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mmm Introduction

- ®1I1 2] machine learning ¥ deep learning2 E& taskllAl 1R S0t 5SS HHFL US
BIE =01 image classification® 22, 21719] 28 d=2 0I01 20HAMCH I8 2= 4501 Sihots &%
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Other models -o State-of-the-art models

https://paperswithcode.com/sota/image-classification-on-imagenet
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mmm Introduction

- 1L 2 BIAIC] ImageNettl A et5okK] B2 HIOIE M TSt inference 8S01 Hotkl= S92 2HIJH UCH,
O1ZHt QIS Artificial Intelligence (Al) 22 HI|0= G121 7HX| SHHIE Ol =TH

XI&£HOZ shE6HA| B9, knowledgelt SH/0ISEIXI 23

—_—

2. ZH 0! close-worldE JHE0111 AUM, HIOIEDE HEH Z=Itel= &T &0l (e IS0l M=

3. goHHSIE(| 2 DS test taskll M2t 20, oiE 2201 EAN SSEIX] 22

—_L—_

Liu, B., & Mazumder, S. (2021, May). Lifelong and continual learning dialogue systems: learning during conversation. In Proceedings of the AAAI Conference on

"‘5"?" KOREA .\ Data Mining
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mmm Introduction

- J12{LF &M BIAIC] ImageNettl M at&oHK] 242 HIOIE Ol CHet inference 8 s01 Xotel= SO SHIJHUCH,
OIZEIF QAKet Artificial Intelligence (Al) 2= HI|0= 217HX] SEAIEOl =TH
~ 1. XIEHOZE shE6HK 42, knowledget ZH/0ISEIX] %23

2. ZH 0! close-worldE JHE0111 AUM, HIOIEDE HEH Z=Itel= &T &0l (e IS0l M=

_ 3. S SIS0l 2=E DES test taskll HESt S0, ois D201 MEH Sk 43

Continual Learning of Humans

Ol2det Z2HIE o Zoh)| Kol

continual leaming 2412 TIOt

https /fwww. economlst com/speC|aI report,/2017/01/12/llfelong learning-is-becoming-an-economic-imperative

Liu, B., & Mazumder, S. (2021, May). Lifelong and continual learning dialogue systems: learning during conversation. In Proceedings of the AAAI Conference on

=8 KOREA O\ Data Mining
Artificial Intelligence (Vol. 35, No. 17, pp. 15058-15063). b
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mmm What is continual learning?

- Continual learning training datalll E2&f 2~ 8i=(Jts0tHET HO

o
neural network(and limited resource)= (424 J19| sequential tasks®| 4SS SXIot HLE S&A|F = A

- EXI| .
—_/ O .

1. & IHZ data streamO| X=X Q1 AR Q| st B4l= Ol
2. Knowledge base(KB)Ml knowledgeE =

3. KnowledgeE taskE WAt6HY transferring Z13H
Forward transfer: 0|X tasks®| knowledgeE Eolf 0I2HO] task S aF4!

- Backward transfer: 0|2} task®| knowledgeE At=20t0H 0| tasksQ MSS okt

1. TSHMOZ sE6H 242, knowledge?t EX/0ISEIX] 2
2. EH 420l close-worldS 715t Q01M, HIOIEIIH HEH Z=THcl= AH S0 et S0l K23

3. BHHelE(| e E HS test task0ll HZEH S0, 61 220! MEH SEEIXI ¢43

To address the limitations,
computers should adopt continual learning method as humans.

https://www.reddit.com/r/2D3DAI/comments/js69za/references_from_lecture_introduction_to_continual/
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mmm Catastrophic forgetting

- OHIO| neural network= 0424 JHO| sequential tasksE =AM OZ atEA|F 1= L, MER
01™ tasksQl BHE 24MHM A4S0l Motz = catastrophic forgetting0| 24

- Gradient-based HEHO| at&5 1 XM M &S LIEHLIE= ZTI2+12 McCloskey and CohenJt 19891 X[ X2 HH

o OIZ0] shm AT E JIE TIAQ| SIHXIX] REE B2 HIAS0| HIOH O US
Interference in Connectionist Networks 163

would take on more reasonable proportions. However, at present we are
not in a position to do this. Our analysis of the causes of interference
implies only that at least some interference will occur whenever new
learning may alter weights]involved in representing old learningand our
simulation results demonstrate only that interference was] catastrophic jin
some specific networks.

