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PLAN
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‣ Continual learning & catastrophic forgetting

‣ Alleviating forgetting

‣ Replay

‣ Regularization

‣ Expansion


‣ Learning continually with invertible models [if we have enough time]



CONTINUAL LEARNING (CL)
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‣ A model is presented with a sequence of tasks                                      
with task IDs


‣ When training on task                                          we don't have access to 
previous data


‣ The assumption is that the tasks will be revisited in the future


‣ Catastrophic forgetting: model's performance on previous task 
degrades when training on new one



GOALS
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‣ Mitigate forgetting

‣ Transfer knowledge to new and old tasks

‣ Fixed or limited memory and computation (scalability)



CONTINUAL LEARNING: CATASTROPHIC FORGETTING
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‣ Tug-of-war dynamics while learning on non iid distribution

‣ Problem of ''locality'' of learning and optimization

‣ Stability-plasticity tradeoff 



CONTINUAL LEARNING NEURAL NETWORK
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encoder

task 1 head

task 2 head

inputs   -->



‣ Split MNIST task: T1 is classes 0 and 1, T2 is classes 2 and 3, ...

CONTINUAL LEARNING SCENARIOS
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Hsu et al, Re-evaluating Continual Learning Scenarios: A Categorization and Case for Strong Baselines



CONTINUAL LEARNING BENCHMARKS
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‣ ''Split'' datasets: MNIST, CIFAR, ImageNet, CUB [Wah et al 2011]

‣ Permuted or rotated MNIST, SVHN-MNIST

‣ Taskonomy [Zamir et al 2018]



METRICS
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Let          be the accuracy of the model on task i after training on task j

‣ Final test accuracy           on each task i or average across tasks


‣ Average forgetting                                            (or backward transfer!)


‣ Forward transfer                                            [Lopez-Paz & Ranzato 2017]
1

⌧ � 1

⌧�1X

i=2

(ai,i�1 � ri)
<latexit sha1_base64="f/mBlf1wvQuItMu598gQ7SkPYfk="></latexit>



ALLEVIATING CATASTROPHIC FORGETTING
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‣ Replay based

‣ Regularization based (parameter and function space)

‣ Expansion based (adding capacity)

    + their combination


‣ Baselines:

‣ Upper bound: Multi-Task Learning (T1, T1+T2, ...) or iid training

‣ Lower bound: SGD (more common than adaptive optimizers in 

non iid tasks)



REPLAY
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‣ Write task data to fixed size memory and use it later to prevent 
forgetting


‣ Need to choose: update rule using replay samples, sampling strategy 
to fill the replay buffer



REPLAY
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‣ Reservoir sampling / choosing samples uniformly at random



REPLAY
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‣ Gradient Episodic Memory (GEM): we want the loss on memory 
samples to not increase


‣ Project gradients:



REPLAY
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‣ Averaged GEM: more memory efficient


‣ Project gradients:



‣ Incremental Classifier and Representation Learning (iCaRL): class-
incremental learning setting


‣ Features extractor network                                  

‣ For representation learning 

‣ Exemplar set for each class       , classification is done via nearest mean 

of exemplar (class prototype) 

INCREMENTAL LEARNING
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classification loss distillation loss

outputs before updating



GENERATIVE REPLAY
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‣ Continual Unsupervised Representation Learning [Rao et al 2019]

task 1 data



GENERATIVE REPLAY
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‣ Continual Unsupervised Representation Learning

task 1 data snapshot



GENERATIVE REPLAY
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‣ Continual Unsupervised Representation Learning

task 2 data

snapshot
generated task 1 samples



GENERATIVE REPLAY

19

‣ Generative Adversarial Networks can be used to approximate 
evolving data distribution


‣ ''Scholar'' is a generator + task solver



GENERATIVE REPLAY
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‣ Generative Adversarial Networks can be used to approximate 
evolving data distribution


‣ ''Scholar'' is a generator + task solver

permuted MNIST



REGULARIZATION IN PARAMETER SPACE
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‣ L2 regularization


‣ Estimate the importance of each parameter for previous tasks and 
penalize changes to each parameter proportional to this measure
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REGULARIZATION IN PARAMETER SPACE
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‣ Elastic Weight Consolidation (EWC)


where       is a diagonal of the Fisher information matrix FFi
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permuted MNIST



REGULARIZATION IN PARAMETER SPACE
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‣ EWC Bayesian interpretation:


‣ Approximate posterior as a Gaussian distribution with mean          and 
diagonal precision F



FUNCTIONAL REGULARIZATION FOR CONTINUAL LEARNING WITH GPS
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‣ Replace the last layer of a neural network with a GP


‣ Use inducing points to avoid forgetting with the GP



‣ Progressive Neural Networks

EXPANSION
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CONTINUAL LEARNING SCENARIOS
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Hsu et al, Re-evaluating Continual Learning Scenarios: A Categorization and Case for Strong Baselines



CONTINUAL LEARNING SCENARIOS
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‣ Typically the input is                     but the model may not have access to 
task ID and only receive


‣ Task agnostic domain incremental learning or unsupervised learning

‣ Task free: continuously drifting distribution (e.g. CIFAR-C with 

increasing noise intensity or mixed tasks)

(xi, yi)
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BEYOND CATASTROPHIC FORGETTING
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‣ Forward and backward transfer

‣ Sample efficiency: the minimum possible number of examples to 

replay for remembering

‣ Understanding continual learning and forgetting [Ramasesh et al 

2020, Mirzadeh et al 2020]
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Questions?


