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mmm Introduction
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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] ImageNetHIA etsoHK] 242 TIOIE Ml T2t inference &S0l Hotkl= S99 2RI UCH,
OIZEIF QAKet Artificial Intelligence (Al) 2= HI|0= 217HX] SEAIEOl =TH
~ 1. TIBHEOZ &0 YCH, knowledgelt HH/0ISEIXI| 2243

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 //www.economist.com/special-report/2017/01/12/lifelong-learning-is-becoming-an-economic-imperative
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Liu, Bing, and Sahisnu Mazumder. "Lifelong and continual learning dialogue systems: learning during conversation." Proceedings of the AAAI Conference on Atrtificial Intelligence.
Vol. 35. No. 17. 2021.




mmm Introduction

ét MORGAN &CLAYPOOL PUBLISHERS

Lifelong
Machine
Learning &

Second Edition

Zhiyuan Chen
Bing Liu

SYNTHESIS LECTURES ON ARTIFICIAL
INTELLIGENCE AND MACHINE LEARNING

Ronald J. Brachman and Peter Stone, Series Edisors

https://www.cs.uic.edu/~liub/Part-1-continual-learning-slides.pdf
https://www.cs.uic.edu/~liub/lifelong-machine-learning.html

Continual Learning 0| CH

Introduction to
Continual/Incremental Learning

Seokho Moon

elanny232ikeras. ae ke
Introduction to Continual Learning (Incre
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mmm Introduction

- Continual Learning= &= &210 Iich 3~5J1 8= LiE = U=
- == e B2 E4

ful0

A6t 0F0ICI MIAI Jts (e.g., experience replay + knowledge distillation)

R

[ Continual Learning Method

! } | | }

Regularization-based Replay-based Optimization-based Representation-based Architecture-based
Approach Approach Approach Approach Approach
. ™ 'd ™ g ™ i B\ '
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e J < / - / e / "
New Training Sample s ™ s ™ s ™ -
Old Training Sample —> Feature Replay — Meta-Leamning —» Continual Pre-training —  Modular Network J
Knowledge Generated Data ~ _ o J \ ) \
Distillation

Unlabeled Data

Fig. 3. A state-of-the-art and elaborated taxonomy of representative continual learning methods. We have summarized 5 main categories (blue
blocks), each of which is further divided into several sub-directions (red blocks).

Wang, Liyuan, et al. "A comprehensive survey of continual learning: Theory, method and application." arXiv preprint arXiv:2302.00487 (2023).
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mmm Paper Review

Co?L: Contrastive Continual Learning (ICCV 2021)

Co’L: Contrastive Continual Learning

Hyuntak Cha Jaeho Lee Jinwoo Shin
KAIST
Daejeon, South Korea

{hyuntak.cha, jasho-lee, jinwoos}@kaist.ac.kr

Representational Continuity for Unsupervised Continual Learning (ICLR 2022)
REPRESENTATIONAL CONTINUITY FOR
UNSUPERVISED CONTINUAL LEARNING

Divyam Madaan'* Jaehong Yoon?? T Yuanchun Li®>*® Yunxin Liu®¢ Sung Ju Hwang®*
New York University! ~ KAIST?  Microsoft Research® ~ AITRICS*

Institute for Al Industry Research (AIR)®>  Tsinghua University®
divyam.madaan@nyu.edu, {jaehong.yoon,sjhwang82}fkaist.ac.kr
liyuanchunfair.tsinghua.edu.cn, liuyunxin@air.tsinghua.edu.cn

Self-Supervised Models are Continual Learners (CVPR 2022)
Self-Supervised Models are Continual Learners

Enrico Fini*''?  Victor G. Turrisi da Costa*!  Xavier Alameda-Pineda”
Elisa Ricci'®  Karteek Alahari”  Julien Mairal’

University of Trento  ” Inria” * Fondazione Bruno Kessler
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mmm Paper Review: Co2L (ICCV 2021)

- Introduction

. SA HHUME HOIETH &XHOR AXE= B}

w20, 0l B0 otLtol RS XISHOZ HH0IESHH
J|Z& MHE 2= catastrophic forgetting 31410] st

Ol2det ZHIE oHZot)| Koll replay-based, regularization-based SO &= HAI0Z HAJE X

LIHE|A

0o

What type of knowledge is likely to be useful for future tasks (and thus not get forgotten),

and how can we learn and preserve such knowledge?

- EEQ Ml A= catastrophic forgetting= oiZotH)| Holl J[E XA
2

Al(knowledge)E EZ0t=0 ES6IUCLL,
K XI=2 transferable representations= S'50tH=

= T

> CHAl 2HoH, OI2H taskMlt= 2Rt knowledgeE 0HH D M

=

Cha, Hyuntak, Jaeho Lee, and Jinwoo Shin. "Co2l: Contrastive continual learning." Proceedings of the IEEE/CVF International conference on computer vision. 2021
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mmm Paper Review: Co2L (ICCV 2021)

- Introduction

- Transferable representations= Z 'S0t ¢

of AH

@ Contrastive learning0| transferable representations= &
forgetting && 11t useful for future task & O Z HIW6HH SH.