McCloskey, M., & Cohen, N. J. (1989). Catastrophic interference in connectionist networks: The sequential learning problem. In Psychology of learning and motivation

KOREA
(Vol. 24, pp. 109-165). Academic Press.
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mmm Example of Tasks

- MNIST HIOIEAIZ MIAIZ2 AF20HH 2 class classificationS ot= 5JH9] taskE A9}
- ZttaskeE 122->32>4-55 9l =M E JHI D XI™MO =2 ot50| HYEH, networke 12 24

Classification

20/ £0) 00
Task 1
N ) ©0 /) /20 /0
Task 2 1338352244 Task 1 Task 2 Task 3 Task 4 Task 5
A 3232233
. o~
TEN LY il EE 15 [OA K
Task3 - - first  second first  second first  second first  second first  second
4 5 '] class  class class  class class  class class  class class  class

Figure 1: Schematic of split MNIST task protocol.
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LeCun, Yann. "The MNIST database of handwritten digits."http://yann. lecun. com/exdb/mnist/(1998). BB KOREA Data Mining
Van de Ven, G. M., & Tolias, A. S. “Three scenarios for continual learning.” (2018). Neural Information Processing Systems Workshops, 2018. UNIVERSITY o® Quality Analytics




mmm Three continual learning scenarios

- Continual learning2 2 Al 37HX19| scenarioE JHXIH, 222 task incremental learning(Task-IL), domain

incremental learning(Domain-IL), and class incremental learning(Class-IL) @ = L U3

Task 1 Task 2 Task 3 Task 4 Task 5
first second first second first second first second first second
class class class class class class class class class class

Figure 1: Schematic of split MNIST task protocol.

Table 1: Overview of the three continual learning scenarios. Table 2: Split MNIST according to each scenario.
Scenario Reaquired at test time ] With task given, is it the 1% or 2Md clags?
1 Task-1L (e.g..,00r1)

Task-IL Solve tasks so far, task-ID provided . With task unknown, is it a 15 or 2™ class?
. _ Domain-IL . 5 in'10,2,4,6,8] orin [1,3,5,7,9))
Domain-IL  Solve tasks so far, task-ID not provided e P

: : — PR
Class-IL Solve tasks so far and infer task-1D Class-IL e o L g et
\Y% SKS ¢ an . (i.e., choice from 0 to 9)

LeCun, Yann. "The MNIST database of handwritten digits."http://yann. lecun. com/exdb/mnist/(1998).
Van de Ven, G. M., & Tolias, A. S. “Three scenarios for continual learning.” (2018). Neural Information Processing Systems Workshops, 2018.
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mmm Three continual learning scenarios

- Task 5H| =XHO 2 at&50| 2= 1JH9] networkE AI26H= A (test Al 2H 0| T2 2 E)

tor

1. Task-IL: EF task(e.g., task 4)E MEOI] etEE networkE Soll 01 task® & S(e.g., accuracy)S

—_/ -

2. Domain-IL : 2 Task0| AF=2E! HIOIE9] domain0l CHE MM, S+SE! networkO] task S &0l(taske S2)

3. Class-IL: 2= tasklll AI2E! classE 882 E&10t0, JIZE0 2HEE networkE E6ll class 25 85 =40
Task 1 Task 2 Task 3 Task 4 Task 5
first second first second first second first second first second
class class class class class class class class class class

Figure 1: Schematic of split MNIST task protocol.

