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Problem Statements

» Whatis Continual Learninge

Multi-Task Learning Meta-Learning

learn tasks perform tasks
learn to learn tasks
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In contrast, many real world settings look like:

AKX XSS

Social and Cognitive Robotics, Sharif University of Technology




Problem Statements

Transfer Learning Meta Learning

Multi Task Learning
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Problem Variations

Task ID Task Incremental

Class Incremental
Task order

Domain Incremental

Discrete/Continuous
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Problem Variations

Task Incremental

ITosk Incremental I
Task-Incremental Learning (or multi-head setting)

() m Class Incrementall

.‘,‘ Task boundary or task label ._, .
‘ ‘ . . Domain Incremental
Training ?Test . {y(t)} £ {y(f+1)}
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Problem Variations

Class Incremental

Task Incremental

I Class-Incremental Learning (or shared-head sett mg)

/O%D I Class Incremental I
Task boundary '—’

‘ ‘ . . Domain Incremental
Training rest @ P(2®)) £ P(xV+1)
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Problem Variations

Domain Incremental

Task Incremental

I Class-Incremental Learning (or shared-head setting)

®@ @ O
/N Class Incremental
Task boundary '—’ ‘ ._’

__.‘ ‘ . O Domain Incremental
Training Test ‘ P(AXW®) £ P(x(tt1))
(YO} = {y+1)y
l:p(y(t)) = p(y(t+1'))|;
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Problem Variations

Task Agnostic

Task Incremental

I Task Agnostic CL

W R R é. i Class Incremental
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Problem Variations

Comparison

Incremental Task Learning Incremental Domain Learning Incremental Class Learning
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Problem Variations

Comparison

Domain Incremental @B{J [V-;z’rf%

Class Incremental
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Stability / Plasticity

Accuracy

Previous tasks cause beftter

Forward transfer oerformance on tasks

tasks cause better

Backward transfer performance on Previous tasks
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» How to calculate metricse

-
1
Average Accuracy: ACC = T ; Rr;
1 T=1
Backward Transfer: BWT = T—1 Rri— R,
i=1
I _
Forward Transfer: FWT = 1 ; Ri—1:=0b.
LEE'S See Some eXxample
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® ~ Lack of plasticity

Stability + (positive) forward
(©) transfer

Both (positive) backward &
and forward transfer
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Rehearsal Pseudo

l Rehearsal | |
iCaRL [16] | GEM [51] EWC [24]
ER [45] DGR [12] A-GEM [6] IMM [25]
SER [46] PR [48] GSS [44] SI [52]
TEM [47] CCLUGM [49] R-EWC [53]
LGM [50] MAS [13]
Riemannian
Walk [14]
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Dynamic
l Network Architectures

LwF [54] I I

LFL [55]  PackNet [57] PNN [60]

EBLL [9] PathNet [27] Expert Gate [5]

DMC [56] Piggyback [58] RCL [61]
HAT [59] DAN [17]



Methods

Replay methods: Rehearsal

iCaRL [16] | GEM [51]
ER [45] DGR [12]  A-GEM [6]
[Reheorsol 1 SER [46] PR [48] GSS [44]
TEM [47] CCLUGM [49]
LGM [50]

Algorithm 1 Continual learning with Rehearsal.
I: function REHEARSALBATCH(B, M)

2 B <~RETRIEVALPOLICY(M) D Retrieve exemplars
3 w +— SGD (B U B, w) > Optimize objective for union
4: STORAGEPOLICY(M, B) © Update rehearsal memory
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Methods

Replay methods: Pseudo Rehearsal

iCaRL [16] | GEM [51]
ER [45] DGR [12]  A-GEM [6]
Pseudo-Rehearsal SER[46]  PR[48]  GSS [44]
TEM [47] CCLUGM [49]
LGM [50]
Current Task Current Task

I New Scholar ! r New Scholar
Current Current l y 1B
Replay P Replay { y

0ld Scholar Old Scholar
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Methods