@ Cross-entropy 2411} contrastive learning

J1ZE BHE forgetting 5H=XI0 CHOH Hw?

HIA IS
o=

O= Hit=
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Figure 3. Observation on two learning schemes, cross-entropy loss training and contrastive representation learning on Seq-CIFAR-10 without
any design used for the continual learning settings. As new task arrives, each model is trained only with current task samples with model

weights without re-initialization. After each task training ends, a new linear classifier is trained on the fixed current representation with
samples observed so far (denoted by “seen objects”) or all samples including ones from future tasks (denoted by “all objects”). The pair of
left figures shows contrastively trained representations suffer less from forgetting than the ones trained with cross entropy loss. The right
pair shows contrastively learned representation is much more useful to perform unseen objects classification tasks.

Cha, Hyuntak, Jaeho Lee, and Jinwoo Shin. "Co2l: Contrastive continual learning." Proceedings of the IEEE/CVF International conference on computer vision. 2021.
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mmm Paper Review: Co2L (ICCV 2021)

- Preliminaries: Contrastive Learning

- = ==lMeE

- EAT}E?

-

SupCon'(Supervised Contrastive learning, NeurlPS 2020) 2412 AtEg.

.I

Self-supervised contrastive learning vs SupCon Hlu! 23

rself _ Z Esclf

2N
\

4 E'-J up !

\ 1 /

csup -
l_l i:f\\ o
Inner product <E> “ighj= 12 M20|1D
i - e difference!
| between positives So| ZYAL 2T} :
wlf (‘\Zp (zA .z (A)/T) maximize , : s )
i L; 7 =—lo / Lk 3 = - ,
.\ g | 4 | C.s'up :  TEPEL o 1 exp (Zl OZJ/T)
\ >y ik - €xp (24 + 25 /7)p> Inner product L T g o1 2 S 1o o
between negatives gt S — L Y 1=y Lizk - exp (2i* 21 /7T)
minimize | :: >  maximize minimize . -
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[Self-supervised contrastive learning] [Supervised Contrastive learning]

IKhosla, Prannay, et al. "Supervised contrastive learning." Advances in neural information processing systems 33 (2020): 18661-18673.
2https://blog.naver.com/heianjung/222616494664

KOREA KOREA .%\ Data Mlmﬂg

UNIVERSITY Quality Analytics



https://blog.naver.com/heianjung/222616494664

mmm Paper Review: Co2L (ICCV 2021)

- Preliminaries: Contrastive Learning

- =2 =Z0lM= SupCon'(Supervised Contrastive learning, NeurlPS 2020)

- ¥M 2EeHE

[ul0

SEPN=3
g ==0lM elet +=42= EHH 0ot 2=,

exp(z; - z;/T)

— The index set of positive samples

IKhosla, Prannay, et al. "Supervised contrastive learning." Advances in neural information processing systems 33 (2020): 18661-18673.
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mmm Paper Review: Co2L (ICCV 2021)

- Co?L: Contrastive Continual Learning
- HICHHHES Ot ME F JHKI9 loss® 2= 012 US. 2 220 CHol HHIM XHMI] &2,
@ STH EU=2 data(task)fl [Het et& 22 (sup asym; Asymmetric Supervised Contrastive Loss)

@ J|E A2 EZE6= B2 (IRD: Instance-wise Relation Distillation)

[ — sup + )\ - EIRD

asym
N—— N—
(1) learning  (2) preserving

Cha, Hyuntak, Jaeho Lee, and Jinwoo Shin. "Co2l: Contrastive continual learning." Proceedings of the IEEE/CVF International conference on computer vision. 2021.
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mmm Paper Review: Co2L (ICCV 2021)

- Co2L: (1) Asymmetric Supervised Contrastive Loss
- EAKEh HISHHEHES memory bufferE A=A 2E past task datalil CHoll EH251H= rehearsal-based 24! AIE.

> [tk &5 Al 2 batchll= current task samples®t past task samplesJt 440 =1H.