Table 1: Overview of the three continual learning scenarios. Table 2: Split MNIST according to each scenario.
Scenario Reaquired at test time ] With task given, is it the 1% or 2Md clags?
1 Task-1L (e.g..,00r1)

Task-IL Solve tasks so far, task-ID provided . With task unknown, is it a 15 or 2™ class?
. _ Domain-IL . 5 in'10,2,4,6,8] orin [1,3,5,7,9))
Domain-IL  Solve tasks so far, task-ID not provided e P

: : — PR
Class-IL Solve tasks so far and infer task-1D Class-IL e o L g et
\Y% SKS ¢ an . (i.e., choice from 0 to 9)

LeCun, Yann. "The MNIST database of handwritten digits."http://yann. lecun. com/exdb/mnist/(1998).

=8 KOREA Q.. Data Mining
Van de Ven, G. M., & Tolias, A. S. “Three scenarios for continual learning.” (2018). Neural Information Processing Systems Workshops, 2018. o>

UNIVERSITY Quality Analytics




mmm Three continual learning scenarios

- Task 5THK| =XHECZ at501 =& 10| networkE AtE6t= &% (test Al ZH Lt L1&2)

1. Task-IL: EX task(e.g., task 4)E Tt et&5E networkE EoH 1Y task® &S(e.g., accuracy)= =0

2. Domain-IL : 2 Task(il At2=! HIOIEC] domainOl A M, eSS E networkQ] task M =S 20l(taske =)

3. Class-IL: 2= taskll At2E classE M2 E80t(, JI1=0| 2S5E networkE E0ff class 25 Ms &t

o

Domain 1 Task

DomainL One task is to classify|car reviews|as|positive or negative|and another task is to classify

omain- )

example camera reviews|as|positive or negative} Car and camera are two domains.

P Domain 2 Task
Domain : animal Task 1
Class-L Today we learn|to recognize pig and chicken|
example

and tomorrow, we also learn|to recognize sheep.
Task 2

Van de Ven, G. M., & Tolias, A. S. “Three scenarios for continual learning.” (2018). Neural Information Processing Systems Workshops, 2018. *:fr?-% KOREA

O\ Data Mining
UNIVERSITY @B Quality Analytics




mmm Task-IL scenario
- Task-IL scenario(ll M catastrophic forgettingt (knowledge) forward transfer 252t &3

120
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- Allm Hin & in Rin
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ey
Scenario : Catastrophic forgetting Scenario : Forward transfer

3 KOREA Data Mining
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mmm Approaches

- Task-IL, Domain-IL, Class-IL
- Split MNIST 21 &M=
- Baselineli| A offline=

Al =
=22l ds

H

WAl (20184 J|=)
Q| I} Task-IL = Domain-IL = Class-IL =

St &= training datalll E£Z20t0 St&=¢t multitask-learning= OI [

= St

Table 4: Average test accuracy (over all tasks) on the split MNIST task protocol. Each experiment
was performed 20 times with different random seeds. reported is the mean (= SEM) over these runs.

Approach

Method

Task-1L

Domain-IL

Class-1L

Baselines

None — lower bound
Offtine — upper bound

§7.19(£0.94)
99.66 (= 0.02)

59.21 (£ 2.04)
98.42 (£ 0.06)

19.90 (£ 0.02)
97.94 (£ 0.03)

Task-specific

XdaG

99.10 (£ 0.08)

Regularization

EWC
Online EWC
S1

98.64 (£ 0.22)
99.12 (£ 0.11)
99.09 (£ 0.15)

63.95 (£ 1.90)
64.32 (£ 1.90)
65.36 (£ 1.57)

20.01 (£ 0.06)
19.96 (£ 0.07)
19.99 (£ 0.06)

Replay

LwF
DGR
DGR+distill

99.57 (£ 0.02)
99.50 (£ 0.03)
99.61 (£ 0.02)

71.50 (£ 1.63)
95.72 (£ 0.25)
96.83 (£ 0.20)

23.85 (£ 0.44)
90.79 (£ 0.41)
91.79 (£ 0.32)

Replay + Exemplars

iCaRL (budget = 2000)

94.57 (£ 0.11)

