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Project milestone due Wednesday.

Two guest lectures next week!

Je! Clune Sergey Levine



Plan for Today
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The lifelong learning problem statement

Basic approaches to lifelong learning

Can we do better than the basics?

Revisiting the problem statement!
 from the meta-learning perspective
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!"#$%&'"$&(%&)"*'"+$*#,&-"./0/&-&1/.2

3&/045&0$1%16
Given i.i.d. task distribu0on, 
learn a new task efficiently

quickly learn 
new task

learn to learn tasks

37,8490.:"5&0$1%16

Learn to solve a set of tasks.

perform taskslearn tasks
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;1"<*1/$0./="-01>"$&0,")*$,?".&@16.",**:",%:&A

3&/045&0$1%16
learn to learn tasks

quickly learn 
new task

37,8490.:"5&0$1%16
perform taskslearn tasks

0me

- a ./7?&1/ learning concepts in school 
- a deployed %-06&"<,0..%B<08*1".>./&- learning from a 

stream of images from users 
- a $*#*/  acquiring an increasingly large set of skills in 

different environments 
- a (%$/70,"0..%./01/ learning to help different users with 

different tasks at different points in 0me 
- a ?*</*$C."0..%./01/ aiding in medical decision-making

Some examples:

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



D&E7&180,",&0$1%16".&@16.

online learning, lifelong learning, con0nual learning, incremental learning, streaming data

dis0nct from .&E7&1<&"?0/0 and .&E7&180,"?&<%.%*14-0:%16

Some Terminology
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1. F%<:"01"&G0-+,&".&@16. 

2. H%.<7.."+$*#,&-"./0/&-&1/")%/I">*7$"1&%6I#*$: 

(a) how would you set-up an experiment to develop & test your algorithm? 

(b) what are desirable/required proper0es of the algorithm? 
(c) how do you evaluate such a system?

What is the lifelong learning !"#$%&'()*+*&'&,*?

A. a ./7?&1/ learning concepts in school 
B. a deployed %-06&"<,0..%B<08*1".>./&- learning from a 

stream of images from users 
C. a $*#*/  acquiring an increasingly large set of skills in 

different environments 
D. a (%$/70,"0..%./01/ learning to help different users with 

different tasks at different points in 0me 
E. a ?*</*$C."0..%./01/ aiding in medical decision-making

Example seTngs:

!"#$%&'#:
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Some considera0ons:

- <*-+7/08*10,  resources

- -&-*$>

- model +&$'*$-01<&

- data &J<%&1<>

Problem varia0ons:

- /0.:K?0/0"*$?&$: i.i.d. vs. predictable vs. curriculum vs. adversarial

- others: privacy, interpretability, fairness, 
test 0me compute & memory

- ?%.<$&/& task boundaries vs. <*1817*7.  shiVs (vs. both)

- :1*)1  task boundaries/shiVs vs. 71:1*)1

Substan0al variety in problem statement!

What is the lifelong learning !"#$%&'()*+*&'&,*?

8



General [supervised] online learning problem:

What is the lifelong learning !"#$%&'()*+*&'&,*?

for t = 1, É, n

observe xt

predict !yt

observe label yt

i.i.d. setting : xt " p(x), yt " p(y! x)

 not a function of p t

streaming setting : cannot store (xt, yt)
- lack of memory 
- lack of computational resources 
- privacy considerations 
- want to study neural memory mechanisms

otherwise: xt " pt(x), yt " pt(y! x)

true in some cases, but not in many cases!
- recall: replay bu!ers

<Ñ if observable task boundaries : observe xt, zt
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What do you want from your lifelong learning algorithm?

(&)&(*+,$#-$#. (that grows slowly with )t

$&6$&/: cumula0ve loss of learner — cumula0ve loss of best learner in hindsight

(cannot be evaluated in prac0ce, useful for analysis)

RegretT :=
T

!
1

# t(! t) $ min
!

T

!
1

# t(! )
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Regret that grows linearly in  is trivial.t  Why?



/0'&12#,3,)#-*12#,.$*)'4#$

What do you want from your lifelong learning algorithm?

+*.%8(&"'*$)0$?"/$01.'&$: previous tasks cause you to do be[er on future tasks

compared to learning future tasks from scratch

+*.%8(&"#0<:)0$?"/$01.'&$: current tasks cause you to do be[er on previous tasks

compared to learning past tasks from scratch

+*.%8(&"4L"1&608(&"A"#&M&$"4L")*$.&
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Plan for Today
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The lifelong learning problem statement

Basic approaches to lifelong learning

Can we do better than the basics?

Revisiting the problem statement!
 from the meta-learning perspective



Store all the data you’ve seen so far, and train on it.

