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AI that learn like humans

Quickly adapt to learn new skills, throughout 
their lives
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Failure of AI in “dynamic” setting

6h"ps://www.youtube.com/watch?v=TxobtWAFh8o The video is from 2017

Robots need quick adaptation to be deployed 
(for example, at homes for elderly care)
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Towards a new learning paradigm, 
based on Bayesian principles

July 14, 2021



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

Our current research focuses on reducing this gap!
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1. Parisi, German I., et al. "Continual lifelong learning with neural networks: A review." Neural Networks (2019)

Our 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
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Abstract

We show that many machine-learning algorithms are specific instances of a single algorithm
called the Bayesian learning rule. The rule, derived from Bayesian principles, yields a wide-range
of algorithms from fields such as optimization, deep learning, and graphical models. This includes
classical algorithms such as ridge regression, Newton’s method, and Kalman filter, as well as modern
deep-learning algorithms such as stochastic-gradient descent, RMSprop, and Dropout. The key idea
in deriving such algorithms is to approximate the posterior using candidate distributions estimated by
using natural gradients. Di↵erent candidate distributions result in di↵erent algorithms and further
approximations to natural gradients give rise to variants of those algorithms. Our work not only
unifies, generalizes, and improves existing algorithms, but also helps us design new ones.

1 Introduction

1.1 Learning-algorithms

Machine Learning (ML) methods have been extremely successful in solving many challenging problems
in fields such as computer vision, natural-language processing and artificial intelligence (AI). The main
idea is to formulate those problems as prediction problems, and learn a model on existing data to predict
the future outcomes. For example, to design an AI agent that can recognize objects in an image, we
can collect a dataset with N images xi 2 RD and object labels yi 2 {1, 2, . . . , K}, and learn a model
f✓(x) with parameters ✓ 2 RP to predict the label for a new image. Learning algorithms are often
employed to estimate the parameters ✓ using the principle of trial-and-error, e.g., by using Empirical
Risk Minimization (ERM),

✓⇤ = argmin
✓

¯̀(✓) where ¯̀(✓) =
NX

i=1

`(yi, f✓(xi)) + R(✓). (1)

Here, `(y, f✓(x)) is a loss function that encourages the model to predict well and R(✓) is a regularizer
that prevents it from overfitting. A wide-variety of such learning-algorithms exist in the literature to
solve a variety of learning problems, for example, ridge regression, Kalman filters, gradient descent, and
Newton’s method. These algorithms play a key role in the success of modern ML.

Learning-algorithms are often derived by borrowing and combining ideas from a diverse set of fields,
such as statistics, optimization, and computer science. For example, the field of probabilistic graphical
models [Koller and Friedman, 2009, Bishop, 2006] uses popular algorithms such as ridge-regression [Ho-
erl and Kennard, 1970], Kalman filters [Kalman, 1960], Hidden Markov Models [Stratonovich, 1965],
and Expectation-Maximization (EM) [Dempster et al., 1977]. The field of Approximate Bayesian Infer-
ence builds upon such algorithms to perform inference on complex graphical models, e.g., algorithms

1

10Khan and Rue, The Bayesian Learning Rule, arXiv, https://arxiv.org/abs/2107.04562, 2021
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Instead of the original 
loss, optimize a different 
(smoothed) one (a very 
popular idea now for DL 
theory [4]).

A common idea in 
Inference, optimization, 
online learning, 
Reinforcement learning

See Section 1.2, Eq 2 in Khan and Rue, 2021
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Instead of the original 
loss, optimize a different 
(smoothed) one (a very 
popular idea now for DL 
theory [4]).

A common idea in 
Inference, optimization, 
online learning, 
Reinforcement learning

See Section 1.2, Eq 2 in Khan and Rue, 2021
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[ℓ(θ)]Optimality condition:

Natural gradient (NatGrad)

For minimal Exp-Family: −λ* = ∇μ𝔼q*
[ℓ(θ)]

“Information matching” due to the entropy term
1. Natural gradients are essential, & contain higher-order 

information about the loss, e.g., 1st and 2nd derivatives
2. This info is then assigned to appropriate natural params
By changing Q & approx. to natGrads, we can choose the 
kind of “information” and recover many learning algorithms.
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H(q) := log(2⇡)/2
<latexit sha1_base64="TeFJTJQysL/svzgL44d23d+iA7k=">AAACB3icbVC7SgNBFJ2NrxhfqxYWggwGYdPE3YhEBCFgkzKCeUB2CbOT2WTI7MOZWSEs6Wys/A8bC0Vs9RPs/BFrZ5MUmnjgwuGce7n3HjdiVEjT/NIyC4tLyyvZ1dza+sbmlr690xBhzDGp45CFvOUiQRgNSF1SyUgr4gT5LiNNd3CZ+s1bwgUNg2s5jIjjo15APYqRVFJHP7B9JPsYsaQ6Mm4K8PwC2izsGSU7ooXjUkfPm0VzDDhPrCnJV/bijwfb+K519E+7G+LYJ4HEDAnRtsxIOgnikmJGRjk7FiRCeIB6pK1ogHwinGT8xwgeKaULvZCrCiQcq78nEuQLMfRd1ZleLWa9VPzPa8fSO3MSGkSxJAGeLPJiBmUI01Bgl3KCJRsqgjCn6laI+4gjLFV0ORWCNfvyPGmUitZJ8fRKpVEGE2TBPjgEBrBAGVRAFdRAHWBwBx7BM3jR7rUn7VV7m7RmtOnMLvgD7f0H5ASbDA==</latexit>

