)] = 0

GD:
m m� ⇢rmEq[`(✓)]

<latexit sha1_base64="mKRRHs0Ncb8WZ6GVhpi6k093WMo="></latexit>

BLR:

See Eq 25 in Khan and Rue, 2021 (Bonnet’s theorem)

Bayesian solution 
injects “noise” which has 
a similar regularization 
effect to noise in 
Stochastic GD. It prefers 
“flatter” directions.



SGD: Implicit Regularization

12(By Thomas Moellenhoff)



SGD: Implicit Regularization

13(By Thomas Moellenhoff)



Bayes: Implicit Regularization 
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Estimating Gaussian posteriors where the 
variance is fixed, and only the mean is estimated



Bayes: Implicit Regularization
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See Section 4.4 in Khan and Rue, 2021

𝔼q*
[∇θℓ(θ)] = 0 Assign lower 

probability to higher 
losses (large -ve grad) 

Region with
a large loss

Loss

! →

Zero 
gradient

!∗ !∗

"∗($)



Bayes: Implicit Regularization
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Bayes solutions (blue) compared to SGD solutions (red lines)



Deriving Learning-Algorithms from 
the Bayesian Learning Rule

Posterior Approximation   Learning-Algorithm⟷
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Complex Simple

Bayes’ rule 
Gradient
DescentNewtonMixture 

of Newton

See Section 1.3 and 3.2 in Khan and Rue, 2021



Newton’s Method from Bayes
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Derived by choosing a multivariate Gaussian

Expectation parameters 
Natural parameters
Gaussian distribution q(✓) := N (✓|m,S�1)
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µ := {Eq(✓),Eq(✓✓
>)}
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Newton’s method:

� �� ⇢ (rµEq[`(✓)] + �)
<latexit sha1_base64="jKVIoiZqP+0Cz4aycu5oQngzcqI="></latexit>

Sm (1� ⇢)Sm� ⇢rEq(✓)Eq[`(✓)]
<latexit sha1_base64="L0YxREwgd4xVW52Hx4kXKtg8eag="></latexit>

�1

2
S  �(1� ⇢)

1

2
S + ⇢rEq(✓✓>)Eq[`(✓)]

<latexit sha1_base64="RvTTRGcWhoKWYWyVOATRBqr356E="></latexit>

S  (1� ⇢)S � ⇢2rEq(✓✓>)Eq[`(✓)]
<latexit sha1_base64="m7F8o13Jqv7EzTrgw8ytR43m1nI="></latexit>

1. Khan, et al. "Fast and scalable Bayesian deep learning by weight-perturbation in Adam." ICML (2018).

See Section 1.3.2 in Khan and Rue, 2021



Newton’s Method from Bayes
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1. Khan, et al. "Fast and scalable Bayesian deep learning by weight-perturbation in Adam." ICML (2018).

See Section 1.3.2 in Khan and Rue, 2021
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Figure 1: Two examples to illustrate the di↵erence between the solution of the ERM objective (Eq. 1)
vs those of the Bayes objective (Eq. 2). Panel (a): When the minima lies right next to a ‘wall’, the
Bayesian solution shifts away from the wall to avoid large losses under small perturbation, which is due
to the condition Eq. 25. Panel (b): Given a sharp minima vs a flat minima, the Bayesian solution often
prefers the flatter minima, which is again due to the averaging property.

variance. The compute cost is only slightly higher, but it is not an increase in the complexity, rather
due to a di�culty of implementing Eq. 45 in the existing deep-learning software. Khan et al. [2019]
further propose a slightly better (but costlier) approximation based on the FIM the log-likelihood, to
get an algorithm they call the online Generalized Gauss-Newton (OGGN) algorithm. Both OGN and
OGGN algorithms are scalable BLR variants for Laplace’s method in deep learning.

OGN’s uncertainty estimates can be improved by using variational-Bayesian inference. This im-
proves over Laplace’s method by using the stationarity conditions (Eqs. 25 and 26) with an expectation
over q(✓) [Opper and Archambeau, 2009]. The variational solution is slightly di↵erent than Laplace’s
method and is expected to be more robust due to the averaging over q⇤(✓) in Eqs. 25 and 26. Two
such situations are illustrated in Fig. 1, one corresponding to an asymmetric loss where the Bayesian
solution avoids a region with extremely high loss (Fig. 1(a)), and the other one where it seeks a more
stable solution involving a wide and shallow minima compared to a sharp and deep minima (Fig. 1(b)).
Such situations are hypothesised to exist in deep-learning problems [Hochreiter and Schmidhuber, 1997,
1995, Keskar et al., 2016], where a good performance of stochastic optimization methods is attributed
to their ability to find shallow minima [Dziugaite and Roy, 2017]. Similar strategies exist in stochas-
tic search and global optimization literature where a kernel is used to convolve/smooth the objective
function, like in Gaussian homotopy continuation method [Mobahi and Fisher III, 2015], optimization
by smoothing [Leordeanu and Hebert, 2008], graduated optimization method [Hazan et al., 2016], and
evolution strategies [Huning, 1976, Wierstra et al., 2014]. The benefit of the Bayesian approach is that
this kernel corresponds to q(✓) which adapts itself from data and is learned through the BLR.

