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AI that learn like humans

Quickly adapt to learn new skills, 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



Fail because too slow to adapt

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

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


Adaptation in Machine Learning

• Machines are bad in quickly adapting to changes
– Even small changes require a complete 

retraining-from-scratch 
– This is expensive, time consuming [1,2]
– Example: Tesla AI Data-Engine for “self-driving 

cars” takes 70000 GPU hrs [3]
• Difficult to apply to domains with “dynamic” setting
– Robotics, medicine, user interaction, 

epidemiology, climate science, etc. 
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1. Diethe et al. Continual learning in practice, arXiv, 2019.
2. Paleyes et al. Challenges in deploying machine learning: a survey of case studies, arXiv, 2021.
3. https://www.youtube.com/watch?v=hx7BXih7zx8&t=897s

https://www.youtube.com/watch?v=hx7BXih7zx8&t=897s
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“Solving” Adaptation

New learning principles to answer 
“When and how can a model 

quickly adapt?”
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Today’s talk
• New Learning Principles for Adaptive AI
• Unify algorithms with the Bayesian Learning rule (BLR) [1]
– New work: SAM as Bayes [2]

• BLR’s “dual” perspective to “solve” adaptation,
– Bayesian Duality Principle [3, 8]
– Continual learning with memory [4,5,6,7] 
– Reduce dependence on large data and compute
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1. Khan and Rue, The Bayesian Learning Rule, arXiv, https://arxiv.org/abs/2107.04562, 2021
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https://arxiv.org/abs/2106.08769


 The Origin of Algorithms
What are the common principles 

behind “good” algorithms? 
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See Section 6 (discussion) in Khan and Rue, 2021
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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

12Khan and Rue, The Bayesian Learning Rule, arXiv, https://arxiv.org/abs/2107.04562, 2021



13

Bayesian learning rule
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)

6

See Table 1 in Khan and Rue, 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….” AIstats (2017). 
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min
✓

`(✓)
<latexit sha1_base64="jX7nnuoTA97Rm3paM6fhC3APrMU="></latexit>

min
q2Q

Eq(✓)[`(✓)]�H(q)

Bayesian Learning Rule [1,2]

Natural and Expectation parameters of q
<latexit sha1_base64="3p+Algv/G/xbGOjIYDbmLOcc3zc="></latexit>

� �� ⇢rµ

n
Eq[`(✓)]�H(q)

o

Natural gradients (information geometry)
Many existing algorithms can be seen as special instances of the 
BLR, by using approximations to q and natural gradients.

Eq[log-lik] − KL(q | |prior)



Why use Bayesian averaging? 
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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).

Choose an “ensemble” of almost equally good 
models (similar to sampling in SGD trajectories)

Bayes [1,2]



Deep Learning with the BLR
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RMSprop BLR variant called VOGN

g  r̂`(✓)
s (1� ⇢)s+ ⇢g2

✓  ✓ � ↵(
p
s+ �)�1g

<latexit sha1_base64="t5q2yBti/klN8/Dj8jBbc/zSivM="></latexit>

g  r̂`(✓), where ✓ ⇠ N (m,�2)

s (1� ⇢)s+ ⇢(⌃ig
2
i )

m m� ↵(s+ �)�1r✓`(✓)

�2 (s+ �)�1
<latexit sha1_base64="H1gy/n2MIl43YyYgxRmYxiy+W4M="></latexit>

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

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


Uncertainty of Deep Nets
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Code available at 
https://github.com/
team-approx-bayes/
dl-with-bayes

Figure 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 with similar 
performance on ImageNet, but better uncertainty

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).

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


BLR variant [3] got 1st prize in NeurIPS 
2021 Approximate Inference Challenge
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Watch Thomas Moellenhoff’s talk at 
https://www.youtube.com/watch?v=LQInlN5EU7E.

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).
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Image
Segmentation

Uncertainty
(entropy of
class probs)

(By Roman Bachmann)



NeurIPS 2019 
Tutorial
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Robust DL with Bayes

Adding uncertainty to Adversarial 
Weight-perturbation methods
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Robust Deep-Learning
• Sharpness-Aware Minimization (SAM)[1]
– Huge improvements over SGD/Adam
– Now used to train all sorts of models
–Why does it work, and how to improve it?

