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Lifelong Learning



Reminders

Tuesday (Nov 30th): Project poster session

Wednesday (Dec 8th): Project due

This Wednesday:Lecture and instructor office hours over zoom



Plan for Today

The lifelong learning problem statement

Basic approachesto lifelong learning

Can we do better than the basics?

Revisiting the problem statement

from the meta-learning perspective



! ōǊƛŜŦ ǊŜǾƛŜǿ ƻŦ ǇǊƻōƭŜƳ ǎǘŀǘŜƳŜƴǘǎΦ

aŜǘŀπ[ŜŀǊƴƛƴƎ

Given i.i.d. task distribution, 
learn a new task efficiently

quickly learn 
new task

learn to learn tasks

Multi-Task Learning

Learn to solve a set of tasks.

perform tasksƭŜŀǊƴ ǘŀǎƪǎ



Lƴ ŎƻƴǘǊŀǎǘΣ Ƴŀƴȅ ǊŜŀƭ ǿƻǊƭŘ ǎŜǘǘƛƴƎǎ ƭƻƻƪ ƭƛƪŜΥ

Meta-Learning
learn to learn tasks

quickly learn 
new task

Multi-Task Learning
perform taskslearn tasks

ǘƛƳŜ

π ŀ ǎǘǳŘŜƴǘƭŜŀǊƴƛƴƎ ŎƻƴŎŜǇǘǎ ƛƴ ǎŎƘƻƻƭ

π ŀ ŘŜǇƭƻȅŜŘ ƛƳŀƎŜ ŎƭŀǎǎƛŦƛŎŀǘƛƻƴ ǎȅǎǘŜƳƭŜŀǊƴƛƴƎ ŦǊƻƳ ŀ 

ǎǘǊŜŀƳ ƻŦ ƛƳŀƎŜǎ ŦǊƻƳ ǳǎŜǊǎ

π ŀ ǊƻōƻǘŀŎǉǳƛǊƛƴƎ ŀƴ ƛƴŎǊŜŀǎƛƴƎƭȅ ƭŀǊƎŜ ǎŜǘ ƻŦ ǎƪƛƭƭǎ ƛƴ 

ŘƛŦŦŜǊŜƴǘ ŜƴǾƛǊƻƴƳŜƴǘǎ

π ŀ ǾƛǊǘǳŀƭ ŀǎǎƛǎǘŀƴǘƭŜŀǊƴƛƴƎ ǘƻ ƘŜƭǇ ŘƛŦŦŜǊŜƴǘ ǳǎŜǊǎ ǿƛǘƘ 

ŘƛŦŦŜǊŜƴǘ ǘŀǎƪǎ ŀǘ ŘƛŦŦŜǊŜƴǘ Ǉƻƛƴǘǎ ƛƴ ǘƛƳŜ

π ŀ ŘƻŎǘƻǊΩǎ ŀǎǎƛǎǘŀƴǘŀƛŘƛƴƎ ƛƴ ƳŜŘƛŎŀƭ ŘŜŎƛǎƛƻƴπƳŀƪƛƴƎ

Some examples:

Our agents may not be given a large batch of 
data/tasks right off the bat!



Sequential learning settings

online learning, lifelong learning, continual learning, incremental learning, streaming data