- =2 =E2 J|Z SupCon= asymmetric ot HEHZ 2=H0oH M lossE HIC
@ Current task samples > anchors= &3 LANIISHOINETINEING, "%
s T ~ ’
@ Past task samples - negative samples= £& T
/o %
y " p™
[ log exp (2; - Z.?'/T) \ . ¥
asym ’
X Z; 7./ T \ @ (
2 T JZ@, > i €XP (2: - 21 /7)
S C {11 L. j2 N }<— the set of indices of current task samples in the batch
Push b/w clusters Currentclass samples
=) Pull b/w positives ® Buffered class samples

oir
OOI-
0%

oF
=|=

=2 JI1ZE SupConit HIWGHA, past task samplesOil CHet overfittingS 24 XI5HH & (a) Asymmetric SupCon Loss

Cha, Hyuntak, Jaeho Lee, and Jinwoo Shin. "Co2l: Contrastive continual learning." Proceedings of the IEEE/CVF International conference on computer vision. 2021.
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mmm Paper Review: Co2L (ICCV 2021)

- Co?L: (2) Instance-wise Relation Distillation (IRD)
- i OFOILI= SEED' (ICLR 2021)HIM &= S HICH.
v R0k Self-supervised learning®] XIEX Q1 HXH| HIoH, A 717 SHM AEItset 210215 & 859 M0 EE6IUS.
[LI2tM, teacher model2 MoCo-V2Z +& 417|101 knowledge distillationE S0l student model(EfficientNet, MoblieNet S)E
stEAH ds3 Jide.

L2 Norm SoftMax I ‘
Student 40, >
1

Student Probability\‘

% ‘ Aug m Enqueue . il [ } 7". = p*+ Cross-Entropy

A
\\) L2-Norm SoftMax /
Teacher | ——> [} > @
80---C. ;T Inner product

Instance Queue: D Pre-trained and Frozen Teacher Probablllty

Figure 2: Illustration of our self-supervised distillation pipeline. The teacher encoder is pre-trained by SSL and
kept frozen during the distillation. The student encoder is trained by minimizing the cross entropy of probabilities
from teacher & student for an augmented view of an image, computed over a dynamically maintained queue.

1Fang, Zhiyuan, et al. "SEED: Self-supervised Distillation For Visual Representation." International Conference on Learning Representations. 2021.
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mmm Paper Review: Co2L (ICCV 2021)

- Co2L: (2) Instance-wise Relation Distillation (IRD)
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Cha, Hyuntak, Jaeho Lee, and Jinwoo Shin. "Co2l: Contrastive continual learning." Proceedings of the IEEE/CVF International conference on computer vision. 2021.
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mmm Paper Review: Co2L (ICCV 2021)

- Co?L: Algorithm/Framework

Algorithm 1 Co®L: Contrastive Continual Learning Augmentation Honmsiaet projestion
1: Input: Buffer memory M, Encoder parameters 4, pro- "1 Buffered ' l ' l
jector parameters ¢, number of tasks 7", family of aug- ! samples
mentations #, a set of training sets {{(z},y!)}}7_,, a | current mode |]]:] 3 - (77T S
set of disjoint class sets {C; }7_, learning rate 7, number i a m : [5up :
of epochs of ¢-th task F, distillation temperatures r, Kk*, i Buﬁered — = m | ~asym |
distillation power A. i \ 2 : 1
2: Initialize network (g o f)y(-) where ¢ = (U, ¢). ) III - :
3: fort=1,---,T do o+
4 Construct dataset D, by Dy « {(zf, y)} UM ) i !
s fore—1,--- , E, do Previous model OO0 mmm (T wamn : :
6: Draw a mini-batch {(z;, )}, from D, / l E : LIRD :
7 foralkc {1,--- ,N}do Cunem — O o 1 !
8: Draw two augmentations h ~ H, h' ~ H O O 0 \ 1'
9: Initialize anchor indices sets S < (0, I « III
10: Togp—1 = h(xy)
11: Top = W' (x) Current task | | | | Instance-wise relation drift
12: [+ TU{2k—1,2k} S
13: if yi. € C, then
14: S« Su {2k —1,2k} — Z2 class HI0|E Q] augmentationE SHI HZ.
15: end if
16: end for
17 Compute £ by £ L35 (1, ;91 _,) (eq. 100 — Epoch Ot Loss HlAt
18: if ¢ > 1 then
19: Update £ by N
L L4 X LRG0l k" k) (eq. 13) —> T task(t-1)2 XIE BR(yL?, encoder + projection) 1t 2ATH task(t)2 & epoch 2&(y_,)ut IRD loss Hltt
20: end if

21: Update ¢!, by ¢l ¢l —nVye L —— |oss 0fl I2F 22 SHHI0IE

22:  end for

23:  Manage buffer M for the number of each class sam- ——» Memory buf‘fer?f jﬁI' C|8339.I H |§0| %%ﬁf}ll -;erl_é_l'EE _{g
ples to be same by uniform sampling.