• SAM as an “optimal” relaxation of Bayes [2]

22

Thomas Moellenhoff

1. Foret et al. Sharpness-Aware Minimization for Efficiently Improving Generalization, ICLR, 2021 
2. Moellenhoff and Khan, SAM as an optimal relaxation of Bayes, https://arxiv.org/abs/2210.01620, 2022 



SAM as an Optimal relaxation of Bayes
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ρ

θ

Bayes:

𝔼ϵ∼𝒩(0,σ2)[ℓ(θ + ϵ)]

sup
|ϵ|<ρ

ℓ(θ + ϵ)SAM:

Our work: 
Fenchel  

Biconjugate



SAM = an Optimal Relaxation of Bayes
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SAM (red star) upper bounds the Bayesian 𝔼q[ℓ]



SAM = an Optimal Relaxation of Bayes
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SAM minimizes the best-Concave upper bound to
 wrt the mean, while keeping variance fixed.𝔼q[ℓ]



Bayesian-SAM
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SAM with RMSprop

An Adam-style algorithm, derived using the BLR, where 
“perturbation-size” is automatically found using  (or )σ2 s

1. Foret et al. Sharpness-Aware Minimization for Efficiently Improving Generalization, ICLR, 2021 
2. Moellenhoff and Khan, SAM as an optimal relaxation of Bayes, https://arxiv.org/abs/2210.01620, 2022 

SAM with BLR



Improving 
“overconfident” SAM
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Bayes

Published as a conference paper at ICLR 2023

(a) Exact Bayes (b) bSAM (c) SGD (d) SAM

Figure 3: We show the predictive softmax uncertainty for an exact Bayesian posterior (Fig. 3(a)),
bSAM (Fig. 3(b)), the SGD (Fig. 3(c)) and SAM (Fig. 3(d)) solutions on a simple 2D logistic
regression problem.

4 NUMERICAL EXPERIMENTS

In this section, we present numerical results and show that bSAM brings the best of the two worlds:
it improves generalization performance, similarly to SAM, but also gives an improved uncertainty
estimate similar to the best Bayesian approaches.

We compare performance to different methods from the DL & Bayesian DL literature: SGD,
Adam (Kingma & Ba, 2014), SWAG (Maddox et al., 2019), and the VOGN method (Osawa et al.,
2019). We also compare with two SAM variant: SAM-SGD and SAM-Adam. Both are obtained by
inserting the perturbed gradients into either SGD or Adam, as suggested in (Foret et al., 2021; Bahri
et al., 2021; Kwon et al., 2021). We compare these methods across three different neural network
architectures and on five datasets of increasing complexity.

The comparison is carried out with respect to four different metrics evaluated on the validation set.
The metrics are generalization accuracy, negative log-likelihood, expected calibration error (Guo
et al., 2017) (using 20 bins) and area-under-ROC curves (Osawa et al., 2019).

For methods which estimate a distribution q(✓) in parameter-space, we report the performance at the
Bayesian model average for the predictive distribution p(y | D) =

R
p(y | D,✓) q(✓) d✓. In our ex-

periments, the above integral is approximated using 32 models drawn from q(✓). All further details
about the individual hyperparameters of the methods and the experimental setup are in App. H.

4.1 ILLUSTRATION ON A TOY EXAMPLE

Fig. 3 compares the uncertainty obtained by bSAM to the exact Bayesian posterior and the
SGD/SAM solutions on a simple Bayesian logistic regression problem. In this simple example,
we can see that the bSAM result is comparable to the exact posterior and how our proposed method
can be used to estimate uncertainty on top of SAM. The details of this experiment are described
in App. G.1.

For the logistic regression problem of Fig. 3, an exact minimization of the relaxed Bayes objective is
also feasible. This allows us to understand the gap induced by the relaxation via the convex lower-
bound. In App. G.2 we compare an exact minimization of the relaxed Bayes objective (11) with the
original Bayesian objective (2) for a full Gaussian distribution.

4.2 UNCERTAINTY AND GENERALIZATION IN DEEP LEARNING

To understand the regularizing effect of the individual methods, we first perform a set of experiments
without any data augmentation. The results are shown in Table 1, and the proposed bSAM method
overall performs best with respect to generalization as well as uncertainty quality. More gains are
obtained for larger models.