Van de Ven, G. M., & Tolias, A. S. “Three scenarios for continual learning.” (2018). Neural Information Processing Systems Workshops, 2018.
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mmm Approaches

- Approaches : 1) Regularization-based; 2)Replay-based; 3)Architecture-based
1) Regularization-based : loss functionl regularization termZ =76 X forgetting & &7
2) Replay-based : memoryE E0i M training subset= TH=MH A 2t&06HHLL, data generator £ &t&

3) Architecture-based : task(il LHoH 22+ sub-network £ JHXIHLE, networkJt dynamic expandabletot= 2 EH

Table 4: Average test accuracy (over all tasks) on the split MNIST task protocol. Each experiment
was performed 20 times with different random seeds. reported is the mean (= SEM) over these runs.

Approach Method Task-IL Domain-IL Class-1L

None — lower bound 87.19 (£ 0.94) 59.21 (£ 2.04) 19.90 (£ 0.02)

Baselines Offline — upper bound ~ 99.66 (+ 0.02) 9842 (£ 0.06)  97.94 (+ 0.03)

Task-specific XdG 99.10 (£ 0.08) - -
EWC 98.64 (£ 0.22) 63.95 (£ 1.90) 20.01 (£ 0.06)
Regularization Online EWC 99.12 (£ 0.11) 64.32 (4 1.90) 19.96 (£ 0.07)
S1 99.09 (£ 0.15) 65.36 (+ 1.57) 19.99 (£ 0.06)
LwF 99.57 (£ 0.02) 71.50 (£ 1.63) 23.85 (£ 0.44)
Replay DGR 99.50 (£ 0.03) 95.72 (£ 0.25) 90.79 (£ 0.41)
DGR+distill 99.61 (£ 0.02) 96.83 (£ 0.20) 91.79 (£ 0.32)
Replay + Exemplars  iCaRL (budget = 2000) - : 94.57 (£ 0.11)

Van de Ven, G. M., & Tolias, A. S. “Three scenarios for continual learning.” (2018). Neural Information Processing Systems Workshops, 2018.

a KOREA ..:\ Data Mining
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Approach Method Task-IL Domain-IL Class-1L

[ ] Baselines None — lower bound 87.19(£0.94) 5921 (£2.04)  19.90 (% 0.02)
- va ua Ion me rlcs setme: Offline — upper bound ~ 99.66 (£ 0.02) 9842 (£ 0.06)  97.94 (% 0.03)

Task-specific XdG 99.10 (£ 0.08)
EWC 98.64 (£ 0.22) 63.95 (£ 1.90) 20.01 (% 0.06)
Regularization Online EWC 99.12(x0.11) 64.32 (£ 1.90) 19.96 (£ 0.07)
SI 99.09 (£ 0.15) 65.36 (+ 1.57) 19.99 (+ 0.06)

e e

- R ‘m EH HH taSkﬂl-Il olAG} E | Ol ntd (m g HH taSk | L‘| — LwF 00.57(£0.02) 7150 (£ 1.63) 2385 (£ 0.44)
mn * — i ) — [ Replay DGR 99.50 (£ 0.03) 95.72 (£ 0.25) 90.79 (£ 0.41)
’ DGR+distill 99.61 (£ 0.02) 96.83 (£ 0.20) 91.79 (£ 0.32)
Replay + Exemplars ~ iCaRL (budget = 2000) - - 9457 (£ 0.11)

Testing task

—

Task 1 Task 2 Task 3 Task 4 Task 5

Task 1 Rq1

Task 2 Ry 4 R, 5

Task(training) Task3  Rsq Rs3, R33

seqgquence

Task4  Ryq R4 Rys Ry 4

I

Task5 | Rsy Rs, Rs 3 Rs 4 Rs 5

Task 5))HX| et&5et &2

= 2} testing task &

ET

=23
93

https://www.cs.uic.edu/~liub/Part-1-continual-learning-slides.pdf 2 KOREA .:\ Data Mining
)