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

See Section 1.3.1 in Khan and Rue, 2021
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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>

Gradient descent:

� := 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
<latexit sha1_base64="cNeSOwgBk16lIirR3C0fcoEhwJY=">AAACCHicbVA9SwNBEN3zM8avqKWFq0GwCneKKEIkEATLCCYRckfY22zMkt27c3dOCUcKCxut/RU2ForY+hPs/DfuJSk0+mDg8d4MM/P8SHANtv1lTUxOTc/MZuay8wuLS8u5ldWaDmNFWZWGIlQXPtFM8IBVgYNgF5FiRPqC1f1uOfXr10xpHgbn0IuYJ8llwNucEjBSM7fhyhgfFbErCXR8PznpN68aLnQYEA8XsWzm8nbBHgD/Jc6I5EubN+Kh/HhbaeY+3VZIY8kCoIJo3XDsCLyEKOBUsH7WjTWLCO2SS9YwNCCSaS8ZPNLH20Zp4XaoTAWAB+rPiYRIrXvSN53pvXrcS8X/vEYM7UMv4UEUAwvocFE7FhhCnKaCW1wxCqJnCKGKm1sx7RBFKJjssiYEZ/zlv6S2W3D2CvtnJo1jNEQGraMttIMcdIBK6BRVUBVRdIee0At6te6tZ+vNeh+2TlijmTX0C9bHN129m+g=</latexit>

Entropy

q(✓) := N (m, 1)
<latexit sha1_base64="VLIJksnLhlFGb0I6mjjY2mTg0ss=">AAACCHicbVC7SgNBFJ2NrxhfUQsLCweDsAEJu4pEBCFgYyURzAOyS5idTMyQ2Yczd4WwpLSx8UNsLBSxzSfY+SPWTh6FJh64cDjnXu69x4sEV2BZX0Zqbn5hcSm9nFlZXVvfyG5uVVUYS8oqNBShrHtEMcEDVgEOgtUjyYjvCVbzuhdDv3bPpOJhcAO9iLk+uQ14m1MCWmpm9+5MBzoMSB6fnWPHJ9ChRCRXfdM/xHYeN7M5q2CNgGeJPSG50k48eHLM73Iz++m0Qhr7LAAqiFIN24rATYgETgXrZ5xYsYjQLrllDU0D4jPlJqNH+vhAKy3cDqWuAPBI/T2REF+pnu/pzuGlatobiv95jRjap27CgygGFtDxonYsMIR4mApucckoiJ4mhEqub8W0QyShoLPL6BDs6ZdnSfWoYB8XTq51GkU0Rhrton1kIhsVUQldojKqIIoe0DN6RW/Go/FivBsf49aUMZnZRn9gDH4AN0KbMg==</latexit>

H(q) := log(2⇡)/2
<latexit sha1_base64="TeFJTJQysL/svzgL44d23d+iA7k=">AAACB3icbVC7SgNBFJ2NrxhfqxYWggwGYdPE3YhEBCFgkzKCeUB2CbOT2WTI7MOZWSEs6Wys/A8bC0Vs9RPs/BFrZ5MUmnjgwuGce7n3HjdiVEjT/NIyC4tLyyvZ1dza+sbmlr690xBhzDGp45CFvOUiQRgNSF1SyUgr4gT5LiNNd3CZ+s1bwgUNg2s5jIjjo15APYqRVFJHP7B9JPsYsaQ6Mm4K8PwC2izsGSU7ooXjUkfPm0VzDDhPrCnJV/bijwfb+K519E+7G+LYJ4HEDAnRtsxIOgnikmJGRjk7FiRCeIB6pK1ogHwinGT8xwgeKaULvZCrCiQcq78nEuQLMfRd1ZleLWa9VPzPa8fSO3MSGkSxJAGeLPJiBmUI01Bgl3KCJRsqgjCn6laI+4gjLFV0ORWCNfvyPGmUitZJ8fRKpVEGE2TBPjgEBrBAGVRAFdRAHWBwBx7BM3jR7rUn7VV7m7RmtOnMLvgD7f0H5ASbDA==</latexit>

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

See Section 1.3.1 in Khan and Rue, 2021
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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>

Gradient descent:

Eq[`(✓)] ⇡ `(m)
<latexit sha1_base64="qsg07BnB/paLQCxpgnk/lIhGH4M=">AAACE3icbVC7SgNBFJ31bXxFLW1GRVCLsKuIViIEwTKCeUB2CbOTm2TI7MOZu2pYUljb2ORXbCwUsbWx82+cPAqNHhg4nHMvd87xYyk02vaXNTE5NT0zOzefWVhcWl7Jrq6VdJQoDkUeyUhVfKZBihCKKFBCJVbAAl9C2W/n+375BpQWUXiFnRi8gDVD0RCcoZFq2X03YNjy/fS8W7uuuiDlrostQLbnUZfFsYru6EAN9mrZbTtnD0D/EmdEts82b+VDvndfqGU/3XrEkwBC5JJpXXXsGL2UKRRcQjfjJhpixtusCVVDQxaA9tJBpi7dMUqdNiJlXoh0oP7cSFmgdSfwzWQ/gR73+uJ/XjXBxomXijBOEEI+PNRIJMWI9guidaGAo+wYwrgS5q+Ut5hiHE2NGVOCMx75Lykd5JzD3NGlaeOUDDFHNsgW2SUOOSZn5IIUSJFw8kieyAt5tXrWs/VmvQ9HJ6zRzjr5BevjG5S3oO4=</latexit>

“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
<latexit sha1_base64="cNeSOwgBk16lIirR3C0fcoEhwJY=">AAACCHicbVA9SwNBEN3zM8avqKWFq0GwCneKKEIkEATLCCYRckfY22zMkt27c3dOCUcKCxut/RU2ForY+hPs/DfuJSk0+mDg8d4MM/P8SHANtv1lTUxOTc/MZuay8wuLS8u5ldWaDmNFWZWGIlQXPtFM8IBVgYNgF5FiRPqC1f1uOfXr10xpHgbn0IuYJ8llwNucEjBSM7fhyhgfFbErCXR8PznpN68aLnQYEA8XsWzm8nbBHgD/Jc6I5EubN+Kh/HhbaeY+3VZIY8kCoIJo3XDsCLyEKOBUsH7WjTWLCO2SS9YwNCCSaS8ZPNLH20Zp4XaoTAWAB+rPiYRIrXvSN53pvXrcS8X/vEYM7UMv4UEUAwvocFE7FhhCnKaCW1wxCqJnCKGKm1sx7RBFKJjssiYEZ/zlv6S2W3D2CvtnJo1jNEQGraMttIMcdIBK6BRVUBVRdIee0At6te6tZ+vNeh+2TlijmTX0C9bHN129m+g=</latexit>

Entropy

q(✓) := N (m, 1)
<latexit sha1_base64="VLIJksnLhlFGb0I6mjjY2mTg0ss=">AAACCHicbVC7SgNBFJ2NrxhfUQsLCweDsAEJu4pEBCFgYyURzAOyS5idTMyQ2Yczd4WwpLSx8UNsLBSxzSfY+SPWTh6FJh64cDjnXu69x4sEV2BZX0Zqbn5hcSm9nFlZXVvfyG5uVVUYS8oqNBShrHtEMcEDVgEOgtUjyYjvCVbzuhdDv3bPpOJhcAO9iLk+uQ14m1MCWmpm9+5MBzoMSB6fnWPHJ9ChRCRXfdM/xHYeN7M5q2CNgGeJPSG50k48eHLM73Iz++m0Qhr7LAAqiFIN24rATYgETgXrZ5xYsYjQLrllDU0D4jPlJqNH+vhAKy3cDqWuAPBI/T2REF+pnu/pzuGlatobiv95jRjap27CgygGFtDxonYsMIR4mApucckoiJ4mhEqub8W0QyShoLPL6BDs6ZdnSfWoYB8XTq51GkU0Rhrton1kIhsVUQldojKqIIoe0DN6RW/Go/FivBsf49aUMZnZRn9gDH4AN0KbMg==</latexit>

H(q) := log(2⇡)/2
<latexit sha1_base64="TeFJTJQysL/svzgL44d23d+iA7k=">AAACB3icbVC7SgNBFJ2NrxhfqxYWggwGYdPE3YhEBCFgkzKCeUB2CbOT2WTI7MOZWSEs6Wys/A8bC0Vs9RPs/BFrZ5MUmnjgwuGce7n3HjdiVEjT/NIyC4tLyyvZ1dza+sbmlr690xBhzDGp45CFvOUiQRgNSF1SyUgr4gT5LiNNd3CZ+s1bwgUNg2s5jIjjo15APYqRVFJHP7B9JPsYsaQ6Mm4K8PwC2izsGSU7ooXjUkfPm0VzDDhPrCnJV/bijwfb+K519E+7G+LYJ4HEDAnRtsxIOgnikmJGRjk7FiRCeIB6pK1ogHwinGT8xwgeKaULvZCrCiQcq78nEuQLMfRd1ZleLWa9VPzPa8fSO3MSGkSxJAGeLPJiBmUI01Bgl3KCJRsqgjCn6laI+4gjLFV0ORWCNfvyPGmUitZJ8fRKpVEGE2TBPjgEBrBAGVRAFdRAHWBwBx7BM3jR7rUn7VV7m7RmtOnMLvgD7f0H5ASbDA==</latexit>