In Table 2 we show additional results for CIFAR-10, CIFAR-100 and TinyImageNet under basic data
augmentations (random horizontal flipping and random cropping), where bSAM still performs fa-
vorably, though the improvements are less pronounced. Our results reported for SGD on CIFAR-10
in Table 2 (91.68% accuracy) are better than the number (91.25%) reported in the original ResNet-

7

Bayesian SAM

Published as a conference paper at ICLR 2023

(a) Exact Bayes (b) bSAM (c) SGD (d) SAM

Figure 3: We show the predictive softmax uncertainty for an exact Bayesian posterior (Fig. 3(a)),
bSAM (Fig. 3(b)), the SGD (Fig. 3(c)) and SAM (Fig. 3(d)) solutions on a simple 2D logistic
regression problem.

4 NUMERICAL EXPERIMENTS

In this section, we present numerical results and show that bSAM brings the best of the two worlds:
it improves generalization performance, similarly to SAM, but also gives an improved uncertainty
estimate similar to the best Bayesian approaches.

We compare performance to different methods from the DL & Bayesian DL literature: SGD,
Adam (Kingma & Ba, 2014), SWAG (Maddox et al., 2019), and the VOGN method (Osawa et al.,
2019). We also compare with two SAM variant: SAM-SGD and SAM-Adam. Both are obtained by
inserting the perturbed gradients into either SGD or Adam, as suggested in (Foret et al., 2021; Bahri
et al., 2021; Kwon et al., 2021). We compare these methods across three different neural network
architectures and on five datasets of increasing complexity.

The comparison is carried out with respect to four different metrics evaluated on the validation set.
The metrics are generalization accuracy, negative log-likelihood, expected calibration error (Guo
et al., 2017) (using 20 bins) and area-under-ROC curves (Osawa et al., 2019).

For methods which estimate a distribution q(✓) in parameter-space, we report the performance at the
Bayesian model average for the predictive distribution p(y | D) =

R
p(y | D,✓) q(✓) d✓. In our ex-

periments, the above integral is approximated using 32 models drawn from q(✓). All further details
about the individual hyperparameters of the methods and the experimental setup are in App. H.

4.1 ILLUSTRATION ON A TOY EXAMPLE

Fig. 3 compares the uncertainty obtained by bSAM to the exact Bayesian posterior and the
SGD/SAM solutions on a simple Bayesian logistic regression problem. In this simple example,
we can see that the bSAM result is comparable to the exact posterior and how our proposed method
can be used to estimate uncertainty on top of SAM. The details of this experiment are described
in App. G.1.

For the logistic regression problem of Fig. 3, an exact minimization of the relaxed Bayes objective is
also feasible. This allows us to understand the gap induced by the relaxation via the convex lower-
bound. In App. G.2 we compare an exact minimization of the relaxed Bayes objective (11) with the
original Bayesian objective (2) for a full Gaussian distribution.

4.2 UNCERTAINTY AND GENERALIZATION IN DEEP LEARNING

To understand the regularizing effect of the individual methods, we first perform a set of experiments
without any data augmentation. The results are shown in Table 1, and the proposed bSAM method
overall performs best with respect to generalization as well as uncertainty quality. More gains are
obtained for larger models.

In Table 2 we show additional results for CIFAR-10, CIFAR-100 and TinyImageNet under basic data
augmentations (random horizontal flipping and random cropping), where bSAM still performs fa-
vorably, though the improvements are less pronounced. Our results reported for SGD on CIFAR-10
in Table 2 (91.68% accuracy) are better than the number (91.25%) reported in the original ResNet-
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SAM

Under review as a conference paper at ICLR 2023

(a) Exact Bayes (b) bSAM (c) SAM (point est.) (d) SAM (Laplace)

Figure 3: For a 2D logistic regression, bSAM gives predictive uncertainties that are similar to those
obtained by an exact Bayesian posterior. White areas show uncertain predictive probabilities around
0.5. SAM’s point estimate gives overconfident predictions, while Laplace leads to underconfidence.