distinct from sequence dataand sequential decision-making

Some Terminology



мΦ tƛŎƪ ŀƴ ŜȄŀƳǇƭŜ ǎŜǘǘƛƴƎΦ

нΦ 5ƛǎŎǳǎǎ ǇǊƻōƭŜƳ ǎǘŀǘŜƳŜƴǘ ƛƴ ȅƻǳǊ ōǊŜŀƪπƻǳǘ ǊƻƻƳΥ

όŀύ Ƙƻǿ ǿƻǳƭŘ ȅƻǳ ǎŜǘπǳǇ ŀƴ ŜȄǇŜǊƛƳŜƴǘ ǘƻ ŘŜǾŜƭƻǇ ϧ ǘŜǎǘ ȅƻǳǊ ŀƭƎƻǊƛǘƘƳΚ

όōύ ǿƘŀǘ ŀǊŜ ŘŜǎƛǊŀōƭŜκǊŜǉǳƛǊŜŘ ǇǊƻǇŜǊǘƛŜǎ ƻŦ ǘƘŜ ŀƭƎƻǊƛǘƘƳΚ

όŎύ Ƙƻǿ Řƻ ȅƻǳ ŜǾŀƭǳŀǘŜ ǎǳŎƘ ŀ ǎȅǎǘŜƳΚ

²Ƙŀǘ ƛǎ ǘƘŜ ƭƛŦŜƭƻƴƎ ƭŜŀǊƴƛƴƎ ǇǊƻōƭŜƳ ǎǘŀǘŜƳŜƴǘΚ

A. a student learning concepts in school

B. a deployed image classification systemlearning from a 

stream of images from users

C. a robot acquiring an increasingly large set of skills in 

different environments

D. a virtual assistantlearning to help different users with 

different tasks at different points in time

E. a ŘƻŎǘƻǊΩǎ ŀǎǎƛǎǘŀƴǘaiding in medical decision-making

Example settings:

Exercise:



Desirable properties/considerations Evaluation setup



Some considerations:

πŎƻƳǇǳǘŀǘƛƻƴŀƭǊŜǎƻǳǊŎŜǎ

πƳŜƳƻǊȅ

- model performance

- data efficiency

Problem variations:

- task/data order: i.i.d. vs. predictable vs. curriculum vs. adversarial

- others: privacy, interpretability, fairness, 
test time compute & memory

- discretetask boundaries vs. continuousshifts (vs. both)

πƪƴƻǿƴǘŀǎƪ ōƻǳƴŘŀǊƛŜǎκǎƘƛŦǘǎ ǾǎΦ ǳƴƪƴƻǿƴ

{ǳōǎǘŀƴǘƛŀƭ ǾŀǊƛŜǘȅ ƛƴ ǇǊƻōƭŜƳ ǎǘŀǘŜƳŜƴǘΗ

What is the lifelong learning problem statement?



General [supervised] online learning problem:

What is the lifelong learning problem statement?

ŦƻǊ ǘ Ґ мΣ ΧΣ ƴ

observe ὼ

ǇǊŜŘƛŎǘ ώ
Ƕ

ƻōǎŜǊǾŜ ƭŀōŜƭ ώ

ƛΦƛΦŘΦ ǎŜǘǘƛƴƎΥ ὼḐὴὼȟώḐὴώȿὼ

ὴnot a function of ὸ

streaming setting: cannot store ὼȟώ
- lack of memory
- lack of computational resources
- privacy considerations
- want to study neural memory mechanisms

otherwise: ὼḐὴ ὼȟώḐὴ ώȿὼ

true in some cases, but not in many cases!
π ǊŜŎŀƭƭΥ ǊŜǇƭŀȅ ōǳŦŦŜǊǎ

ғτƛŦ ƻōǎŜǊǾŀōƭŜ ǘŀǎƪ ōƻǳƴŘŀǊƛŜǎΥ ƻōǎŜǊǾŜ ὼȟᾀ



²Ƙŀǘ Řƻ ȅƻǳ ǿŀƴǘ ŦǊƻƳ ȅƻǳǊ ƭƛŦŜƭƻƴƎ ƭŜŀǊƴƛƴƎ ŀƭƎƻǊƛǘƘƳΚ

minimal regret(that grows slowly with ὸ)

regret: cumulative loss of learner τcumulative loss of best learner in hindsight

(cannot be evaluated in practice, useful for analysis)

2ÅÇÒÅÔȡ Вfl — άὭὲВfl —

Regret that grows linearly in ὸis trivial. ²ƘȅΚ



²Ƙŀǘ Řƻ ȅƻǳ ǿŀƴǘ ŦǊƻƳ ȅƻǳǊ ƭƛŦŜƭƻƴƎ ƭŜŀǊƴƛƴƎ ŀƭƎƻǊƛǘƘƳΚ

ǊŜƎǊŜǘΥ ŎǳƳǳƭŀǘƛǾŜ ƭƻǎǎ ƻŦ ƭŜŀǊƴŜǊ τŎǳƳǳƭŀǘƛǾŜ ƭƻǎǎ ƻŦ ōŜǎǘ ƭŜŀǊƴŜǊ ƛƴ ƘƛƴŘǎƛƎƘǘ

2ÅÇÒÅÔȡ Вfl — άὭὲВfl —
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ǇƻǎƛǘƛǾŜ ϧ ƴŜƎŀǘƛǾŜ ǘǊŀƴǎŦŜǊ