UNIVERSITY Quality Analytics




mmm Approach : Regularization-based

- Elastic Weight Consolidation (EWC) [2017 PNAS]
Old tasksOll M &t=& weightsJt new taskQl st& A0 Healol= @& HH6HH catastrophic forgettingS & XIot Xt &t
«  RegularizationZ E0ll penaltyE F=X| 42 ™, task BUil Z&foHHI(low error) HE 29| weightsJt 0156t EXE

«  0IH task weightsHIA1 01 tasklfl SR8t weightsE £F=0610 regularizationg = SE 9| 11215 HIQ*

— Low error for task B = EWC
== Low error for task A = L2

—— ; == N0 penalty

Figure 1: elastic weight consolidation (EWC) ensures task A is remembered whilst training on task B. Training
trajectories are illustrated in a schematic parameter space, with parameter regions leading to good performance
on task A (gray) and on task B (cream). After learning the first task, the parameters are at #7 . If we take gradient
steps according to task B alone (blue arrow), we will minimize the loss of task B but destroy what we have learnt
for task A. On the other hand, if we constrain each weight with the same coefficient (green arrow) the restriction
imposed is too severe and we can only remember task A at the expense of not learning task B. EWC, conversely,
finds a solution for task B without incurring a significant loss on task A (red arrow) by explicitly computing how
important weights are for task A.

Kirkpatrick, James, et al. "Overcoming catastrophic forgetting in neural networks." Proceedings of the national academy of sciences 114.13 (2017): 3521-3526. 218 KOREA .:\ Data Mining
®
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mmm Approach : Regularization-based

- Elastic Weight Consolidation (EWC) [2017 PNAS]

. Bayes' ruleS 26+ 2 data(D) 2t weights(6)2 B&IE £ U2
logp(0|D) = log p(D|0) + log p(#) — log p(D)

. X data(task) Al [HoH St&53t 59| posteriori= [+ dataltask) B0l L3t priorO2 & & AU
log p(0|D) = log p(Dp|#) +log p(#|D4) —log p(Dp)

- Laplace approximation(7+& : all weights are Gaussian distribution)2 Eol, X5 loss function ==

B 1.0 single task performance
» 0[X OIOIHS sk 23 v

L(8) = +Z AF (6 — 0%,)° [~ o

0.9

Fisher information matrix (0% HIOIE2+C] Z+AHI) 0.8 1

SGD+dropout

2 3 4 5 6 7 8 9 10
Number of tasks

Kirkpatrick, James, et al. "Overcoming catastrophic forgetting in neural networks." Proceedings of the national academy of sciences 114.13 (2017): 3521-3526. *rff?-* KOREA Data Mining
https://www.reddit.com/r/2D3DAI/comments/js69za/references_from_lecture_introduction_to_continual/ UNIVERSITY .‘. Quality Analytics




mmm Approach : Replay-based

- Deep Generative Replay (DGR) [2017 NIPS]

«  Replay J]8t9] continual learning 244!

Al
. BIHE 1S HEoH= 01210] b Sk

I_E =oOo — L

2 taskQ| #=Jt MO SE HEGH0F 0h= train set@ 3|17 HXIEE memory 0l US
H

= s & 1E oHI]f(hlppocampus) HIE S22 H| J[Y2 25610 6 H replay
= 2 M E(neocortex)tl 2] J|MO=Z HE

I'II'

- &S OL0ILIHE neural network(l generative modelS £&6+0{ memoryE [iHlot= 419 21121E

- O 1

Current Task Current Task

Scholary
h..4 New Scholar New Scholar
Scholar;

h 4 Current _ Current y
Scholary
. Replay - Replay Y

-
0ld Scholar Old Scholar
(2) Sequential Training (b) Training Generator (c) Training Solver

Figure 1: Sequential training of scholar models. (a) Training a sequence of scholar models is equivalent
to continuous training of a single scholar while referring to its most recent copy. (b) A new generator
is trained to mimic a mixed data distribution of real samples « and replayed inputs &’ from previous
generator. (c) A new solver learns from real input-target pairs («x, y) and replayed input-target pairs
(x',y’), where replayed response ¥’ is obtained by feeding generated inputs into previous solver.
Shin, Hanul, et al. "Continual learning with deep generative replay." Advances in neural information processing systems 30 (2017).