24: end for

Cha, Hyuntak, Jaeho Lee, and Jinwoo Shin. "Co2l: Contrastive continual learning." Proceedings of the IEEE/CVF International conference on computer vision. 2021.
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mmm Paper Review: Co2L (ICCV 2021)

Experiment
- i I HHEHH= A=
« Rehearsal-based continual learning ZHS 1} &S H|W!
ok | = i =2 ~ fiar= ok X|cHol A=
. StEE DRSS =0 L2 representation= AFE 0t classifierE et& A7 classification £1Eist Ms.
Buffer Dataset Seq-CIFAR-10 Seq-Tiny-ImageNet R-MNIST
Scenario Class-IL Task-IL Class-IL Task-1L Domain-IL
ER [31] 44794186 91194094 8494006 38174200 93.5341.15
GEM [1Y] 25.54+076  90.44+004 - - 89 864123
A-GEM [%] 20.04+034  83.88+1.49 8.07x008  22.7740.03 89.03+2.76 [CIGSS'IL, TaSk'“.]
iCaRL [7] 49.024320  88.99+2.13 7.53+09  28.194147 -
200 FDR [1] 30914274 91.01+068 8.70+0.19  40.36+068 93.71+151 Seq_C”:AR_‘]O 5 taSkS
- GSS5 7] 39.07+559 BR.BO+2.89 - - 87104723 '
HAL[/] 32.36£270  82.51£3.20 - - 89.40+£2.50 . .
DER [5] 6193179 91402092 11872078 40224067 9643059 Seg-Tiny-ImageNet: 10 tasks
DER++ [5] 64884117 91.924060 10.96+1.17  40.87+1.16 95984106
Co’L (ours) 65.57+1.37  93.43+0.78 13.88+0.40 42.3740.74 97.90+1.92
ER [34] 57744027  93.61+027 9994020  48.6044046 94, 894095 .
GEM [29) 26204126 92.1640.64 - - 92.55-+0.55 [Domaln-IL]
A-GEM [5] 22674057 89.48+1.45 B.06+004 25334049 89.04+7.01
iCaRL [ 1] 47.55+395 88224260 9.38+153  31.55+327 - R-MNIST: 20 tasks
500 FDR [1] 28714323 93.2940.59 10.54+021  49.88+0.71 95484068 -
- GSS5 7] 49.73+478  91.02+1.57 - - 89 384312
HAL [7] 41.794+446  84.54+236 - - 92.35+4041
DER [5] T0.51+167  93.40+039 17.75+1.14  51.78408% 97.57+1.47
DER++ [5] T2.70+1.36  93.88+0.50 19384141 51914068 97544043

Co’L (ours) 74.26+077  95.90+0.26 20,12 +0.42  53.04+0.69 98.65 +0.31

Table 1. Classification accuracies for Seq-CIFAR-10, Seq-Tiny-ImageNet and R-MNIST on rehearsal-based baselines and our algorithm.
We report performance of baslines of Seq-CIFAR-10 and Seq-Tiny-ImageNet from [5]. *-" indicates experiments unable to run due to
compatibility issues (e.g., 1ICaRL in Domain-IL) or intractable training time (e.g., GEM, HAL or GSS on Tiny ImageNet). All results are
averaged over ten independent trials. The best performance marked as bold.

Cha, Hyuntak, Jaeho Lee, and Jinwoo Shin. "Co2l: Contrastive continual learning." Proceedings of the IEEE/CVF International conference on computer vision. 2021.
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mmm Paper Review: Co2L (ICCV 2021)

- Experiment (Ablation studies)

« IRD loss 2t&10] 2441t asymmetric SupCon loss®] L4 = ablation studiesE Soll &3S.
Buffer Size IRD  Accuracy(%) Seq-CIFAR-10 Seq-Tiny-ImageNet
(a) w/o buffer and IRD 0 X 53.25+1.70 Buffer 200 500 200 500
(b) w/ IRD only 0 38.89+2.61 £ 60494072  68.66-0.68 13.51:£048  19.68-0.62
(c) w/ buffer only 200 X 53.57+1.03 e 65.57+137 74.26+-0.77 13.88+0.40 20.1240.42
(d) Co*L(ours) 200 65.57+1.37

Table 3. The effectiveness of asymmetric SupCon loss (Lysym) ver-
sus the original SupCon loss (£™"), combining with the IRD loss.
All results are averaged over ten independent trials.

Table 2. Ablation study of Instance-wise Relation Distillation (IRD).
We train our model on Seq-CIFAR-10 dataset under class-IL sce-
nario (identical to the setup in Section 5.2) with ablated Co’L. IRD
brings significant gain with or without replay buffer. All results are
averaged over ten independent trials.

Cha, Hyuntak, Jaeho Lee, and Jinwoo Shin. "Co2l: Contrastive continual learning." Proceedings of the IEEE/CVF International conference on computer vision. 2021. BB KOREA .:\ Data Mining
o
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mmm Paper Review: LUMP (ICLR 2022)

- Introduction

s~

upervised learning paradigm0fl 236t A= &=t

- Continual learning0fl tet HIEE AL1E2 s = .
- OFKIEH &4 MIAHIMI= high-quality labelS Z= 2101 K2 Rt E2E = unsupervised 230 Uoll 2+ ER.