What do you want from your lifelong learning algorithm?

positive forward transfer: previous tasks cause you to do better on future tasks

compared to learning future tasks from scratch

ǇƻǎƛǘƛǾŜ ōŀŎƪǿŀǊŘǘǊŀƴǎŦŜǊΥ ŎǳǊǊŜƴǘ ǘŀǎƪǎ ŎŀǳǎŜ ȅƻǳ ǘƻ Řƻ ōŜǘǘŜǊ ƻƴ ǇǊŜǾƛƻǳǎ ǘŀǎƪǎ

compared to learning past tasks from scratch

ǇƻǎƛǘƛǾŜ πҔ ƴŜƎŀǘƛǾŜ Υ ōŜǘǘŜǊ πҔ ǿƻǊǎŜ
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{ǘƻǊŜ ŀƭƭ ǘƘŜ Řŀǘŀ ȅƻǳΩǾŜ ǎŜŜƴ ǎƻ ŦŀǊΣ ŀƴŘ ǘǊŀƛƴ ƻƴ ƛǘΦ

Approaches

τҔ Ŧƻƭƭƻǿ ǘƘŜ ƭŜŀŘŜǊŀƭƎƻǊƛǘƘƳ

¢ŀƪŜ ŀ ƎǊŀŘƛŜƴǘ ǎǘŜǇ ƻƴ ǘƘŜ ŘŀǘŀǇƻƛƴǘ ȅƻǳ ƻōǎŜǊǾŜΦτҔ ǎǘƻŎƘŀǎǘƛŎ ƎǊŀŘƛŜƴǘ ŘŜǎŎŜƴǘ

+ will achieve very strong performance

- computation intensive

- can be memory intensive

τҔ /ƻƴǘƛƴǳƻǳǎ ŦƛƴŜπǘǳƴƛƴƎŎŀƴ ƘŜƭǇΦ

[depends on the application]

Ҍ ŎƻƳǇǳǘŀǘƛƻƴŀƭƭȅ ŎƘŜŀǇ

Ҍ ǊŜǉǳƛǊŜǎ л ƳŜƳƻǊȅ

πǎǳōƧŜŎǘ ǘƻƴŜƎŀǘƛǾŜ ōŀŎƪǿŀǊŘ ǘǊŀƴǎŦŜǊ

άŦƻǊƎŜǘǘƛƴƎέ
sometimes referred to as 
catastrophic forgetting

- slow learning



±ŜǊȅ ǎƛƳǇƭŜ Ŏƻƴǘƛƴǳŀƭ w[ ŀƭƎƻǊƛǘƘƳ

Julian, Swanson, Sukhatme, Levine, Finn, Hausman, Never Stop Learning,2020

ус҈ пф҈

т Ǌƻōƻǘǎ ŎƻƭƭŜŎǘŜŘ рулƪ ƎǊŀǎǇǎ



Very simple continual RL algorithm

Julian, Swanson, Sukhatme, Levine, Finn, Hausman, Never Stop Learning,2020



Very simple continual RL algorithm

WǳƭƛŀƴΣ {ǿŀƴǎƻƴΣ {ǳƪƘŀǘƳŜΣ [ŜǾƛƴŜΣ CƛƴƴΣ IŀǳǎƳŀƴΣ bŜǾŜǊ {ǘƻǇ [ŜŀǊƴƛƴƎΣнлнл

Can we do better?²Ƙŀǘ ŀōƻǳǘ ƴŜƎŀǘƛǾŜ ǘǊŀƴǎŦŜǊΚ
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/ŀǎŜ {ǘǳŘȅΥ /ŀƴ ǿŜ ƳƻŘƛŦȅ Ǿŀƴƛƭƭŀ {D5 ǘƻ ŀǾƻƛŘ ƴŜƎŀǘƛǾŜ ōŀŎƪǿŀǊŘ ǘǊŀƴǎŦŜǊΚ
(from scratch)



