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Continual Learning:
Lifelong and incremental

Quickly adapt to new situations by exploiting 
(and preserving) the past knowledge

21. https://sites.google.com/view/cl-theory-icml2021/home
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the age of 6 months.
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Adaptation in Machine Learning
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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


Adaptation in Machine Learning

• Changes in the training frameworks [1,2]
– New data are regularly pooled and labeled
– Old data become irrelevant
– Regular hyperparameter tuning to handle drifts
–Model class/architectures needs an update
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Adaptation in Machine Learning

• Changes in the training frameworks [1,2]
– New data are regularly pooled and labeled
– Old data become irrelevant
– Regular hyperparameter tuning to handle drifts
–Model class/architectures needs an update

• Constant retraining, retesting, redeployment
– Huge financial and environmental costs (e.g., 

Tesla AI DataEngine takes 70000 GPU hrs [3])
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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.
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This Talk
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1. Khan and Swaroop. Knowledge-Adaptation Priors, arXiv, 2021 (https://arxiv.org/abs/2106.08769)

https://arxiv.org/abs/2106.08769


This Talk

• Adaptation mechanisms that are
– Quick (avoid full retraining)
– Accurate (performance similar to retraining)
–Wide (works for variety of tasks and models) 
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This Talk

• Adaptation mechanisms that are
– Quick (avoid full retraining)
– Accurate (performance similar to retraining)
–Wide (works for variety of tasks and models) 

• Knowledge-Adaptation priors (K-priors) [1]
– Principle: reconstruct the gradient of the “past”
– Unify & generalize many adaptation strategies 

(weight priors, knowledge distillation, similarity 
control, SVMs, GPs, and memory-based CL)

7
1. Khan and Swaroop. Knowledge-Adaptation Priors, arXiv, 2021 (https://arxiv.org/abs/2106.08769)

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

Joint work with Siddharth Swaroop 
University of Cambridge, UK

https://arxiv.org/abs/2106.08769
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Given a base model  trained on data , adapt it to 
“incremental” changes in the training framework

w* D
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1. Kirkpatrick et al. Overcoming catastrophic forgetting in neural networks. PNAS, 2017.

Weight-priors 
G is Hessian/Fisher [1], 

Quick, but not wide/accurate

(w − w*)⊤G(w*)(w − w*)
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The principle is to choose  and memory  s.t. 
the “gradient of the past” is faithfully reconstructed.

K(w) ℳ
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rK(w) ⇡ r
hX

i2D
`i(w) +R(w)

i

K-priors  use  and K(w; w*, ℳ) w* ℳ

K(w; w*, ℳ)
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Combine weight and function-space divergences
Function-spaceWeight-space

<latexit sha1_base64="GCH1zjAc0rdho8D5D/Hr7iKSnGg="></latexit>

K(w) = ⌧Dw(wkw⇤) + Df (f(w)kf(w⇤))
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Combine weight and function-space divergences

No labels required, 
so  can include 
any inputs!
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optimum
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Exact Gradient Reconstruction
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Consider logistic regression f i
w = ϕ⊤

i w
<latexit sha1_base64="dag16Z4Ew7Yn6cZA6wkKhdQMMKI="></latexit>

l̄(w) =
X

i2D
`(yi,�(f

i
w)) + �kwk2
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Memory should contain points where the (unknown) 
future and past models disagree the most

Prediction disagreement
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h X
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�i�
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i

i
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Pick points to minimize the GGN approximations. 
We can use any low-rank approximation. We pick 
top-M  which is called memorable past [1].σ′ ( f i
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1. Pan et al. Continual deep learning by functional regularisation of memorable past. NeurIPS, 2020. 
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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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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.
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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
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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
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• We are developing “dual representations” are used for Knowledge 
representation, transfer, and collection
– A new paper on “memorable past” coming soon
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