 [[I2tM, XIS unsupervised continual learning (UCL) 2HIE GHZ0oH0F SHFLT &
- ESH HE 200 &8t H32= HO| M JIE HA(CURLY, NeurlPS 2019)= OHAE HIOIE M AF=R0l HED P&

+2F MLPE AISotH =dd0| 2= HE0l 2.

(U4) Learned * \

Viewl ¢ I Representation ,,‘
e K by, 34, w 8 i ==
B : . D BN o I 1
. (Sl | : a_ | s 4 W I

Q7‘4 ! I u w B i I T O O A T B \
Dy Ur) 1 > T
T (ryl\,r) I I o 4‘;411

(

I I
fo3 I el ! !//’ \\4
| S I e Y \oY) - 'l/ C) [ | X \/ Revisit
D Tkt View2 | | . generic
____________ {\,' features
SUPERVISED CONTINUAL LEARNING (SCL) UNSUPERVISED CONTINUAL LEARNING (UCL)

Madaan, Divyam, et al. "Representational continuity for unsupervised continual learning." International Conference on Learning Representations. 2022.
1Rao, Dushyant, et al. "Continual unsupervised representation learning." Advances in Neural Information Processing Systems 32 (2019).
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mmm Paper Review: LUMP (ICLR 2022)

- Related Work

« Continual learning.
v" Regularization approaches
v" Architectural approaches

v Rehearsal approaches

* Representation learning.
v" Contrastive learning 7|99 2 MM O[H SimCLR (ICML 2020), MoCo (CVPR 2020) S0I =TH.
v 2 batch size?} negative sample pair0| 2RotCt= J[E 20| HMZ =25t SimSiam (CVPR 2021) S&.

v Cross-correlation2 A28t Barlow Twins (ICML 2021)7t IS Hl HICHE S,

Madaan, Divyam, et al. "Representational continuity for unsupervised continual learning." International Conference on Learning Representations. 2022.
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mmm Paper Review: LUMP (ICLR 2022)

- Unsupervised Continual Learning
- JIECLYHES 2ol HEoH UCL =AM ZeE = UATE Ml
v" Regularization-based method: Sl (Synaptic Intelligence) ICML 2017

v' Architectural-based method: PNN (Progressive Neural Network) Arxiv 2016
v Rehearsal-based method: DER (Dark Experience Replay) NeurlPS 2020

- DERZ distillation lossJt softmax S@A10|2 2 UCL &0 = Hetg= 1 A M.

o

EDER FINETUNE

2
scr. = Lsor + o By [[softmax(p) — softmax(hy(2:.+))]5 |

/ SoftmaxE

: TUNFE feature Zt9] Hel= HE,
LBE = LI 4 o By nd[ o (2) — folwar) 2]

1]
e
1>
50
~
=

¥ g
=

: . 2
1 f 1 LU =) (1=Ca)®+ X)) Gij7
Lyet™™ = 5D(pi,, stopgrad(z;,;)) + 5 D(pi., stopgrad(z,)), i i g

2 1 .2
; AT IR AT
were Diph 152, = — b where €, = =B
whnere L = — - . — : p ; :
Pirs Zir EAPEAT \/Zs (25, \/ZB (23,,)
[ SimSiam loss ] [ Barlow Twins loss ]

Zenke, Friedemann, Ben Poole, and Surya Ganguli. "Continual learning through synaptic intelligence." International conference on machine learning. PMLR, 2017.
Rusu, Andrei A., et al. "Progressive neural networks." arXiv preprint arXiv:1606.04671 (2016).
Buzzega, Pietro, et al. "Dark experience for general continual learning: a strong, simple baseline." Advances in neural information processing systems 33 (2020): 15920-15930.
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mmm Paper Review: LUMP (ICLR 2022)

- Lifelong Unsupervised Mixup (LUMP)
- = === Sl Mot LUMPZ, mixupE Soll S0 E! HI0IEIZ JHX ] modelE 57 1= 2HE.

 Past data?t current data®l mixup= Soll HIESUCH=E, {2

O o
= %E —+— OID'J_ —jF—g-

[ok

b attributesOl revisitingoll A robustSt representation

Unsupervised
\ representations ,
~

\
I r
! I
: I
| |
Y [ |
e " |
| i
! !
: |
| |

Replay Buffer

Madaan, Divyam, et al. "Representational continuity for unsupervised continual learning." International Conference on Learning Representations. 2022.
https://www.slideshare.net/MLAI2/representational-continuity-for-unsupervised-continual-learning
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mmm Paper Review: LUMP (ICLR 2022)

Experiment

- St&E representationS S

2UBHH KNN classifier0fl &t

Table 1: Accuracy and forgetting of the learnt representations on Split CIFAR-10, Split CIFAR-100 and Split
Tiny-ImageNet on Resnet-18 architecture with KNN classifier (Wu et al., 2018). All the values are measured by
computing mean and standard deviation across three trials. The best and second-best results are highlighted in

bold and underline respectively.