LŘŜŀΥ

35Lopez-Paz & Ranzato. Gradient Episodic Memory for Continual Learning. NeurIPSô17

(1) store small amount of data per task in memory

όнύ ǿƘŜƴ ƳŀƪƛƴƎ ǳǇŘŀǘŜǎ ŦƻǊ ƴŜǿ ǘŀǎƪǎΣ ŜƴǎǳǊŜ ǘƘŀǘ ǘƘŜȅ ŘƻƴΩǘ unlearnprevious tasks

How do we accomplish (2)?

ƳŜƳƻǊȅΥ ִי ŦƻǊ ǘŀǎƪ ᾀ

For ὸ πȟȢȢȢȟὝ

ƳƛƴƛƳƛȊŜ flὪ ẗȟᾀȟὼȟώ

ǎǳōƧŜŎǘ ǘƻ flὪȟִי flὪ ȟִי ŦƻǊ ŀƭƭ ᾀ ᾀ

ƭŜŀǊƴƛƴƎ ǇǊŜŘƛŎǘƻǊ ώ Ὢ ὼȟᾀ

(i.e. s.t. loss on previous 
ǘŀǎƪǎ ŘƻŜǎƴΩǘ ƎŜǘ ǿƻǊǎŜύ

Can formulate & solve as a QP.

Assume local 
linearity:

ἂὫȟὫἃȡ ἂ
‬flὪȟὼȟώ

‬—
ȟ
flὪȟִי

‬—
ἃ π for all ᾀ ᾀ



36Lopez-Paz & Ranzato. Gradient Episodic Memory for Continual Learning. NeurIPSô17

9ȄǇŜǊƛƳŜƴǘǎ

LŦ ǿŜ ǘŀƪŜ ŀ ǎǘŜǇ ōŀŎƪΧdo these experimental domains make sense?

BWT: backward transfer, 

FWT: forward transfer

πabL{¢ ǇŜǊƳǳǘŀǘƛƻƴǎ

πabL{¢ Ǌƻǘŀǘƛƻƴǎ

π/LC!wπмлл όр ƴŜǿ ŎƭŀǎǎŜǎκǘŀǎƪύ

Problems:

¢ƻǘŀƭ ƳŜƳƻǊȅ ǎƛȊŜΥ 

рлмн ŜȄŀƳǇƭŜǎ



/ŀƴ ǿŜ ƳŜǘŀπƭŜŀǊƴ Ƙƻǿ ǘƻ ŀǾƻƛŘ ƴŜƎŀǘƛǾŜ ōŀŎƪǿŀǊŘ ǘǊŀƴǎŦŜǊΚ

WŀǾŜŘϧ ²ƘƛǘŜΦ aŜǘŀπ[ŜŀǊƴƛƴƎ wŜǇǊŜǎŜƴǘŀǘƛƻƴǎ ŦƻǊ /ƻƴǘƛƴǳŀƭ [ŜŀǊƴƛƴƎΦbŜǳǊLt{Ψмф

Beaulieu et al. Learning to Continually Learn.Ψ20
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aƻǊŜ ǊŜŀƭƛǎǘƛŎŀƭƭȅΥ

ƭŜŀǊƴlearn learn learn ƭŜŀǊƴlearn

ǎƭƻǿ ƭŜŀǊƴƛƴƎ ǊŀǇƛŘ ƭŜŀǊƴƛƴƎ

ƭŜŀǊƴ

time

What might be wrong with the online learning formulation?

Online Learning
όIŀƴƴŀƴ ΩртΣ ½ƛƴƪŜǾƛŎƘ Ωлоύ

Perform sequence of tasks 
while minimizing static regret. ǘƛƳŜ

ǇŜǊŦƻǊƳǇŜǊŦƻǊƳperform perform perform ǇŜǊŦƻǊƳperform

ȊŜǊƻπǎƘƻǘǇŜǊŦƻǊƳŀƴŎŜ



hƴƭƛƴŜ [ŜŀǊƴƛƴƎ
όIŀƴƴŀƴ ΩртΣ ½ƛƴƪŜǾƛŎƘ Ωлоύ

Perform sequence of tasks 
while minimizing static regret.