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

See Section 1.3.1 in Khan and Rue, 2021
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� �� ⇢rµ (Eq[`(✓)]�H(q))

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

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

m m� ⇢rm`(m)
<latexit sha1_base64="98CcIRFFgD6zRorNq9GoJPRyZI4=">AAACEHicbVA9SwNBEN3z2/gVtRRkUUQtDHeKaCWCjWUEE4VcCHObObO4H8funhJCfoKNnf4NGwtFbC3t/DduEgu/Hgw83pthZl6SCW5dGH4EQ8Mjo2PjE5OFqemZ2bni/ELV6twwrDAttDlPwKLgCiuOO4HnmUGQicCz5PKo559dobFcq1PXzrAu4ULxlDNwXmoU1yWNBaYOjNHXVNItGpuWpjRWkAhoeBeF2JCbjeJqWAr7oH9J9EVWD5fvergvN4rvcVOzXKJyTIC1tSjMXL0DxnEmsFuIc4sZsEu4wJqnCiTaeqf/UJeueaVJU218KUf76veJDkhr2zLxnRJcy/72euJ/Xi136X69w1WWO1RssCjNBXWa9tKhTW6QOdH2BJjh/lbKWmCAOZ9hwYcQ/X75L6lul6Kd0u6JT+OADDBBlsgK2SAR2SOH5JiUSYUwckMeyBN5Dm6Dx+AleB20DgVfM4vkB4K3T4sKn2A=</latexit>

Gradient descent:

Eq[`(✓)] ⇡ `(m)
<latexit sha1_base64="qsg07BnB/paLQCxpgnk/lIhGH4M=">AAACE3icbVC7SgNBFJ31bXxFLW1GRVCLsKuIViIEwTKCeUB2CbOTm2TI7MOZu2pYUljb2ORXbCwUsbWx82+cPAqNHhg4nHMvd87xYyk02vaXNTE5NT0zOzefWVhcWl7Jrq6VdJQoDkUeyUhVfKZBihCKKFBCJVbAAl9C2W/n+375BpQWUXiFnRi8gDVD0RCcoZFq2X03YNjy/fS8W7uuuiDlrostQLbnUZfFsYru6EAN9mrZbTtnD0D/EmdEts82b+VDvndfqGU/3XrEkwBC5JJpXXXsGL2UKRRcQjfjJhpixtusCVVDQxaA9tJBpi7dMUqdNiJlXoh0oP7cSFmgdSfwzWQ/gR73+uJ/XjXBxomXijBOEEI+PNRIJMWI9guidaGAo+wYwrgS5q+Ut5hiHE2NGVOCMx75Lykd5JzD3NGlaeOUDDFHNsgW2SUOOSZn5IIUSJFw8kieyAt5tXrWs/VmvQ9HJ6zRzjr5BevjG5S3oO4=</latexit>

“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
<latexit sha1_base64="cNeSOwgBk16lIirR3C0fcoEhwJY=">AAACCHicbVA9SwNBEN3zM8avqKWFq0GwCneKKEIkEATLCCYRckfY22zMkt27c3dOCUcKCxut/RU2ForY+hPs/DfuJSk0+mDg8d4MM/P8SHANtv1lTUxOTc/MZuay8wuLS8u5ldWaDmNFWZWGIlQXPtFM8IBVgYNgF5FiRPqC1f1uOfXr10xpHgbn0IuYJ8llwNucEjBSM7fhyhgfFbErCXR8PznpN68aLnQYEA8XsWzm8nbBHgD/Jc6I5EubN+Kh/HhbaeY+3VZIY8kCoIJo3XDsCLyEKOBUsH7WjTWLCO2SS9YwNCCSaS8ZPNLH20Zp4XaoTAWAB+rPiYRIrXvSN53pvXrcS8X/vEYM7UMv4UEUAwvocFE7FhhCnKaCW1wxCqJnCKGKm1sx7RBFKJjssiYEZ/zlv6S2W3D2CvtnJo1jNEQGraMttIMcdIBK6BRVUBVRdIee0At6te6tZ+vNeh+2TlijmTX0C9bHN129m+g=</latexit>

Entropy

q(✓) := N (m, 1)
<latexit sha1_base64="VLIJksnLhlFGb0I6mjjY2mTg0ss=">AAACCHicbVC7SgNBFJ2NrxhfUQsLCweDsAEJu4pEBCFgYyURzAOyS5idTMyQ2Yczd4WwpLSx8UNsLBSxzSfY+SPWTh6FJh64cDjnXu69x4sEV2BZX0Zqbn5hcSm9nFlZXVvfyG5uVVUYS8oqNBShrHtEMcEDVgEOgtUjyYjvCVbzuhdDv3bPpOJhcAO9iLk+uQ14m1MCWmpm9+5MBzoMSB6fnWPHJ9ChRCRXfdM/xHYeN7M5q2CNgGeJPSG50k48eHLM73Iz++m0Qhr7LAAqiFIN24rATYgETgXrZ5xYsYjQLrllDU0D4jPlJqNH+vhAKy3cDqWuAPBI/T2REF+pnu/pzuGlatobiv95jRjap27CgygGFtDxonYsMIR4mApucckoiJ4mhEqub8W0QyShoLPL6BDs6ZdnSfWoYB8XTq51GkU0Rhrton1kIhsVUQldojKqIIoe0DN6RW/Go/FivBsf49aUMZnZRn9gDH4AN0KbMg==</latexit>