METHOD SpLiT CIFAR-10

SpLiT CIFAR-100

SPLIT TINY-IMAGENET

ACCURACY FORGETTING

ACCURACY FORGETTING

ACCURACY

FORGETTING

SUPERVISED CONTINUAL LEARNING

FINETUNE 8287 (+ 041 14.26(+052 61.08 (+o04) 3123 (+04n 5310+ 137 33.15 (122
PNN (Rusu et al., 2016) 82.74 (212 — 66.05 (£ 0.86) - 64.38 (+092) -
SI (Zenke et al., 2017) 8518 (x065 11.39(x07n 63.58 (xo3m 2798 (£034) 4496 (2410 26.29 (= 1.40)
A-GEM (Chaudhry et al., 2019a) 8241 (+ 129 13.82(= 121 59.81 (= 10m 30,08 (£ 091y 6045 (+024) 24.94 (+1.24)
GSS (Aljundi et al., 2019) 8949 (x 175 7.50=x152 7078 (+1em 2128 (£150 7096 (o072 1476 (= 1.22)
DER (Buzzega et al., 2020) 91.35 (0460 5.65(x035 7952188 12.80¢+147 68.03 (+oss) 17.74 (=065
MULTITASK 97.77 (= 0.15) — 93.89 (+0.78) — 91.79 (+ 0.46) —
UNSUPERVISED CONTINUAL LEARNING
FINETUNE 90.11 (x0az 542 x008) 7542 o078 10,19 ¢to3n 7107 (o200 9.48 (4058
= PNN (Rusu et al., 2016) 90.93 (+ 0.22) — 66.58 (+ 1.00) - 62.15 (+ 135 —
= SI (Zenke et al., 2017) 92,75 (+ 006 1.81 (=023 80.08 (1300 554 (+ 130 72.34 (+0421  8.26 (+ 0.64)
L'-;—" DER (Buzzega et al., 2020} 91.22 (0300 4.63 (x0200 T7.27 (+o0300 931 (o009 T1.90 (+ 144y 8.36 (+ 2.06)
w Lump 91.00 (xo04m 2922053 8230135 471 +152 7666 (239  3.54 (+1.04)
MULTITASK 95.76 (+ 0.08) — 86.31 (+038) — 82.89 (+ 049 -
2 FINETUNE 8772 (x032 408 (xo0s6) T1.97 (xos9 94510y 66.28 (123  8.89 (+0.66)
; PNN (Rusu et al., 2016) 87.52 (+0.33) — 57.93 (+ 298 — 48.70 (+ 2.59) —
= S1 (Zenke et al., 2017) 90.21 o008y 2.03(x02n T5.04 (063 T43(toen 5696 (148 17.04 (=089
é DER (Buzzega et al., 2020) 88.67 (o024 241 (x0200 7348 (t053  T98 (029 68.560 (147  T.87 (£04m
= Lump 9031 (o030 113 (x018) 8024 104y 353 (+osyn 7217 (+osey  2.43 (= 100
<1
et - 87.16 (£ 0.52) - 8242 i+ 074 -

MULTITASK 9548 (014

Madaan, Divyam, et al. "Representational continuity for unsupervised continual learning." International Conference on Learning Representations. 2022.
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(continual learningXil= label MEECHHIOIEQ 2R MO HEHI[H £Q)
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ImageNetOilAl T £22 2tk 452 HOHE.

st forgetting E20MIM £56] LUMPl &0 2aet= 221, 0l= mixup= Sl
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- Experiment

« CIFAR-1002 20tasksE =X1HO
« SCL2 UCLNI HloH class

APPLE (Tp)

d5HH

SCL-FINETUNE
Acc: 4.7 + 0.2

ScL-S1
Acc: 58.9 + 0.2

ScL-GsS
Acc: T84+ 1.8

Acc: 7T3.1 £ 0.4

UcCL-FINETUNE
Acc: T0.8 = (0.4

UcL- Sl
Acc: 76.4 += 1.6

LUMP (OURS)
Acc: 76.6 = 2.7

RACCOON (T13)

SCL-FINETUNE
Acc: 50.6 == 1.4

Sc 1 91
Acc: 48.4 + 1.0

S( L Gss
Acc: 59.9 £ 2.2

SCL- DFR
Acc: 76.4 = 2.2

UCL-FINETUNE
Acc: T4.6 = 0.5

UcL-S1
Acc: 78.0 = 1.6

LuMP (OURS)
Acc: 80.8 = 0.5

Figure 4: Visualization of feature maps for the second block representations learnt by SCL and UCL strategies
(with Simsiam) for ResNet-18 architecture after the completion of CL for Split CIFAR-100 dataset (n = 20).