όCƛƴƴϝΣ wŀƧŜǎǿŀǊŀƴϝΣ YŀƪŀŘŜΣ [ŜǾƛƴŜ L/a[ Ωмуύ

hƴƭƛƴŜ aŜǘŀπ[ŜŀǊƴƛƴƎ
Efficiently learn a sequence of tasks 
from a non-stationary distribution.

ǘƛƳŜ

ƭŜŀǊƴƭŜŀǊƴlearn learn learn ƭŜŀǊƴlearn

ǘƛƳŜ

ǇŜǊŦƻǊƳǇŜǊŦƻǊƳperform perform perform ǇŜǊŦƻǊƳperform

ȊŜǊƻπǎƘƻǘǇŜǊŦƻǊƳŀƴŎŜ

ŜǾŀƭǳŀǘŜǇŜǊŦƻǊƳŀƴŎŜ ŀŦǘŜǊ ǎŜŜƛƴƎ ŀ ǎƳŀƭƭ ŀƳƻǳƴǘ ƻŦ Řŀǘŀ

²Ƙŀǘ ƳƛƎƘǘ ōŜ ǿǊƻƴƎ ǿƛǘƘ ǘƘŜ ƻƴƭƛƴŜ ƭŜŀǊƴƛƴƎ ŦƻǊƳǳƭŀǘƛƻƴΚ

Primarily a difference in evaluation, rather than the data stream.



The Online Meta-Learning Setting

Goal: Learning algorithm with sub-linear

[ƻǎǎ ƻŦ ŀƭƎƻǊƛǘƘƳ
Loss of best algorithm

in hindsight

ŦƻǊ ǘŀǎƪ ǘ Ґ мΣ ΧΣ ƴ

ƻōǎŜǊǾŜ Ô꜠Ò

ǳǎŜ ǳǇŘŀǘŜ ǇǊƻŎŜŘǳǊŜ ɮ—ȟ꜠ÔÒǘƻ ǇǊƻŘǳŎŜ ǇŀǊŀƳŜǘŜǊǎ ‰

observe label ώ

observe ὼ

ǇǊŜŘƛŎǘ ώ
Ƕ
Ὢ ὼ

{ǘŀƴŘŀǊŘ ƻƴƭƛƴŜ ƭŜŀǊƴƛƴƎ ǎŜǘǘƛƴƎ

(Finn*, Rajeswaran*, Kakade, Levine ICML Ω18)



{ǘƻǊŜ ŀƭƭ ǘƘŜ Řŀǘŀ ȅƻǳΩǾŜ ǎŜŜƴ ǎƻ ŦŀǊΣ ŀƴŘ ǘǊŀƛƴ ƻƴ ƛǘΦ

wŜŎŀƭƭ ǘƘŜ Ŧƻƭƭƻǿ ǘƘŜ ƭŜŀŘŜǊόC¢[ύ ŀƭƎƻǊƛǘƘƳΥ

Cƻƭƭƻǿ ǘƘŜ ƳŜǘŀπƭŜŀŘŜǊόC¢a[ύ ŀƭƎƻǊƛǘƘƳΥ

Can we apply meta-learning in lifelong learning settings?

{ǘƻǊŜ ŀƭƭ ǘƘŜ Řŀǘŀ ȅƻǳΩǾŜ ǎŜŜƴ ǎƻ ŦŀǊΣ ŀƴŘ meta-train on it.

wǳƴ ǳǇŘŀǘŜ ǇǊƻŎŜŘǳǊŜ ƻƴ ǘƘŜ ŎǳǊǊŜƴǘ ǘŀǎƪΦ

5ŜǇƭƻȅ ƳƻŘŜƭ ƻƴ ŎǳǊǊŜƴǘ ǘŀǎƪΦ

What meta-learning algorithms are well-suited for FTML?

²Ƙŀǘ ƛŦ ὴ כ ƛǎ ƴƻƴπǎǘŀǘƛƻƴŀǊȅΚ


