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What is Lifelong or Continual
Learning?



What is Lifelong or Continual Learning1?

“A lifelong learning system is defined as an adaptive algorithm capable of learning
from a continuous stream of information, with such information becoming
progressively available over time and where the number of tasks to be learned
(e.g., membership classes in a classification task) are not predefined. Critically,
the accommodation of new information should occur without catastrophic
forgetting or interference.”

— (Parisi et al. 2019)

1Both terms refer to the same research field, however, continual learning is used more prominently in
case of deep learning. Lifelong learning is the more general terminology (Chen and Liu 2018).
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Continual Learning — Streams of experiences

Adapted from Vincenzo Lomonaco’s ContinualAI.org course.Philip Naumann 3
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What is a task T ?

Classes:
Y = {�,�, Ð, Ë, ü}

Task T0:
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x
a � or Ð ?
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Experiences example
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The goal of Continual Learning

Maintain a model f : X → Y throughout all t ∈ [0,∞) without forgetting any Ti≤t.
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The problem of catastrophic forgetting (Stability-Plasticity Dilemma)

Catastrophic Forgetting

“[. . . ] when training on new tasks or categories, a neural network tends to
forget the information learned in the previous trained tasks.” (Chen and Liu
2018)

The Stability-Plasticity Dilemma
• Stability means preserving past knowledge
• Plasticity means adapting to new knowledge

High plasticity leads to forgetting ↔ high stability leads to learning resistance
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Common assumptions in Continual Learning

• Data shifts are only virtual
• ⇒ we don’t need to forget, only to accumulate knowledge

• No time constraint between two experiences
• ⇒ training time is no concern

• Data is only seen once
• ⇒ we don’t maintain an (infinite, explicit) memory

These are just common assumptions.

Everything is flexible in general.
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The three scenarios of
Incremental/Continual Learning (IL)



The three scenarios: Task-IL
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The three scenarios: Domain-IL
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The three scenarios: Class-IL
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Generative Replay



Rehearsal & Replay

One strong assumption is to not store data (e.g., due to storage and processing limits).

At the same time, replaying past data (so-called rehearsal) is a very effective way to
combat catastrophic forgetting (Robins 1995).
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Rehearsal & Replay

Maintain a memory buffer “⊕” of past samples that are mixed into most recent data.

Philip Naumann 13



Pseudo-rehearsal through Generative Replay (Shin et al. 2017)

Instead of actual samples, we use synthetic examples created by a generative model.

• Real data D = (X ,Y) arriving with each experience
• Solver S : X → Y, e.g., your classifier
• Generator G : Rn → X , e.g., a GAN or VAE
• Scholar H = 〈S,G〉
• Train loss

Ltrain(θi) = rE(x,y)∼Di
[L(S(x; θi), y)]︸ ︷︷ ︸

New data

+ (1− r)Ex′∼Gi−1 [L(S(x′; θi), S(x′; θi−1)︸ ︷︷ ︸
Past S to get y of x′

)]

︸ ︷︷ ︸
Synthetic past data

• Test loss

Ltest(θi) = rE(x,y)∼Di
[L(S(x; θi), y)] + (1− r)E(x,y)∼Dpast

[L(S(x; θi), y)]
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Pseudo-rehearsal through Generative Replay (Shin et al. 2017)
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Advantages & Disadvantages

Advantages
• Very strong in case of Class-IL (and all other scenarios as well)
• No data storage problems
• Theoretically even better than rehearsal as it’s like dreaming or imagination

(ContinualAI.org Course—Methodologies [Part 1])

Disadvantages
• Training a (good) generator is possibly a harder problem than the original one
• It’s hard to maintain a generator as well
• Doesn’t scale well when the problem becomes more complex (only works as good as

the generator does)
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Summary

• Continual Learning aims to solve the catastrophic forgetting problem (and many
other challenges)

• There are plenty of strategies to do this; one simple and well-performing one is
rehearsal

• To avoid storing actual data and solving its associated problems, we can use
pseudo-rehearsal in the form of Generative Replay

• This approach is very promising, but doesn’t scale well with complex problems (yet)

(Outlook—more on that at a later time)
• Latent Replay (Pellegrini et al. 2020; van de Ven, Siegelmann, and Tolias 2020)
• Adapting the architecture as well (Parisi et al. 2018)
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