Madaan, Divyam, et al. "Representational continuity for unsupervised continual learning." International Conference on Learning Representations. 2022.
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mmm Paper Review: CaSSLe (CVPR 2022)

- Introduction
- Self-supervised learning(SSL)2 XI= & HZHIHRL 1D
- 2 LUMP ==t DRV =, continual learning

- Related Work

«  Self-supervised learning.
> SImCLR, MoCo, SimSiam, SwAV, DeepCluster, DINO, BarlowTwins, VICReg S

«  Continual learning.
> [HEE9| CL methodE2 supervision(label)S AtE0t
|

o}
LS

FIF

HIAIOR WX,
O, £12 &7 = JHoll CHOHME B0l ETH,

0?LE unsupervised settingR = &M LE, contrastive learningil =6t

> Unsupervised continual learning &tot H-1= &
@ Continual Contrastive Learning' (ICME 2022):
L0 CHE SSL &HAICE =HH0| K=
@ LUMP (ICLR 2022): expenmentsOiI A2 QIO It 2O, class-IL &20+S i1 SS| YT & JHXI(SimSiam,
Barlow Twins)2tS AFSCH= SHAl ZTH.

o |0

1Lin, Zhiwei, Yongtao Wang, and Hongxiang Lin. "Continual Contrastive Learning for Image Classification." 2022 IEEE International Conference on Multimedia and Expo
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- Introduction

- Self-supervised learning(SSL)2 Xl 2 HZHINSL 217

mmm Paper Review: CaSSLe (CVPR 2022)

« M LUMP =21t O 2, continual learning &2 £ 0| A self-supervised learningS AtEst Bt

- Related Work

Self-Supervised Leaming Methods for
Information Maximization

203, 09, 0
WHA: HEFF

Self-Supervised Learning Methods for Inf

Hb .Q—_zs_
EEM,f‘ HED

{4 20233832
{3 ex124~
B =212 8|02 Al (YouTube)

Mot Er g7 —

http://dmgm.korea.ac.kr/activity/seminar/399

E=

. miner 20200218

Dive into BYOL

Bootatrap Your Own Latart

SUIELR A RS
Az

Dive into BYOL

WEL: g A=

B 20214 24 192
3 2=14~
D 22121 8|02 AlH (YouTube)

HojLu g2 57 —

http://dmgm.korea.ac.kr/activity/seminar/310

elf—Supervised Learning

(Algorithm & application)

Seckho Moon
blere 20, 2020

Self-Supervised Learning (algorithm & af

EHA:

™ oyz
dor

£9 20204 118 202
(9 e=14-~
D =2zl H|C]2 AlHE (YouTube)

Mot e g7 —

http://dmgm.korea.ac.kr/activity/seminar/302
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- Continual Self-Supervised Learning (CSSL)

« (421 continual learning 210l A2L= IHE &3, (Co?l, LUMP =2 recap.)

L= Lahn, + A-LFP

asym
—— N——
(1) learning  (2) preserving

- ' ' . 2
Loct = Luct™™ + o Byl [ fo. (@) = fo (@il ]

| |

Current task(| StA| Past/current task At0[9]
stE A7 = loss knowledgeE XME0H= 24!

Fini, Enrico, et al. "Self-supervised models are continual learners." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.
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- Continual Self-Supervised Learning (CSSL)

* Zz:after current network, z:after frozen network

Current task training loss

istiltion oss (0 Same SSL. loss f Current task(il SHA| Past/current task AH0|9]
istilation loss ~ Lgg, +===============- SSL N
(24 s st A7 loss knowledgeE H=0k= &4
Z
Z_AT g predictor g(2) Z z%, z (SSL Al 9| =) (distillation loss O1Z AEH)
Frozen Current
Network Network
(=) ()

A \{’AIxA,xB EZESSL(ZAazB)_'_ﬁD(ZA’ZA)

* A, B= 6Lt imagelil M 2t2} augmentation = HI0IH

O (O o  Augmentations —
| = Lssp(z?,27) HLssp(9(z*),z7)

D, NetworkE et&56H= SSL lossE distillation loss=

AME6H= 201 == 0t0ITIO1.

Figure 2. Overview of the CaSSLe framework.

Fini, Enrico, et al. "Self-supervised models are continual learners." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.
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- Continual Self-Supervised Learning (CSSL)

« % supervised CLOIM == M= distillation lossE

v" JI& Supervised CL 4|01 9] distillation lossX & J|
taskOll CHet XI14] £=01 HolE &~ US.

v Distillation methods(e.g., POD, Less-Forget)l A At&gSt regularization(I2-norm) 1t SSL f4l(e.g., Barlow Twins)9)

regularization0| 2 X| RCH H=5 Mot US = US.