H(q) := log(2⇡)/2
<latexit sha1_base64="TeFJTJQysL/svzgL44d23d+iA7k=">AAACB3icbVC7SgNBFJ2NrxhfqxYWggwGYdPE3YhEBCFgkzKCeUB2CbOT2WTI7MOZWSEs6Wys/A8bC0Vs9RPs/BFrZ5MUmnjgwuGce7n3HjdiVEjT/NIyC4tLyyvZ1dza+sbmlr690xBhzDGp45CFvOUiQRgNSF1SyUgr4gT5LiNNd3CZ+s1bwgUNg2s5jIjjo15APYqRVFJHP7B9JPsYsaQ6Mm4K8PwC2izsGSU7ooXjUkfPm0VzDDhPrCnJV/bijwfb+K519E+7G+LYJ4HEDAnRtsxIOgnikmJGRjk7FiRCeIB6pK1ogHwinGT8xwgeKaULvZCrCiQcq78nEuQLMfRd1ZleLWa9VPzPa8fSO3MSGkSxJAGeLPJiBmUI01Bgl3KCJRsqgjCn6laI+4gjLFV0ORWCNfvyPGmUitZJ8fRKpVEGE2TBPjgEBrBAGVRAFdRAHWBwBx7BM3jR7rUn7VV7m7RmtOnMLvgD7f0H5ASbDA==</latexit>

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

Bayes Learn Rule:

See Section 1.3.1 in Khan and Rue, 2021
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Bayesian learning rule: � �� ⇢rµ (Eq[`(✓)]�H(q))
<latexit sha1_base64="ZgoUih72jNp2X1gy1YFrJC9GVEM="></latexit>

We can compute 
uncertainty using a 
variant of Adam.

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).

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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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 large losses

See Section 4.4 in Khan and Rue, 2021

∇μH(q*) = ∇μ𝔼q*
[ℓ(θ)]



Bayes leads to robust solutions

18

!∗ + #

Zero 
gradient

Small +ve 
gradient

Large –ve 
gradient

Region with
a large loss

Loss

!∗ − # !∗ %∗

&∗(!)

! →

(a)

Loss

Flat minima

Sharp minima

m�

<latexit sha1_base64="bTJ2K3qyuTKFYABHmWHanJ29DaA=">AAAB63icbVDLSgNBEOz1GeMrxqOXIUEQD2FXAuotoAePEcwDkiXMTmaTITOzy8ysEJb8ghcPinjVv/APPHnzb5xNctDEgoaiqpvuriDmTBvX/XZWVtfWNzZzW/ntnd29/cJBsamjRBHaIBGPVDvAmnImacMww2k7VhSLgNNWMLrK/NY9VZpF8s6MY+oLPJAsZASbTBK9U9QrlN2KOwVaJt6clGu5z4/i9Xup3it8dfsRSQSVhnCsdcdzY+OnWBlGOJ3ku4mmMSYjPKAdSyUWVPvp9NYJOrZKH4WRsiUNmqq/J1IstB6LwHYKbIZ60cvE/7xOYsILP2UyTgyVZLYoTDgyEcoeR32mKDF8bAkmitlbERlihYmx8eRtCN7iy8ukeVbxqpXLW5tGFWbIwRGU4AQ8OIca3EAdGkBgCA/wBM+OcB6dF+d11rrizGcO4Q+ctx839ZCh</latexit>

Initialization

!∗,# ! →!∗,$

#∗(!)

(b)

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
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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-
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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
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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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The trick is to mimic Adam’s trajectory 
as closely as possible

Sec 3, last paragraph in Osawa et al. “Practical Deep Learning with Bayesian Principles.” NeurIPS (2019).
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Past and New Work

• Natural Gradient Variational Inference
1. Khan and Lin. "Conjugate-computation variational inference: 

Converting variational inference in non-conjugate models to 
inferences in conjugate models.” AIstats (2017).

2. Khan and Nielsen. "Fast yet simple natural-gradient descent for 
variational inference in complex models." (2018) ISITA.

• Mixture of Exponential family
3. Lin et al. "Fast and Simple Natural-Gradient Variational Inference with 

Mixture of Exponential-family Approximations,” ICML (2019).