Variational Bayesian version is obtain by simply removing approximation due to the delta method

15

Avoiding sharp minima

See Section 4.4 in Khan and Rue, 2021
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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
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RMSprop Variational Online Gauss-Newton (VOGN)
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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).
3. Lin et al. “Handling the positive-definite constraints in the BLR.” ICML (2020).

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

The BLR variant from [3] led to the winning solution for the 
NeurIPS 2021 challenge for “approximate inference in 
deep learning”. Watch Thomas Moellenhoff’s talk at https://
www.youtube.com/watch?v=LQInlN5EU7E.

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

Good algorithms can tell apart 
relevant vs irrelevant information

25
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Perturbation, Sensitivity, and Duality

https://tenor.com/view/clockwork-gears-brain-gif-16784329



BLR Solutions & Their Duality
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Global and local natural parameter

Local parameters are Lagrange Multipliers, measuring the 
sensitivity of BLR solutions to local perturbation [1]. They 
can be used to tell apart relevant vs irrelevant data.

1. ADAM, Chang, Khan, Solin, Dual parameterization of SVGP, NeurIPS, 2021

See Section 5.4 in Khan and Rue, 2021 for local parameterization
See Section 3 in ADAM et al. 2021 for dual parameterization
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1. Schneider et al. DeepOBS: A Deep Learning Optimizer Benchmark Suite”. ICLR 2018



Advantages of Memorable Experiences

• Through posterior approximations, the criteria to 
categorize examples naturally emerges
– Generalizes existing concepts such as support 

vectors, influence functions, inducing inputs etc
• Local parameters are available for free and applies 

to almost “any” ML problem 
– Supervised, unsupervised, RL
– Discrete/continuation loss and model parameters

• The sensitivity of posterior leads to “Bayes Duality”

301. Tailor, Chang, Swaroop, Tangkaratt, Solin, Khan. Memorable experiences of ML models (in preparation) 
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The webpage is available at https://bayesduality.github.io/, and Twitter account @BayesDuality 

Received total funding of around USD 3 million through JST’s 
CREST-ANR and Kakenhi Grants. 



Adaptation

Continual Learning without 
forgetting the past (by using 

memorable examples)
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Continual Learning
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Task 1

Task 2
Task 3

1. Khan et al. Approximate Inference Turns Deep Networks into Gaussian Process, NeurIPS, 2019 
2. Pan et al. Continual Deep Learning by Functional Regularisation of Memorable Past, NeurIPS, 2020

Class 0

Class 1

Avoid forgetting by using memorable examples [1,2]



Functional Regularization of 
Memorable Past (FROMP) [4]

34

Previous approaches used weight-regularization [1,2]

New data Weight-regularizer 
using old posteriorWe replace it by a functional 

regularizer using a “Gaussian 
Process view” of DNNs [2]
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1. Kirkpatrick, James, et al. "Overcoming catastrophic forgetting in neural networks." PNAS 2017
2. Nguyen et al., Variational Continual Learning, ICLR, 2018
3. Khan et al. Approximate Inference Turns Deep Networks into Gaussian Process, NeurIPS, 2019 
4. Pan et al. Continual Deep Learning by Functional Regularisation of Memorable Past, NeurIPS, 2020
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K-Priors and Bayes-Duality

• Dual parameterization of DNNs
– expressed as Gaussian Process [1]
– Found using the Bayesian learning rule

• The functional regularizer can provably 
reconstruct the gradient of the past faithfully [2]
– Knowledge-Adaptation priors (K-priors)
– There is a strong evidence that “good” 

adaptive algorithms must use K-priors

35

1. Khan et al. Approximate Inference Turns Deep Networks into Gaussian Process, NeurIPS, 2019 
2. Khan and Swaroop. Knowledge-Adaptation Priors, NeurIPS, 2021 (https://arxiv.org/abs/2106.08769)

See Section 3 and 4, and App A in [2]

https://arxiv.org/abs/2106.08769


Faithful Gradient Reconstruction
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K-prior 
optimum



Faithful Gradient Reconstruction
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No labels required, so  can include any inputs!ℳ



Summary

• A new perspective of Bayes, essential for 
adaptive and robust deep learning

• Approximate posteriors are crucial 
– Bayesian learning rule [1]
– Robustness: Memorable experiences [2] 
– Adaptation: K-Priors [3,4,5]

• Bayes-duality for AI that learns like humans
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1. Khan and Rue, The Bayesian Learning Rule, arXiv, https://arxiv.org/abs/2107.04562, 2021
2. Tailor, Chang, Swaroop, Tangkaratt, Solin, Khan. Memorable experiences of ML models (in preparation)
3. Khan et al. Approximate Inference Turns Deep Networks into Gaussian Process, NeurIPS, 2019 
4. Pan et al. Continual Deep Learning by Functional Regularisation of Memorable Past, NeurIPS, 2020
5. Khan and Swaroop. Knowledge-Adaptation Priors, NeurIPS, 2021 (https://arxiv.org/abs/2106.08769)

https://arxiv.org/abs/2106.08769
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https://team-approx-bayes.github.io/

We have many open positions! 
Come, join us.

Approximate Bayesian Inference Team

https://team-approx-bayes.github.io/