4 NUMERICAL EXPERIMENTS

In this section, we present numerical results and show that bSAM brings the best of the two worlds
together. It gives an improved uncertainty estimate similarly to the best Bayesian approaches, but
also improves test accuracy, just like SAM. We compare performance to many methods from the
DL and Bayesian DL literature: SGD, Adam (Kingma & Ba, 2015), SWAG (Maddox et al., 2019),
and VOGN (Osawa et al., 2019). We also compare with two SAM variants: SAM-SGD and SAM-
Adam. Both are obtained by inserting the perturbed gradients into either SGD or Adam, as suggested
in Foret et al. (2021); Bahri et al. (2022); Kwon et al. (2021). We compare these methods across
three different neural network architectures and on five datasets of increasing complexity.

The comparison is carried out with respect to four different metrics evaluated on the valida-
tion set. The metrics are test accuracy, negative log-likelihood (NLL), expected calibration er-
ror (ECE) (Guo et al., 2017) (using 20 bins) and area-under the ROC curves (AUROC) (Os-
awa et al., 2019). For Bayesian methods, we report the performance of the predictive distribu-
tion p(y | D) =

R
p(y | D,✓) q(✓) d✓, which we approximated using an average over 32 models

drawn from q(✓). All further details about hyperparameter settings and the experimental setup are
in App. H.

4.1 ILLUSTRATION ON A TOY EXAMPLE

Fig. 3 compares the predictive probability on a simple Bayesian logistic regression problem (Mur-
phy, 2012, Ch. 8.4). For exact Bayes, we use numerical integration, which is feasible for this toy
2D problem. For the rest, we use diagonal Gaussians. White areas indicate probabilities around
0.5, while red and blue are closer to 0 and 1. We see that the bSAM result is comparable to the
exact posterior and corrects the overconfident predictions of SAM. Performing a Laplace approxi-
mation around the SAM solution leads to underconfident predictions. The posteriors are visualized
in Fig. 5(c) and other details are discussed in App. G.1.

We can also use this toy problem to see the effect of using f vs f⇤⇤ in the Bayesian objective.
In App. G.2 we compare an exact optimization of Eq. 11 to an optimization of the original Bayesian
objective Eq. 2. For both, we use full covariance to avoid the inaccuracies arising due to a diagonal
covariance assumption. We find that the posteriors are very similar for both f and f⇤⇤, indicating
that the gap introduced by the relaxation is also small.

4.2 REAL DATASETS

We first perform a set of experiments without any data augmentation, which helps us to quantify the
improvements obtained by the regularization induced by our Bayesian approach. This is useful in
applications where it is not easy to do data-augmentation (for example, tabular or time series data).
The results are shown in Table 1, and the proposed bSAM method overall performs best with respect
to test accuracy as well as uncertainty metrics. Gains get larger as the models get larger.

In Table 2 we show results with data augmentations (random horizontal flipping and random crop-
ping). We consider CIFAR-10, CIFAR-100 and TinyImageNet, and still find bSAM to perform
favorably, although the margin of improvement is smaller with data augmentation. We note that, for
SGD on CIFAR-10 in Table 2, the accuracy (91.68% accuracy) is slightly better than the 91.25%

7



Towards Solving Adaptation

By using a dual perspective of the 
BLR to solve continual learning

28
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How to adapt the knowledge? 
Perturbation, Sensitivity, and Duality

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



“Model Change” and Uncertainty

30

“Model-change” ( )  “Uncertainty ( )”Δ ∝ σ2

1. Cook. Detection of Influential Observations in Linear Regression. Technometrics. ASA 1977

We can “predict” how much a model is going to 
change by using the uncertainty

Old model

New model

New data



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 [1,2]. They 
can be used to tell apart relevant vs irrelevant data.