28 KOREA ..:\ Data Mining
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mmm Approach : Replay-based

- Deep Generative Replay (DGR) [2017 NIPS]

«  Task Ot scholar 2h= 2301 &4501 &1, 01 2HHl= generator@t solverJt US

Generator= input data2t SAISt dataE CTHe= 0] 10, S TH taskQl input(x) It 01& tasksOl replay® input(x)0] A0 BE
task®| input dataE 2tE6t= generatorZ St&50| £ E

« Solver= Zt tasklil M FHE EHE EHUH= E=0110, &4TH task9l (x, y)@F generator22H L2 (x, y)2 ME AK=206HH 01H
HIOIEA K| EtEG}= solverE &A1

Lirain(0i) = TE(a,y)~p, [L(S(2;0:), y)| + (1 = 7) Barng,, [L(S(2'0;), S('; 0;-1))]

STl task9 =RE

Current Task Current Task

b4 New Scholar New Scholar
Scholar,
v Current _ Current y
. Replay —_— Replay Y

.

Old Scholar 0ld Scholar
(a) Sequential Training (b) Training Generator (¢) Training Solver

Shin, Hanul, et al. "Continual learning with deep generative replay." Advances in neural information processing systems 30 (2017). =8 KOREA .:\ Data Mining
®
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mmm Approach : Replay-based

- Deep Generative Replay (DGR) [2017 NIPS]

« Task Ot scholar 2t= Z40] e+&0] &0

task®| input dataE 2tE6t= generator= St
«  Solver= Zf tasklil M =HE ZHIZE

HIOIEAEX| EtEGH= solverE et& A1
%1r‘_-q--‘h‘ﬁh\"*”*-hhmuu|KJ
%l r_-—-'*_\“hwnk-'“ﬂ
: =
%1 r—-—-—-

=

Tasks

(a)

, 0 2H0il=

«  Generator= input data?t SAet dataZ Bte=

= - ——

Sk
=]
=0U= F=2011,

generator®t solverJt U=
01,

0l ZistE
S

0.8
§ 0.7
® 0.6 \R'W“
o W"“u None
%103
iterations
(b)

Figure 2: Results on MNIST pixel permutation tasks. (a) Test performances on each task during
sequential training. Performances for previous tasks dropped without replaying real or meaningful
fake data. (b) Average test accuracy on learnt tasks. Higher accuracy is achieved when the replayed

inputs better resembled real data.

Shin, Hanul, et al. "Continual learning with deep generative replay." Advances in neural information processing systems 30 (2017).

3] KOREA

UNIVERSITY

HTH task®l input(x) 2t 01X tasks®l replayE input(x’)0l 4

IH task®l (x, y)2t generator28H LI2 (x, y)S &
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mmm Approach : Architecture-based

- Progressive Neural Networks [2016 Arxiv]

- Catastrophic forgetting ZHIE o261 2{oH, model & #&(lateral connection) A knowledge transferS JHSotHH| 6=

LS MRk
«  Task OHF 170 column EH O] neural network(fully connected layer, number of layer : L) F& &

-« TaskJFKOI1! UJt old tasks9l st== weight matrix & I, he LSt 22

outputy outputa ‘ outpufsy

k k), (k k:j '
W = 1 (WO, + T UEIHD,
i<k

irprt

Rusu, Andrei A., et al. "Progressive neural networks." arXiv preprint arXiv:1606.04671 (2016).