Approaches

—> '*,,*)"/I&",&0?&$ algorithm

Take a gradient step on the datapoint you observe. —> ./*<I0.8<"6$0?%&1/"?&.<&1/

+ will achieve very ./$*16"+&$'*$-01<&

- <*-+7/08*1"%1/&1.%(&

- can be -&-*$>"%1/&1.%(&

—> N*1817*7."B1&4/71%16 can help.

[depends on the applica0on]

+ computa0onally cheap
+ requires 0 memory
- subject to"1&608(&"#0<:)0$?"/$01.'&$

“forgeTng”
some0mes referred to as 
catastrophic forgeTng

- slow learning

13N01")&"?*"#&M&$O
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The lifelong learning problem statement

Basic approaches to lifelong learning

Can we do better than the basics?

Revisiting the problem statement!
 from the meta-learning perspective



Case Study: Can we use meta-learning to accelerate online learning?
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motor malfunction
gradual terrain change

time

online adaptation = few-shot learning tasks are temporal slices of experience

Recall: model-based meta-RL
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motor malfunction
gradual terrain change

time

icy terrain

k time steps not sufficient to learn entirely new terrain

Continue to run SGD?

example online 
learning problem

+ will be fast with MAML initialization
- what if ice goes away? (subject to forgetting)

17Nagabandi, Finn, Levine. Deep Online Learning via Meta-Learning. ICLR Ô19



time

Online inference problem: infer latent ÒtaskÓ variable at each time step

Note: If neural net is random initialized, this procedure would be too slow.

Alternate between:

M-step: Update mixture of network parameters 

Mixture of neural networks over task variable T, adapted continually:

E-step: Estimate latent ÒtaskÓ variable at each time step given data

prior

gradient step on each mixture element, weighted by task probability

likelihood of the data!
under task     .

P(Tt = Ti |x t , y t ) ! p! (Ti ) (y t |x t , Tt = Ti )P(Tt = Ti )
<latexit sha1_base64="o+w8nuWLDJ0VD8mItgNEHIiSq5Q="></latexit><latexit sha1_base64="o+w8nuWLDJ0VD8mItgNEHIiSq5Q="></latexit><latexit sha1_base64="o+w8nuWLDJ0VD8mItgNEHIiSq5Q="></latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="HYuehfr9ScUR7ZI+Dh5V0LkyYlA="></latexit><latexit sha1_base64="HYuehfr9ScUR7ZI+Dh5V0LkyYlA="></latexit><latexit sha1_base64="ekeP9cfXZZoDKmiLpGft+htEIbE="></latexit><latexit sha1_base64="o+w8nuWLDJ0VD8mItgNEHIiSq5Q="></latexit><latexit sha1_base64="o+w8nuWLDJ0VD8mItgNEHIiSq5Q="></latexit><latexit sha1_base64="o+w8nuWLDJ0VD8mItgNEHIiSq5Q="></latexit><latexit sha1_base64="o+w8nuWLDJ0VD8mItgNEHIiSq5Q="></latexit><latexit sha1_base64="o+w8nuWLDJ0VD8mItgNEHIiSq5Q="></latexit><latexit sha1_base64="o+w8nuWLDJ0VD8mItgNEHIiSq5Q="></latexit>

Nagabandi, Finn, Levine. Deep Online Learning via Meta-Learning. ICLR Ô1918Nagabandi, Finn, Levine. Deep Online Learning via Meta-Learning. ICLR Ô19



Crawler with crippled legs

Does it work? online learning w. MAML initialization 
SGD w. MAML initialization 
MAML (always reset to prior + 1 grad step) 
model-based, no adaptation 
model-based, grad steps

Nagabandi, Finn, Levine. Deep Online Learning via Meta-Learning. ICLR Ô19

no meta-learning

19Nagabandi, Finn, Levine. Deep Online Learning via Meta-Learning. ICLR Ô19



Nagabandi, Finn, Levine. Deep Online Learning via Meta-Learning. ICLR Ô19

Latent task distribution during online learning
Does it work?

Crawler with crippled legs

20Nagabandi, Finn, Levine. Deep Online Learning via Meta-Learning. ICLR Ô19



Case Study: Can we modify vanilla SGD to avoid nega0ve backward transfer?

21

(from scratch)



Idea:

22Lopez-Paz & Ranzato. Gradient Episodic Memory for Continual Learning. NeurIPS Ô17

(1) store small amount of data per task in -&-*$>

(2) when making updates for new tasks, ensure that they don’t 71,&0$1 previous tasks

How do we accomplish (2)?

memory:  for task % k zk

For t = 0,...,T

minimize # ( f! ( &, zt) , (xt, yt) )

subject to  for all # ( f! , % k ) ' # ( f t$1
! , % k ) zk < zt

learning predictor yt = f! (xt, zt)

(i.e. s.t. loss on previous 
tasks doesn’t get worse)

Can formulate & solve as a QP.

