Continual Learning and Catastrophic Forgetting
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What are examples of situations where continual learning is desirable?
App you download that recognizes objects ... you want to teach it new objects to recognize
Toy that recognizes its owner’s face

Lifelong learning setup - continual stream of experiences from which you try to learn

Correcting knowledge learned by a system



Con Jov Sim@ Eroin on new dota ®

Task A Dp= {(x,5%)3 Tosk 85 Dy = §0x:,5:)3
First,

m"’l Z L ( ‘ye(xi), 3,) inbiclize fanJomy

6 XY%€eD,
Then,

min 5 L (9(%),Y;) intialize v/ soln bo

0 X%5eD, ? above tash

F:a.’,ufé (Y\aoteg CaﬁaSL'rophn’c f’orjeﬁ'ﬁry / iht'erference

Typfca"y) joao' Per:%/rwanc@ ak 8
worse Pérf'armance ak A

Visualization in parameter space of catastrophic forgetting
0 los on  bobh bushs

ho bnyor

“on o -l
Man.‘('d/ fr A

|0s$

(R
N



Demonstration of catastrophic forgetting using linear regression in 2-d
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When might original training data be unavailable?
—Training data has privacy restrictions (eg through law, medical data)
— Proprietary company data

— Literally lost the data

— Need oceess to 6PUs/Clovd / steody inbernet
When would cloud/gpu access be an issue?

Cell phone app
Ethical /legal issues
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Figure 2: Schematic of permuted MNIST task protocol.
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When/why are these tasks equally difficult?

If the net is a MLP, then task 1 and task 2 are equally difficulty because of the permutation
invariance of an MLP

If the net is a CNN, then task 1 is easier than tasks 2,3, ...
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Are these tasks equally difficult?
Is task 2 harder/easier/equally difficult as task 1 for an MLP? CNN?

Don’t know
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— Complementory Learning Sysbems (™emey +replay)

(and  more )

G.L Parisi, R. Kemker, J.L. Part et al. / Neural Networks 113 (2019) 54-71
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LEARNINGWITHOUTFORGETTING:

Start with:
0s: shared parameters
0,: task specific parameters for each old task
Xn, Yy, training data and ground truth on the new task

Initialize:
Y, «+ CNN(X,, 05, 6,) // compute output of old tasks for new data
0. < RANDINIT(|0.|) // randomly initialize new parameters

Train:
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Why optimize the task specific parameters for the previous task instead of
leaving them fixed?

The shared parameters get updated in response to the new task, so updating parameters for
old task may be needed to accommodate those changes in shared parameters

Learning without forgetting is a “regularization” based method for continual
learning. Where is the regularization?
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How does this figure compare to the catastrophic forgetting visualization
above?
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What is Bayesian learning?
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Example of Bayesian perspective on learning:
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Derivation of Fisher Information
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(Shin et al 2017)
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Does generative replay avoid the data storage concerns that motivated
continual learning methods?

Does generative replay avoid the data privacy concerns that motivated
continual learning methods?