=8 KOREA .\ Data Mining
UNIVERSITY @B Quality Analytics




mmm Recent approach

- DualNet [2021 NeurlPS]

« DGR (2017 NIPS)HIT= AJHE! JHECN Z/ED1 D140 2kt C12H(]) 9l e BhAl(complementary learning systems theory)S A H
0H{0Hhippocampus)= HIE 1D JHEXOI HT| J|AZ 2HGHL, A1 E (neocortex)2 &HEOCZ 2lH &J| J1%(knowledge

structure)= &gt

[ul0

- SIHO BEE0| 3 &M A knowledge acquisition!t consolidationS &t

AT & (neocortex)

o hippocampus)

Pham, Quang, Chenghao Liu, and Steven Hoi. "Dualnet: Continual learning, fast and slow." Advances in Neural Information Processing Systems 34 (2021): 16131-16144.

"‘f‘?'* KOREA Data Mining
https://slideslive.com/38968809 o.:\

UNIVERSITY Quality Analytics




mmm Recent approach

- DualNet [2021 NeurlPS]

o OHOFR} AT EIO] HEt2 2H2F fast netilt slow netQ] neural network SEZ LIEHHH, backbone2 ResNet= A2

- Slow net2 self-supervised leaming(Barlow Twins, 2021 PMLR) &4E ol HI0IE{2

Ml Hl feature adaptation A0 = M

« Fast net2 MZE2 feature?t 211l taskQ| input data X! labelS &2

> 0IH tasks®| episodic memoryE &E0t0 replay 419 Z 4= M

Data stream

Supervised
learning

Memory
) Self-supervised

Store data for ~ learning
experience replay

Figure 1: Overview of the DualNet’ architecture. DualNet consists of (i) a slow learner (in blue)
that learns representation by optimizing an SSL loss using samples from the memory, and (ii) a
fast learner (in orange) that adapts the slow net’s representation for quick knowledge acquisition of

DualNet

QUHITO|

| feature=

0t supervised leaming= =l

representation

II ) Fastnet @mm) 7 mmm) Classifier [:>Super\-'ised Loss

The Fast learner’s learning process
Feature adaptation

Memory consolidation |

) =
e ||| =

The Slow learner’s learning process

Slow net |:> = SSLLoss
7B

labeled data. Both learners can be (rained synchronously.

Pham, Quang, Chenghao Liu, and Steven Hoi. "Dualnet: Continual learning, fast and slow." Advances in Neural Information Processing Systems 34 (2021): 16131-16144.
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mmm Recent approach

- DualNet [2021 NeurlPS]

«  Split minilmageNet-TANI M TA= task-aware= J|Z9] Task-IL Forgetting measure (FM) :

g4E

- Split minilmageNet-TFHIA TF= task-free= J|Z9] Class-IL &A1= 9| fi= max a;—ag;, Vji<k.

le{l,- k—1}

Table 1: Evaluation metrics on the Split minilmageNet and CORES0 benchmarks. All methods use
an episodic memory of 50 samples per task in the TA setting, and 100 samples per class in the TF
setting. The “Aug" suffix denotes using data augmentation during training

Split minilmageNet-TA Split minilmageNet-TF

= KOREA
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Method Table 2: DualNet’s performance under different slow learner objective and optimizers on the Split

ACC(T) EM(]) LA(T) ACC(T) FM(}) LA(T) minilmageNet-TA benchmark
ER 58.24+0.78 9.224+0.78 65.36£0.71 25.12+0.99 28.56+1.10 49.04+1.56 Objective SGD Look-ahead
ER-Aug 59.80+1.51 4.684+1.21 58.94+0.69 27.94+2.44 29.36+3.23 54.02+1.02 . : N . X
DER++ 62.32+0.78 7.00+0.81 67.30+0.57 27.16+1.99 34.56+2.48 59.54+1.53 ACCT) FM()) LA ACC(T) FM(]) LA(T)
DER++-Aug 63.48+0.98 4.01+1.21 62.174+0.52 28.26£1.81 36.70+1.85 62.70+0.41 Barlow Twins 64.20+2.37 4.79+1.19 64.83+1.67 73.20+0.68 3.86+1.01 74.12+0.12
CTN 65.82+0.59 3.02+1.13 67.43£1.37 N/A N/A N/A SimCLR 71.49+1.01 4.23+0.46 72.64+1.20 72.13+044 4.13+0.52 73.09+0.16
CTN-Aug  68.04£1.23 3.944+0.98 69.84+0.78 N/A N/A N/A SimSiam 70.55+£0.98 4.93+£1.31 71.90+0.65 71.94+0.64 4.21+0.28 72.931+0.38
DualNet 73.20+0.68 3.86+1.01 74.12+0.12 36.86+-1.36 28.63+2.26 63.46+1.97 BYOL 69.76£2.12 4.23+1.41 70.33£0.87 71.73£047 3.96£0.62 72.06+0.28