Replay methods: Constrained

iCaRL [16] | GEM [51]
. ER [45] DGR [12] A-GEM [6]
[Cons’rrolned } SER[46] ~ PR[48]  GSS [44]
TEM [47] CCLUGM [49]
LGM [50]

Fort'=0,...:1

minimize L(fg (,2¢ ), (Xe, Y¢))
subject to L(fg, M) < L(fg'—l. My ) forall z; < z,
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Methods

Regularization-based methods: Data Focused

Prior-focused Data-focused

I I
EWC [24] LwF [54]
[Do’ra focused } Sl
SI [52] EBLL [9]
R-EWC[53] DMC [56]
MAS [13]
LEARNINGWITHOUTFORGETTING: Riemannian
Walk [14]

Start with:
f,: shared parameters
0,: task specific parameters for each old task
X, Ya: training data and ground truth on the new task
Initialize:
Y, « CNN(X,, 0.,0,) // compute output of old tasks for new data
0. «~RANDINIT(|0,|) // randomly initialize new parameters
Train:
Define Y, = CNN(X,, 0., 0,) // old task output
Define Y,, = CNN(X,,, 0., 0,)) // new task output
0:, 05, 6;, « argmin (ALota(Yo, Vo) + Lnew(Ya. Ya) + R(6s, 00, 00))

0,.0,.0,
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Methods

Regularization-based methods: Prior Focused

Prior-focused Data-focused

. I I
EWC [24] LwF [54]
SI [52] EBLL [9]
R-EWC [53] DMC [56]
MAS [13]
Riemannian
Walk [14]
train A train B train C
.0 - ; _ EWC
= s
o ’, | 1 SGD
" 0.8 ! :
o 1.0 l : A 2
1 0=l 5 b)
" 08 i
v 1.0 :
E: i lﬁ :
0.8 ! L
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Methods

Parameter Isolation methods: Dynamic Architecture

[Dynomic Archi’rec’rure}

source task

target task

N\

random

input inpul -
|

| [

Progressive Net Progressive Net

5 frozen
2 columns 3 columns
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Fixed Dynamic
Network Architectures

| |
PackNet [57] PNN [60]
PathNet [27] Expert Gate [5]
Piggyback [58] RCL [61]
HAT [59] DAN [17]



Methods

Parameter Isolation methods: Fixed Network

. Fixed Dynamic
[leed Ne’rwork} Network  Architectures
I |
PackNet [57] PNN [60]
PathNet [27] Expert Gate [5]
Piggyback [58] RCL [61]
HAT [59] DAN [17]

Training: Supermasks Inference: Supermasks in Superposition

p:f(x,W@M’ﬂ

‘l: l
0Q0 0
\ k
- % pla)=f (x W (Z a-z-w))
i=1
o st ‘O

N

Supermask 1 Supermask 2 Supermask 3

0 O OO0

a, a; a, to s o ,
Fask 1 . Task 2 . Task 3 . Data from Maximize Converge to Qo TIVQH (p (Ct))
= - o unknown task confidence supermask 2
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Edge of Knowledge

Der these
/ Remem \

Continual Learning Meta Learning
learn to learn tasks
In contrast, many real world settings look like: (m &‘ quicklvleakm
new tas
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time \_ 0?6 y
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Edge of Knowledge

Meta Confinual Learning

Learning to Learn Continually

Support Query

* Each is a continual learning problem
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learning
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Edge of Knowledge

Confinual Meta Learning

Continually Learning to Learn

Dmda

is received continually

Continual Meta 4
learning
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Conclusion

» Where to use Continual Learninge

. Constant memory

: No +task boundary info

. Online Learning

- Forward travsfer

«  Backward travster

- Problem agwostic

- Adaptively learvivg from partial data

. No test +ime oracle

- Taskrevisiting to strenathen prior knowledae

. araceful foraetting to balance stability and plasticity
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Thanks for your attention
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