1. ADAM, Chang, Khan, Solin, Dual parameterization of SVGP, NeurIPS, 2021
2. Khan, Bayesian duality principle, in preparation

See Section 5.4 in Khan and Rue, 2021 for local parameterization
See Section 3 in ADAM et al. 2021 for dual parameterization



“Memorable” Experiences
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Memorable experiences
Outlier UncertainEasy

MNIST

Fashion MNIST

Memorable experiences
Outlier UncertainEasy

MNIST

Fashion MNIST

Memorable experiences
Outlier UncertainEasy

MNIST

Fashion MNIST

Memorable experiences
Outlier UncertainEasy

MNIST

Fashion MNIST

Memorable experiences
Outlier UncertainEasy

MNIST

Fashion MNISTEa
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1. Pan et al. Continual Deep Learning by Functional Regularisation of Memorable Past, NeurIPS, 2020
2. Tailor, Chang, Swaroop, Solin, Khan. Memorable experiences of ML models (in preparation)
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The tool 
applies to a 
wide variety 
of ML 
models, 
ranging from 
linear 
models, 
SVMs, and 
neural 
networks

Bayes Logistic Reg Support Vector Machine

Neural Network Gaussian Process



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]

35

Previous approaches used weight-regularization [1,2]

New data Weight-regularizer
Replace it by a functional 
regularizer using a Dual GP-
view of DNNs [2]

<latexit sha1_base64="GkVjP76X8XOF4YVFoiDbCj8LqHQ="></latexit>

Eq̃✓(f)[log q̃✓old(f)]

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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How to improve over weight priors?

361. Kirkpatrick et al. Overcoming catastrophic forgetting in neural networks. PNAS, 2017.

‘Add Data’ task.

Binary 
classification with 
Logistic regression
(Zero offset, ie, 
decision boundary 
pass through the 
origin).

Each task N=500, 
each class 250 
examples.

New data Weight-prior (bad)



Knowledge-Adaptation Priors
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K-priors use 
past-memory

 (size M) in 
addition to the 
base model.

ℳ
Weight-prior (bad)

K-prior



Knowledge-Adaptation Prior (K-priors)
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K-prior 
optimum

1. Khan and Swaroop. Knowledge-Adaptation Priors, NeurIPS, 2021 (https://arxiv.org/abs/2106.08769)

K-priors reconstruct the “gradients of past” by 
combining weight and functional regularizers

https://arxiv.org/abs/2106.08769


Knowledge-Adaptation Prior (K-priors)

39
1. Khan and Swaroop. Knowledge-Adaptation Priors, NeurIPS, 2021 (https://arxiv.org/abs/2106.08769)

K-priors reconstruct the “gradients of past” by 
combining weight and functional regularizers

https://arxiv.org/abs/2106.08769


Continual Learning on ImageNet
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1. Daxberg, Swaroop, Osawa, Yokota, Turner, Hernandez, Khan, Improving Continual Learning by Accurate 
Gradient Reconstruction of the Past, under review.

Erik Daxberger

Kazuki Osawa

80% of the batch performance with 10% memory

Under review as a conference paper at ICLR 2023
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Figure 4: Results on ImageNet-1000. Kprior+EWC+Replay performs favorably across a range of
memory sizes (left; x-axis log-scaled). It also suffers less from forgetting (relative to Batch Joint)
with an increasing number of tasks, here exemplary shown at the largest memory size of 10K (right).

Results. Fig. 3 shows our results on Split-TinyImageNet. We found that the Replay error correction
term does not help on this benchmark, so we representatively plot just Kprior and Kprior+EWC.2
We again see that Kprior+EWC can substantially improve over Kprior (especially at small mem-
ory sizes) and Online EWC (Fig. 3 left). It also compares favourably against a diverse range of
other strong CL methods across all three CL paradigms: 1) memory/rehearsal – iCaRL (Rebuffi
et al., 2017), GEM (Lopez-Paz & Ranzato, 2017), R-FM & R-PM (Delange et al., 2021), 2) weight-
regularization – LwF (Li & Hoiem, 2017), EBLL (Rannen et al., 2017), EWC (Kirkpatrick et al.,
2017), SI (Zenke et al., 2017a), MAS (Aljundi et al., 2018), mode-IMM (Lee et al., 2017), and 3)
architectural – PackNet (Mallya & Lazebnik, 2018), HAT (Serra et al., 2018) (Fig. 3 right).3

5.4 RESULTS ON IMAGENET-1000

Setup. We consider the ImageNet-1000 benchmark proposed by Rebuffi et al. (2017), which ran-
domly (uniformly) splits the full ImageNet dataset Deng et al. (2009) of ⇠1.2M data points into a
sequence of 10 tasks with 100 classes and ⇠120K data points each. Following Rebuffi et al. (2017),
we use a ResNet-18 with ⇠11M model parameters. For training on each task, we use the ImageNet
reference training pipeline (with 40 epoch configuration) of the FFCV library (Leclerc et al., 2022).4

