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Deep-learning methods require a huge amount of computing resources and also a lot of data. Our work

reduces the dependencies on such resources. We aim to design Al systems that continue to learn and
improve throughout their lifetime.

Current deep learning method cannot learn continually, and can easily forget
the past information seen a long time ago. We developed new methods for continual deep learning
where we reduce the forgetting. We do so by identifying and reusing a memory of the past. We show
that our methods are universal, that is, any method that work well must have similar properties to
ours. Our method is scalable and can be applied in practical settings.
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Animportant goal of data-driven Al isto design systems that continue to learn and improve throughout
their lifetime. Deep-learning models are not trained this way currently. Rather, they rely on small, random
subsets of data which are sasmpled from alarge dataset (see Fig. 1 below). Unfortunately, such large
datasets are unavailable in fields, such as medicine, robotics, education, climate research etc. which
makes application of deep learning challenging. A life-long deep learning system would be ideal for such
cases, but designing such system is one of the biggest challenges for data-driven Al.

Fig. 1: Deep
learning requires
a large dataset,
(e.g., ImageNet),
such that random
subsets can be
used to update a
deep network.
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How can we design deep-lear ning systemsthat can continueto learn and improve asit collects more
and moredata? A desirable example is shown below in Fig. 2 below, where, at agiven time, aclassifier
only sees a subset of categories, e.g., images of certain animals. These categories are only seen once, and
never again. Humans and animals can learn from such data streams, but deep networks forget old
categories [Kirkpatrick et al., 2017]. Our main goal isto fix these type of problems and design more
effective and practical methods for life-long deep learning.

Fig. 2: Life-long learning systems can learn continually, even when categories are seen sequentially and never
stored together in a large dataset. This type of learning is called Continual Learning.
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Our proposal departs significantly from traditional life-long learning approaches due to two key
components. The first component comprises of methods to “identify, memorize, and recall” useful

past experiences while collecting and analyzing new ones. Similar qualities are essential for humans and



animals. During our lives, we identify and remember useful skillsthat can help usin the future. When
learning a new skill, we can recall and use previoudly learned skills to improve quickly. Our goal isto

incorporate similar qualities in a deep-learning system to enable effective life-long learning.

The second key component isa set of Bayesian principlesto build the first component. Our recent
work derives Bayesian principles for deep-learning (Khan et al. 2018; Osawa et al. 2019; Khan et al.
2019). Surprisingly, this also unravels the relationship between trained models and their training data, and
can be used to identify important data which led to the discovery of the model (see Fig. 5, modified from
Khan et al. 2019). This alternate view is completely missing in deep learning, where the models do not
directly tell us which datato feed them, rather they simply ingest the random data given to them. Our
Bayesian principle fix thisissue, and in this proposal, we will use them to identify, memorize and recall

useful data examples.

During the three years of the projects, we published 3 papers where we build a few comopnents of our
approach. In 2020, we proposed a new “continual” deep learning where we regularize the “memory” of
the past data to ensure that the model does not forget them. This new regularization method improves
over the traditional EWC*“weight-regularization” method by Kirkpartick et al. (2017). Our paper was
accepted as an oral presentation at Neurl PS 2020 (105 out of 9454 submissions)

- Continual Deep Learning by Functional Regularisation of Memorable Past (Neurl PS 2020) P. Pan*, S.
Swaroop*, A. Immer, R. Eschenhagen, R. E. Turner, M.E. Khan
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Figure 3: Most memorable and least memorable datapoints on MNIST (left) and CIFAR-10 Figure 2: FROMP outperforms baselines on Split CIFAR (see ‘Avg’ column). ‘Separate tasks

(right). Memorable points are difficult to classify and lie on the decision boundary. Additionally, different networks are trained on each task separately. ‘Joint tasks': a single network is trained
our method for choosing memorable points (Step B in FROMP) is computationally cheap. jointly on all task data (upper-bound to continual learning performance).

In 2021, we worked on improving our understanding of this method. Current implementation uses the
Gaussian-Process viewpoint but this leads to difficult computations. We wanted to go beyond this and
understand fundamental principles behind the working of this method; our hope was to not only simplify
the computations involved but to show that our method is universal and that any adaptation task will require
aregularization of the form we used in thiswork. Thislead to the creation of Knowledge-Adaptation Priors
or K-priors. Our functional regularizer is a special type of K-priors. We show that, by carefully choosing
the past memory, K-priors can reconstruct the gradients of the past faithfully. This principle is present in
all sorts of methods, ranging from simple linear regression, to kernel methods, and also deep neural
networks (including knowledge distillation). Our paper was published in Neurl PS 2021.

Khan, M. E. and Swaroop, S. "Knowledge-adaptation priors* Advancesin Neural Information Processing
Systems 34, pp. 19757-19770, (2021).

In the last year, we aimed to apply our method to large-scale problem, such as ImageNet. Using the
principle of gradient reconstruction, we proposed an improvement to combine the EWC method with our

memory-based approach. We applied this method to Tiny-ImageNet. We could not finish the ImageNet



work, but we have made an important step towards it. The paper is finished and we are submitting it to a
journal.

- (Under submission) Improving Continual Learning by Accurate Gradient Reconstructions of the Past,
Erik Daxberger, Siddharth Swaroop, Kazuki

Osawa, Rio Y okota, Richard E Turner, Jose; Miguel Hernandez-L obato, Mohammad Emtiyaz Khan



Pan, P., Swaroop, S., Immer, A., Eschenhagen, R., Turner, R. and Khan, M. E. 374
Continual deep learning by functional regularization of the memorable past 2020
Advances in Neural Information Processing Systems 4453-4464

DOI
Khan, M. E. and Swaroop, S. 34
Knowledge-Adaptation Priors 2021
Advances in Neural Information Processing Systems 19757--19770

DOI

0
0

(Alquier Pierre)

(10865645) (82401)

(Yokota Rio)

(20760573) (12608)







