Continual Learning and Catastrophic Forgetting

, 123 Favl Hand
Ou\‘;/meﬁ Northeasbern Um'vers»'é]

Context + initial approaches

EValua[:?"j ﬂ(jan’tl.ms
Algorithms Fov CL

EXomp’e context f'af Continval Ieamiry

Al-powered drones unveiled by Aerialtronics, Neurala and NVIDIA at GTC 2016
5765 views - Sep 29,2016 16 M0 A SHARE = SAVE

Other example § avtonomovs vepicles

What are examples of situations where continual learning is desirable?
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Visualization in parameter space of catastrophic forgetting



Demonstration of catastrophic forgetting using linear regression in 2-d
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Figure 2: Schematic of permuted MNIST task protocol.
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When/why are these tasks equally difficult?



Tneremenba| Class [carn ing

Leorn o bascf tosk Set, then
Leorn opddibiona| closses

Task 1 Task 2 Task 3 Task 5
first  second first  second first  second first  second first  second

class class class class class class class class class class

Shared Seatvres w/ new clesses

Are these tasks equally difficult?
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Why optimize the task specific parameters for the previous task instead of
leaving them fixed?

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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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?