Results. Fig. 4 shows our results on ImageNet-1000. We consider memory sizes between 200 and
10K per task, where the latter amounts to just under 10% of the data. The observed trends qual-
itatively match those from previous experiments. In particular, Kprior underperforms for small
memory sizes, and while it improves with increasing memory, it peaks at a 5K memory and then
even starts declining. We hypothesize that this is again due to accumulation of the NN error, which
might become more severe with a larger memory as more data points can contribute to the error. This
is evidenced by the fact that correcting for the NN error (Kprior+Replay) substantially boosts
performance at a 10K memory (but it remains poor at small memories). In contrast, Kprior+EWC
again improves accuracy only for small memories. Finally, Kprior+EWC+Replay combines the
benefit of both error correction terms to perform well across all memory sizes. It also again forgets
less along the task sequence, demonstrating that it better mitigates error accumulation.

6 CONCLUSION

We proposed to address the CL problem in a theoretically-grounded way by explicitly approxi-
mating the optimal model obtained via batch-training on all tasks jointly. To this end, we devel-
oped Kprior+EWC+Replay, which efficiently re-uses prior knowledge by combining principles from
function-regularization, weight-regularization, and experience replay. Empirically, we demonstrated
the effectiveness and scalability of our method across memory sizes, compared to various baselines.

2This is likely because almost perfect train accuracy is attained on all tasks (see e.g. Table 14 in Delange
et al. (2021)). Thus, eNN in Eq. (7) is close to zero, such that NN error correction cannot boost performance.

3Results are from Delange et al. (2021); their total memory sizes [4500, 9000] equal [500, 1000] per task.
4For all details of the training procedure, see https://github.com/libffcv/ffcv-imagenet/.
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Improving Continual Learning by using 
the principle of gradient reconstruction

41

Under review as a conference paper at ICLR 2023

EWC

Previous Methods Our Method
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Figure 1: Using the principle of gradient reconstructions, we design a new prior (right) to combine
different types of regularization and memory-based methods. EWC uses a quadratic regularizer
based on the old weight-vector and its importance, while experience replay uses a memory of past
examples along with their labels. Function regularization often does not require the labels, but also
lacks a weight regularizer. Our method combines these different types of methods. The notable
differences are that our method’s importance vector excludes the examples in the memory set, and
that experience replay is applied only to the second memory set. The rest of the examples in the
memory set do not require labels, and can be compressed to only keep a small set of representative
inputs that may not be part of the old training sets.

training objective. In the continual learning setting, this requires an accurate reconstruction of the
gradients over all the past tasks, and can be used as a guideline to design better priors. Khan & Swa-
roop (2021) considered only one-task adaptation, which does not consider the errors accumulated
over multiple tasks in problems like continual learning. They also used a simple quadratic regular-
izer, and did not employ experience replay. Our goal here is to extend their method to multiple tasks
and use it to combine different regularization and replay methods.

Using the principle of gradient reconstruction of the past, we design a prior that combines a weight
regularizer, a functional regularizer, and experience replay (Fig. 1). Each piece contributes to the
reduction of a different type of error. The reduction in the reconstruction error leads to consis-
tent improvements on standard benchmarks for multi-task image classification in task-incremental
continual learning setting, such as Split CIFAR, Split TinyImageNet, and ImageNet-1000, across
various memory budgets from small to large sizes. The results demonstrate the effectiveness of
our approach. The approach is principled and can yield provably better strategies than the current
heuristics used in the literature.

2 CONTINUAL LEARNING METHODS

We focus on a continual learning (CL) problem to incrementally learn from a sequence of data sets
D1, . . . , DT , corresponding to a total of T tasks. This is different from the commonly used batch-
training in deep learning, where data from all the tasks is assumed to be available at all times during
training. CL is challenging because the model needs to repeatedly adapt to new tasks, while not
forgetting previous-gathered knowledge. Our goal is to get the performance as close as possible to
the model that is trained on data from all tasks.

