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* Humans continually accumulate information throughout their lifetime

* A brain mechanism thought to underlie this ability is the replay of neuronal

activity patterns that represent previous experiences
[Wilson & McNaughton, 1994 Science; O’Neill et al., 2010 TINS; van de Ven et al., 2016 Neuron]

Motivation:

» Use replay to enable artificial neural networks to do ‘continual learning’
» Use artificial neural networks as a computational model for replay in the brain




How to add replay to artificial neural networks?
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Does (generative) replay work?

* Generative replay works very well for MNIST-based continual learning problems

* For class-incremental learning, some form of replay even seems to be required
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Elastic Weight Consolidation (EWC): Kirckpatrick et al., 2017 PNAS
Learning without Forgetting (LwF): Li & Hoiem, 2017 IEEE T Pattern Anal
Context-dependent Gating (XdG): Masse et al., 2018 PNAS

&~ S

Joint Training
Generative Replay

Test accuracy

Class-Incremental Learning (Class-IL)
Choice between all digits seen so far

11 — Joint Training ("upper bound”)
1 Generative Replay
0.8 1
0.6 4
0.4 \
1 EWC
0.2
O L) T 1 T 1

# of digits so far

A similar point was made it previous work:
* van de Ven & Tolias (2018) arXiv: 1809.10635
* van de Ven & Tolias (2019) NeurlPS Continual Learning workshop



Robustness and efficiency of replay

But... (1) MNIST digits are relatively easy to generate
(2) constantly retraining on all previous tasks seems very inefficient
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- Fully replaying previous tasks is not needed,
replaying only a few examples could suffice




Robustness and efficiency of replay

But... (1) MNIST digits are relatively easy to generate
(2) constantly retraining on all previous tasks seems very inefficient

How good does replay need to be? How much replay is needed?
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> A perfect memory (storing everything) is not needed, = Fully replaying previous tasks is not needed,

a low-quality generative model could suffice replaying only a few examples could suffice




What about more complex inputs?

Class-incremental
CIFAR-100:
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(all methods use pre-trained convolutional layers)

Standard versions of generative replay break down on problems with more complex

inputs (e.g., natural images)

[see also Lesort et al., 2019 IJCNN; Aljundi et al., 2019 NeurlPS]



Brain-inspired modifications to Generative Replay
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specific classes, by replacing the standard
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Brain-inspired replay on natural images
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Brain-inspired replay on natural images

Class-incremental
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summary

Brain-inspired replay Hip
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* Replay is especially important for class-incremental
learning (i.e., learning to distinguish between classes that
are not observed together)
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* Even replaying a few or poor-quality samples can

substantially boost continual learning performance New data”” ';;epfl’;;'

* Scaling generative replay up to problems with more
complicated inputs is nevertheless not straight-forward Class-incremental learning
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* Our brain-inspired replay method replays internal or
hidden representations that are generated by the
network’s own, context-modulated feedback connections
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replay for continual learning with artificial neural networks.

Nature Communications, 11: 4069.
Code: https://github.com/GMvandeVen/brain-inspired-replay
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