Assume local 
linearity: " gt, gk# :=

!
( # ( f! , (xt, yt) )

( !
,
# ( f! , % k )

( ! "
) 0 for all zk < zt



23Lopez-Paz & Ranzato. Gradient Episodic Memory for Continual Learning. NeurIPS Ô17

Experiments

If we take a step back… do these experimental domains make sense?

BWT: backward transfer, 
FWT: forward transfer

- MNIST permuta0ons 
- MNIST rota0ons 
- CIFAR-100 (5 new classes/task)

Problems:

Total memory size: 
5012 examples



Can we meta-learn how to avoid nega0ve backward transfer?

24

Javed & White. -&*+./&+",0,1(2&!"&)&,*+3#,)(4#"(5#,3,6+%(/&+",0,17 NeurIPS ‘19
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The lifelong learning problem statement

Basic approaches to lifelong learning

Can we do better than the basics?

Revisiting the problem statement!
 from the meta-learning perspective



3*$&"$&0,%.8<0,,>:

learn learn learn learn learnlearn

.,*)",&0$1%16 $0+%?",&0$1%16

learn

0me

What might be wrong with the online learning formula0on?

P1,%1&"5&0$1%16
(Hannan ’57, Zinkevich ’03)

Perform sequence of tasks 
while minimizing sta0c regret. 0me

perform perform perform perform perform performperform

5#$06'70. +&$'*$-01<&

26



P1,%1&"5&0$1%16
(Hannan ’57, Zinkevich ’03)

Perform sequence of tasks 
while minimizing sta0c regret.

(Finn*, Rajeswaran*, Kakade, Levine ICML ’18)

8)+&)#,9#.*6:#*$)&)-
Efficiently learn a sequence of tasks 
from a non-sta0onary distribu0on.

0me

learn learn learn learn learn learnlearn

0me

perform perform perform perform perform performperform

5#$06'70. +&$'*$-01<&

&(0,70/& +&$'*$-01<&"0Q&$".&&%16"0".-0,,"0-*71/"*'"?0/0

What might be wrong with the online learning formula0on?

27

Primarily a difference in evalua&on, rather than the 8+*+()*"&+'.



;7#,8)+&)#,9#.*6:#*$)&)-,<#=)-

RegretT :=
T!

t =1

! t (! t (" t )) ! min
! ! !

T!

t =1

! t (! t (" ))
<latexit sha1_base64="2+KP9DCIWvggRsB3gBx4m2dSNKQ="></latexit>

R*0,>,Learning algorithm with sub-linear

5*.."*'"0,6*$%/I-
5*.."*'"#&./"0,6*$%/I-!

%1"I%1?.%6I/
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for task t = 1, É, n

observe * tr
t

use update procedure  to produce parameters + (! t, *
tr
t ) " t

observe label yt

observe xt

predict !yt = f" t
(xt) D/01?0$?"*1,%1&",&0$1%16".&@16

(Finn*, Rajeswaran*, Kakade, Levine ICML ’18)
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Store all the data you’ve seen so far, and train on it.

Recall the '*,,*)"/I&",&0?&$ (FTL) algorithm:

S*,,*)"/I&" meta4,&0?&$ (FTML) algorithm:

Can we apply meta-learning in lifelong learning seTngs?

Store all the data you’ve seen so far, and -&/0 -train on it.

Run update procedure on the current task.

Deploy model on current task.

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

What if  is non-sta0onary?pt(, )



TG+&$%-&1/")%/I"'#?@#)%#',04,.*'A'A"
- Colored, rotated, scaled 9BC<; 
- DE 0FG#%.,/0'#,/$#H&%10) 
- ICJKL6MNN classifica0on

Example pose predic0on tasks

plane

car

chair

Experiments

30



Experiments
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J0++0O,;7#,9#.*6:#*H#$ 
+#*$)',#*%7,)#O,.*'A,4*'.#$ & O&.7,-$#*.#$,/$0P%&#)%Q, 

approaches,4#O6'70.,+#*$)&)-,regime
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Takeaways

Many "avors of lifelong learning, all under the same name.

De#ning the problem statement is often the hardest part

Meta-learning can be viewed as a slice of the lifelong learning problem.

A very open area of research.
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Reminders
Project milestone due Wednesday.

Two guest lectures next week!

Je! Clune Sergey Levine