• Generalization of natural gradients
4. Lin et al. “Handling the Positive-Definite Constraint in the Bayesian 

Learning Rule”, ICML (2020)
5. Lin et al. “Tractable structured natural gradient descent using local 

parameterizations”, ICML, (2021)

• Gaussian approx  Newton-variants⟷
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Gaussian Approximation and DL
1. Khan, et al. "Fast and scalable Bayesian deep learning by weight-perturbation in 

Adam." ICML (2018).
2. Mishkin et al. “SLANG: Fast Structured Covariance Approximations for Bayesian Deep 

Learning with Natural Gradient” NeurIPS (2018).
3. Osawa et al. “Practical Deep Learning with Bayesian Principles.” NeurIPS (2019).
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• Binary Neural Networks (Bernoulli approx)
1. Meng, et al. "Training Binary Neural Networks using the Bayesian Learning 

Rule." ICML (2020).

• Gaussian Process
2. Chang et al. “Fast Variational Learning in State-Space GP Models”, MLSP (2020)

– For sparse GPs, BLR is a generalization of [1]

Extensions
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Dual Perspective of the 
Bayesian Learning Rule

Memorable Examples
Connections to Gaussian Process

Continual learning 
Adaptation with K-priors
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Relevance of Data Examples
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Which examples are most relevant for the 
classifier? Red circle vs Blue circle.
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1. Khan et al. "Approximate Inference Turns Deep Networks into Gaussian Processes." NeurIPS (2019).

• Gaussian approx fom Bayes learning rule turn NN into 
Linear models & Gaussian Process (GPs) [1].
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(a) FROMP for continual deep learning (b) Most (left) vs least (right) memorable

Figure 1: (a) Our FROMP method consists of three main steps where we convert a DNN to GP using
Khan et al. [16], find memorable examples, and train weights with functional regularisation of those
examples. (b) Memorable past on MNIST – they are difficult to classify and close to the boundary.

To address this issue, we propose a new functional-regularisation method called Functional Regu-
larisation of Memorable Past (FROMP). Our key idea is to regularise the network outputs at a few
memorable past examples that are crucial to avoid forgetting. We use a GP formulation of DNNs to
obtain a weight-training method that exploits correlations among memorable examples in the function
space (see Fig. 1a). FROMP involves a slight modification of Adam and a minor increase in computa-
tion cost. It achieves state-of-the-art performance on standard benchmarks, and is consistently better
than both the existing weight-regularisation and functional-regularisation methods. Our work in this
paper focuses on avoiding forgetting, but it also opens a new direction for life-long learning methods
where regularisation methods are naturally combined with memory-based methods.1

1.1 Related Works

Broadly, existing work on continual learning can be split into three types of approaches: inference-
based, memory/rehearsal-based, and model-based. There have also been hybrid approaches attempting
to combine them. Inference-based approaches have mostly focused on weight regularisation [2, 9,
12, 18, 22, 37], with some recent efforts on functional regularisation [5, 19, 34]. Our work falls
in the latter category, but also imposes functional constraints at datapoints, thereby connecting to
memory-based approaches.

Our goal is to consistently outperform weight-regularisation which can be inadequate and brittle
for continual deep learning (see Fig. 6 and App. G for an example). The proposed method further
addresses many issues with existing functional-regularisation methods [5, 34]. Arguably the work
most closely related to ours is the GP-based method of Titsias et al. [34], but there are several key
differences. First, our kernel uses all the network weights (they use just the last layer) which is
important, especially in the early stages of learning when all the weights are changing. Second, our
functional prior regularises the mean to be close to the past mean, which is lacking in the regulariser
of Titsias et al. [34] (see the discussion after Eq. 7). Third, our memorable past examples play a
similar role as the inducing inputs, but are much cheaper to obtain (Titsias et al. [34] requires solving
a discrete optimisation problem), and have an intuitive interpretation (see Fig. 1b). Due to these
differences, our method outperforms the method of Titsias et al. [34], which, unlike ours, performs
worse than the weight-regularisation method of Swaroop et al. [33]. We also obtain state-of-the-art
performance on a larger Split CIFAR benchmark, a comparison missing in Titsias et al. [34]. Our
method is also different to Benjamin et al. [5], which lacks a mechanism to automatically weight past
memory and estimate uncertainty.

Our method is based on a set of memorable past examples. Many such memory-based approaches
exist. These either maintain a memory of past data examples [9, 22, 25] or train generative models
on previous tasks to rehearse pseudo-inputs [30]. Recent work [3, 11] has focused on improving
memory-building methods while combining them with inference-based approaches, building on

1Code for all experiments is available at https://github.com/team-approx-bayes/fromp.
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(a) FROMP for continual deep learning (b) Most (left) vs least (right) memorable

Figure 1: (a) Our FROMP method consists of three main steps where we convert a DNN to GP using
Khan et al. [16], find memorable examples, and train weights with functional regularisation of those
examples. (b) Memorable past on MNIST – they are difficult to classify and close to the boundary.

