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Introduction

State-of-the-art deep neural networks can solve about any problem they are trained on. But when trained on a new problem, these networks quickly
forget any previously learned problems. A simple solution for such 'catastrophic forgetting' is to store the encountered examples from previously learned
problems and revisit them when learning about new problems. Despite being effective, such ‘replay' or ‘rehearsal’ is typically believed not to be a scalable
solution as (1) constantly retraining on all previous problems is considered very inefficient and (2) the amount of data that would have to be stored
quickly becomes unmanageable. Yet, in the brain—which clearly has implemented an efficient and scalable algorithm for continual learning—the replay of
previous experiences is important for the gradual stabilization of new memories [1,2]. Inspired by this, here we revisit the use of replay as a tool for
continual learning in artificial neural networks (ANNS).

Part I: A Strong Case for Replay
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Part Il: Brain-Inspired Modifications Enable Generative Replay to Scale
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