- . Classification 68.50+1.67 5.53+1.67 72.93+1.10 70.96+1.08 6.33+0.28 73.92+1.14

Method CORES0-TA CORES50-TF

ACC(T) FM(]) LA(T) ACC() FM(/) LA(T)
ER 41.7241.30 9.10£0.80 48.18+0.81 21.80+0.70 14.4241.10 33.9441.49
ER-Aug 44.16+2.05 5.72£0.02 47.83+1.61 25.34+0.74 15.28£0.63 37.94+0.91
DER 46.62+0.46 4.66+0.46 48.32+£0.69 22.84+0.84 13.10+£0.40 34.50+0.81
DER++-Aug 45.1240.68 5.024+0.98 47.67+0.08 28.10£0.80 10.43+2.10 36.162+0.19
CTN 54.1740.85 5.50+1.10 55.32+0.34 N/A N/A N/A
CTN-Aug  53.40+1.37 6.18+1.61 55.40+1.47 N/A N/A N/A
DualNet 57.64+1.36 4.43+0.82 58.86+0.66 38.76+1.52 8.06+0.43 40.00+1.67

Pham, Quang, Chenghao Liu, and Steven Hoi. "Dualnet: Continual learning, fast and slow." Advances in Neural Information Processing Systems 34 (2021): 16131-16144. Data Mining




mmm Recent approach

- Dynamic Expandable Representation (DER) [2021 CVPR]

TAIZO| taskE at&e M, input data(x) 0l CHOH F() It S+&EI10 t-1 TJHXIQl feature extractor= weights 1%

Input data(x)E 2} extractor(il SutAIZ! 2 2 E t0Hl [HoH featureE SES WS udtl & v = @4(x) =

A& THIM classE

—_—

O]

[o

Z206}t= classifier HE uE 2206

I

rsst py, (y|x) = Softmax(H, (u))

[Pi1(z), Filz)]

Train loss= class 28 loss?} old/new taskE E26H= auxiliary lossE HoH0 HAt Ler = L34, + Aa Ly

QEXMO DHS ol feature®l channel =& EMF= sparsity loss £Jt Lper = L3y, + AaLye + AsLs

Input Laver 1 Layer 2 --- Layer L Feature l"rediclion:“x_. Mask Layer

Layer [-1 Laver |

' Feature Extractor :F P

I—-- Li

Feature Extraclnr Fr

Super-Feature

| Classifier |

H, ey
New Feature Extractor F, ! %

i L | P a
RS SRR HY £

Yan, Shipeng, Jiangwei Xie, and Xuming He. "DER: Dynamically Expandable Representation for Class Incremental Learning." 2021 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR). IEEE Computer Society, 2021.
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mmm Conclusion

1) 2 MIOILIME

FQ.!

Hl &=t M continual learning(il CHeH

I'-II]

MO X 20E X3

2) £34l, neural network J|53+9] DM A \HZ2 data(task)=Z networkE 25 A7|H catastrophic forgetting

= HIJF 2ot IN=0H, 01= ol Zot Xt =2 HLS0[ ML/ d /L

3) 93 XJ|0l= regularization-based 2HHZ0] HIALAU T X20H=

ol
ol

11 (e.g., replay + knowledge distillation), 'l 1tk JHES &
4) OB A O| continual learning 20l HIgH =20 HIAISHD

scenario= ZMMGH ] 0|0l CHoll Z3ot= Ao &r M J|[H

=)
N —
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