Formally, consider a supervised learning problem with Dt containing N input-output pairs (xi, yi),
with xi 2 RD and yi 2 Y , and we wish to train a model with output fw(xi) (also denoted as f

i
w),

and a P -length parameter w in a space W ⇢ RP . Then, at any given task t, the best possible model
parameters w?

t can be obtained by training on all the data examples D1:t = [t
i=1Di, for example,

2

Under review as a conference paper at ICLR 2023
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Figure 1: Using the principle of gradient reconstructions, we design a new prior (right) to combine
different types of regularization and memory-based methods. EWC uses a quadratic regularizer
based on the old weight-vector and its importance, while experience replay uses a memory of past
examples along with their labels. Function regularization often does not require the labels, but also
lacks a weight regularizer. Our method combines these different types of methods. The notable
differences are that our method’s importance vector excludes the examples in the memory set, and
that experience replay is applied only to the second memory set. The rest of the examples in the
memory set do not require labels, and can be compressed to only keep a small set of representative
inputs that may not be part of the old training sets.

training objective. In the continual learning setting, this requires an accurate reconstruction of the
gradients over all the past tasks, and can be used as a guideline to design better priors. Khan & Swa-
roop (2021) considered only one-task adaptation, which does not consider the errors accumulated
over multiple tasks in problems like continual learning. They also used a simple quadratic regular-
izer, and did not employ experience replay. Our goal here is to extend their method to multiple tasks
and use it to combine different regularization and replay methods.

Using the principle of gradient reconstruction of the past, we design a prior that combines a weight
regularizer, a functional regularizer, and experience replay (Fig. 1). Each piece contributes to the
reduction of a different type of error. The reduction in the reconstruction error leads to consis-
tent improvements on standard benchmarks for multi-task image classification in task-incremental
continual learning setting, such as Split CIFAR, Split TinyImageNet, and ImageNet-1000, across
various memory budgets from small to large sizes. The results demonstrate the effectiveness of
our approach. The approach is principled and can yield provably better strategies than the current
heuristics used in the literature.

2 CONTINUAL LEARNING METHODS

We focus on a continual learning (CL) problem to incrementally learn from a sequence of data sets
D1, . . . , DT , corresponding to a total of T tasks. This is different from the commonly used batch-
training in deep learning, where data from all the tasks is assumed to be available at all times during
training. CL is challenging because the model needs to repeatedly adapt to new tasks, while not
forgetting previous-gathered knowledge. Our goal is to get the performance as close as possible to
the model that is trained on data from all tasks.

Formally, consider a supervised learning problem with Dt containing N input-output pairs (xi, yi),
with xi 2 RD and yi 2 Y , and we wish to train a model with output fw(xi) (also denoted as f

i
w),

and a P -length parameter w in a space W ⇢ RP . Then, at any given task t, the best possible model
parameters w?

t can be obtained by training on all the data examples D1:t = [t
i=1Di, for example,

2

Combine previous approaches to “minimize error 
in gradient of the past” (use memory)

1. Daxberg, Swaroop, Osawa, Yokota, Turner, Hernandez, Khan, Improving Continual Learning by Accurate 
Gradient Reconstruction of the Past, under review.
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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. 



Summary of the talk
• New Learning Principles for Adaptive AI
• Unify algorithms with the Bayesian Learning rule (BLR) [1]
– New work: SAM as Bayes [2]

• BLR’s “dual” perspective to “solve” adaptation,
– Continual learning with memory [4,5,6,7] 
– Bayesian Duality Principle [3, 8]

• “Solve” adaptation 
–When and how can a model quickly adapt?

43

1. Khan and Rue, The Bayesian Learning Rule, arXiv, https://arxiv.org/abs/2107.04562, 2021
2. Moellenhoff and Khan, SAM as an optimal relaxation of Bayes, https://arxiv.org/abs/2210.01620, 2022 
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)
6. Daxberger et al., Improving CL by using the Principle of Gradient Reconstructions, Under review, 2022
7. Tailor, Chang, Swaroop, Solin, Khan. Memorable experiences of ML models (in preparation)
8. Khan, Bayesian duality principle (in preparation)

https://arxiv.org/abs/2106.08769
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Approximate Bayesian Inference Team
https://team-approx-bayes.github.io/

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