To address this issue, we propose a new functional-regularisation method called Functional Regu-
larisation of Memorable Past (FROMP). Our key idea is to regularise the network outputs at a few
memorable past examples that are crucial to avoid forgetting. We use a GP formulation of DNNs to
obtain a weight-training method that exploits correlations among memorable examples in the function
space (see Fig. 1a). FROMP involves a slight modification of Adam and a minor increase in computa-
tion cost. It achieves state-of-the-art performance on standard benchmarks, and is consistently better
than both the existing weight-regularisation and functional-regularisation methods. Our work in this
paper focuses on avoiding forgetting, but it also opens a new direction for life-long learning methods
where regularisation methods are naturally combined with memory-based methods.1

1.1 Related Works

Broadly, existing work on continual learning can be split into three types of approaches: inference-
based, memory/rehearsal-based, and model-based. There have also been hybrid approaches attempting
to combine them. Inference-based approaches have mostly focused on weight regularisation [2, 9,
12, 18, 22, 37], with some recent efforts on functional regularisation [5, 19, 34]. Our work falls
in the latter category, but also imposes functional constraints at datapoints, thereby connecting to
memory-based approaches.

Our goal is to consistently outperform weight-regularisation which can be inadequate and brittle
for continual deep learning (see Fig. 6 and App. G for an example). The proposed method further
addresses many issues with existing functional-regularisation methods [5, 34]. Arguably the work
most closely related to ours is the GP-based method of Titsias et al. [34], but there are several key
differences. First, our kernel uses all the network weights (they use just the last layer) which is
important, especially in the early stages of learning when all the weights are changing. Second, our
functional prior regularises the mean to be close to the past mean, which is lacking in the regulariser
of Titsias et al. [34] (see the discussion after Eq. 7). Third, our memorable past examples play a
similar role as the inducing inputs, but are much cheaper to obtain (Titsias et al. [34] requires solving
a discrete optimisation problem), and have an intuitive interpretation (see Fig. 1b). Due to these
differences, our method outperforms the method of Titsias et al. [34], which, unlike ours, performs
worse than the weight-regularisation method of Swaroop et al. [33]. We also obtain state-of-the-art
performance on a larger Split CIFAR benchmark, a comparison missing in Titsias et al. [34]. Our
method is also different to Benjamin et al. [5], which lacks a mechanism to automatically weight past
memory and estimate uncertainty.

Our method is based on a set of memorable past examples. Many such memory-based approaches
exist. These either maintain a memory of past data examples [9, 22, 25] or train generative models
on previous tasks to rehearse pseudo-inputs [30]. Recent work [3, 11] has focused on improving
memory-building methods while combining them with inference-based approaches, building on

1Code for all experiments is available at https://github.com/team-approx-bayes/fromp.
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Figure 3: (a) When compared at the Batch solution for the ‘Add Data’ task on USPS, weight priors
give incorrect values of h0(f i

w) (shown with black dots, each dot correspond to a data examples).
Points on the diagonal means a perfect match which is the case for K-priors (show with red dots). (b)
Due to this, weight-priors (green diamonds) perform worse than K-priors (red squares). (c) For the
’Add data’ task on CIFAR-10, K-priors outperform replay (blue circles), but performance can still be
improved by using a temperature parameter (dark-red triangles). (d) The same is true for knowledge
distillation [21], and we see that we can reduce memory size while still performing better than the
student model. The dip in the middle, we believe, is due to suboptimal hyperparameter tuning.

[29] with MLPs and 10-way classification on CIFAR-10 with CifarNet [57], trained with the Adam319

optimizer [26]. In Figure 3(c) we show one representative result for the ‘Add data’ task with CIFAR-320

10, where we add a random 10% of CIFAR-10 training data to the other 90% (mean and standard321

deviation over 3 runs). Although vanilla K-priors outperform Replay, there is now a bigger gap322

between K-prior and Batch even with 50% past data stored. However, when we use a temperature323

(similar to knowledge distillation in (14) but with the weight term included), K-priors improves.324

A similar result is shown in Figure 3(d) for knowledge distillation (� = 0 but with a temperature325

parameter) where we are distill from a CifarNet teacher to a LeNet5-style student (details in Ap-326

pendix D). Here, K-priors with 100% data is equivalent to Knowledge Distillation, but when we327

reduce the memory size using our method, we still outperform Batch (which is trained from scratch328

on all data). There is a dip in performance at memory sizes of 10% past data, which we believe is due329

to the use of a suboptimal ⌧ or �. More empirical effort is require to tune various hyperparameters to330

get a consistent behavior at all memory sizes. Overall, our initial effort here suggests that K-priors331

can do better than Replay, and have potential to give better results with more hyperparameter tuning.332

6 Discussion333

In this paper, we proposed a class of new priors, called K-prior. We show general principles of334

obtaining accurate adaptation with K-priors which are based on accurate gradient reconstructions.335

These principles have many properties that a good prior is expected to have [50]. The prior applies336

to a wide-variety of adaptation tasks for a range of models, and helps us to connect many existing,337

seemingly-unrelated adaptation strategies in ML. Based on our adaptation principles, we derived338

practical methods to enable adaptation by tweaking models’ predictions at a few past examples. This339

is analogous to adaptation in humans and animals where past experiences is used for new situations.340

In practice, the amount of required past memory seems sufficiently low for many tasks. Overall,341

K-priors provide an intuitive yet practical mechanisms for generic adaptation in ML.342

The financial and environmental costs of retraining are a huge concern for ML practitioners, which343

can be reduced with quick adaptations. During this work, we realized how little work has been done344

on this topic. The current pipelines and designs are specialized for an offline, static setting. Our345

approach here pushes towards a simpler design which will support a more dynamic setting. The346

approach can eventually lead to new systems that learn quickly and flexibly, and also act sensibly347

across a wide range of tasks. This opens a path towards systems that learn incrementally in a continual348

fashion, with the potential to fundamentally change the way ML is used in scientific and industrial349

applications. We hope that this work will help others to do more work towards this goal in the future.350

We ourselves will continue to push this work in that direction.351
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Scalable Marginal Likelihood Estimation for Model Selection in Deep Learning
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Figure 2: Each dot above shows a model of different size and/or architecture (around 40 models per plot of varying widths
and depths). Models with higher training marginal-likelihood tend to have higher test accuracy. For similar performance,
smaller models tend to have a higher marginal-likelihood as desired. Marker size and color changes with the number of
parameters. See Sec. 4.3 for details and App. C.5 for a full list of models with accuracy and marginal-likelihood estimates.

lihood and select both the hyperparameters and network
architectures. Differentiable hyperparameters can be opti-
mized during training in an online fashion (unlike MacKay
(1995)’s original proposal and Khan et al. (2019)’s recent
approach), and discrete ones can be selected after training.

The method relies on the Generalized Gauss-Newton (GGN)
and the Empirical Fisher (EF) approximation to the Hes-
sian. The full GGN and EF can also be extremely expensive
and we reduce the cost by using additional diagonal and
block-diagonal approximations (Martens & Grosse, 2015;
Botev et al., 2017). All these approximations have been
used in approximate inference before (Khan et al., 2018;
Zhang et al., 2018; Ritter et al., 2018; Osawa et al., 2019;
Foresee & Hagan, 1997; Khan et al., 2019), but they have
not been applied to model selection and their effectiveness
for marginal likelihood estimation has also been unknown.
Unlike our proposal, the method by Khan et al. (2019) is
limited to regression and uses the full but intractable GGN
approximation. Blundell et al. (2015) also used the vari-
ational lower-bound for hyperparameter optimization but
found it to give worse results.

Our main contribution is to show that, even after making
these approximations to improve scalability, the estimated
marginal likelihoods can faithfully select reasonable models
(see Figs. 1 and 2). Our method achieves performance on par
or better than cross-validation on a range of regression and
classification benchmarks. The best architecture identified
by the marginal likelihood aligns with the test performance
(see Fig. 2). It aligns well with the empirical observation
that ResNets often perform better than the standard convo-
lutional networks, which in turn are observed to give better
results than their fully-connected counterparts. Overall, our
work supports the long-held hypothesis that the marginal
likelihood is effective for model selection in deep learning,
and shows that a relatively cheap and simple approximation
can achieve competitive results.

2. Background
In this paper, we consider supervised learning tasks with
inputs xn 2 RD and C-dimensional vector outputs yn (real
or categorical outcomes), and denote the data as the set
D = {(xn,yn)}Nn=1 of N training-example pairs.

Bayesian models. We denote by f(x,✓) the C-
dimensional real-valued output of a neural network with
parameters ✓ 2 RP , specified by a model M which typ-
ically consists of a network architecture and hyperparam-

eters. A Bayesian model can then be defined using a
likelihood and a prior, to get the posterior distribution:
p(✓|D,M) / p(D|✓,M)p(✓|M). We assume that the
data examples are sampled i.i.d. from p(y|f(x,✓),M). The
normalizing constant of the posterior, also known as the
marginal likelihood, is given by the following expression:

p(D|M) =
R QN

n=1 p(yn|f(xn,✓),M)p(✓|M) d✓. (1)

The model M might consist of the choice of network-
architecture (CNN, ResNet, etc.) and hyperparameters of
the likelihood and prior, for example, observation noise and
prior variances. Some of these are continuous parameters
while others are discrete. Our goal is to use the marginal
likelihood to select such parameters.

Bayesian model comparison. The marginal likelihood in
Eq. 1 can be seen as a probability distribution over the space
of all datasets (of size N ) given the model M. The distribu-
tion is expected to be wider for complex models, because
such models can generate data of more variety than simpler
models. Given the training data D, a model too simple or
too complex will therefore be assigned a lower probability
p(D|M), naturally yielding Occam’s razor (Blumer et al.,
1987; Jefferys & Berger, 1992; Rasmussen & Ghahramani,
2001). See Fig. 3.13 in Bishop (2006) for an illustration. A
simple method is to pick the model that assigns the highest

The “training marginal-likelihood” can be used to 
select deep-nets, without requiring the test set.
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• 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) Use posterior approximations for knowledge 

representation, transfer, and collection.
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https://team-approx-
bayes.github.io/

Approximate Bayesian Inference Team
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