K42 &0k = iz a5, SSL & Edd 220 current

«  XXH=0I Predictor g€ AlE0k= 0IR.
v Hi= 2,z 440l RARHXIEE st&6HH current modelOl HILHZ SSEIX] 2 =~ US.

«  MXI=0] SSL lossE & =209 distillation loss= AtZ0t= 01L.

v g(z)7t augmentation0fl CHoH invariant 6+ 26tE 2

Fini, Enrico, et al. "Self-supervised models are continual learners." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022. BB KOREA Q.. Data Mining
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- Experiment

- & Okt A=zt E(class-IL, data-IL, domain-IL) X HIOIEA!(CIFART00, ImageNet100, DomainNet) I Tt
.I

OtOICIOISl EfEd &S, (=2 &)

Table 1. Overview of state-of-the-art SSL. methods and losses. In
all tables, highlight colors are coded according to the type of loss.

Methods Loss Equation
SimCLR [13] a4 n SimCLR Barlow Twins BYOL
MoCo [28] InfoNCE —log b=l (g Strategy A FU) TH AM FU) T AM FQ) T
NNCLR [19] Sejentey oxp(sim(z25)/7) M FL T AD FQ TOH) A FQ T
BYOL [26] Fine-tuning 489 1.0 335 543 04 392 527 0.1 359
L A B2 _ EWC [34] 536 0.0 333 567 02 39.1 564 0.0 399
SimSiam [15] Ll —llg” = =713 (7) ER [47] 503 0.1 327 546 30 394 547 04 363
VICReg [3] DER [4] 507 04 332 553 25 396 548 1.1 367
SWAV [7] (i) ) LUMP [39] 523 03 345 578 83 41.0 564 02 379
o exp(sim(z?,cq) /T Less-Forget [31] 525 0.2 338 564 0.2 401 58.6 02 41.1
Bg}g [[87]] Crossentropy  — 32, a7 108 s coptmiren/n &) POD [18] 513 0.0 338 559 03 403 579 0.0 411
CaSSLe 583 02 364 604 04 422 622 0.0 436
Barlow -
Twins [58] Cross-correlation >~ (1 — 24 Yowdw s Carw Offline 658 - - 709 - - 705 - )
VICReg [3]
Fini, Enrico, et al. "Self-supervised models are continual learners." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022. =8 KOREA Data Mining
85 ) UNIVERSITY .‘:\ Quality Analytics

Table 2. Comparison with state-of-the-art CL. methods on CI-
FAR100 (5 tasks, class-incremental) using linear evaluation top-1
accuracy, forgetting and forward transfer.




mmm Paper Review: CaSSLe (CVPR 2022)

- Experiment
- & Okt A=zt E(class-IL, data-IL, domain-IL) X HIOIEA!(CIFART00, ImageNet100, DomainNet) I Tt
4 O

OLOICI0Gl EfEE S, (=2 &)

Table 4. Linear evaluation top-1 accuracy on class-incremental Table 7. Linear evaluation accuracy on ImageNet100 (5 tasks,
CIFAR100 and ImageNet100 with 5 tasks. CaSSLe is compared data-incremental) and DomainNet (6 tasks, domain-incremental).
to fine-tuning, offline and supervised learning.

ImageNet100 DomainNet

CIFAR100 ImageNet100 Method Strategy (Data-inc.) (Domain-inc.)
Method Strategy . .
+ Fine-tunin, 71.3 50.3
A F(l) Ty A( F T 2
™ _ru D _Fo 1M Barlow CaSSLe 74.9 55.5
Fine-tuning 543 04 392 631 107 444 Twins _
?‘ar_low CasSLe 604 04 422 682 13 479 Offline 80.4 57.2
wIins
Offline 70.9 - - 80.4 - - Fine-tuning 70.8 49.6
Knowl 71. 4.
Fine-tuning 555 0.0 328 644 43 428 SWAV nowledge 3 543
SWAV CaSSLe 578 0.0 345 660 02 436 Offline 743 54.6
Offline 64.9 - - 743 - - Fine-tuning 74.0 50.6
Fine-tuning 527 0.1 359 660 29 432 BYOL CaSSLe 733 55.1
BYOL CaSSLe 622 0.0 422 664 11 466 Offfine 303 56.6
Otfine 705 - - %3 - i Fine-tuning 70.2 493
Fine-uning 51.5 09 364 613 7.9 420 VICRes CaSSLe 72.3 52.9
/ CaSSLe 536 02 411 648 43 453
VICReg : Offline 79.4 56.7
Offine 685 - - 79.4 } }
Fine-tuning 69.5 43.2
Fine-tuning  47.3 0.2 334 062.0 8.4 41.6 CaSSLe 71.9 46.7
MoCoV2+  CaSSLe 595 0.0 396 688 15 468 MoCoV2+
— Offline 78.2 53.7
Offline 69.9 - - 79.3 - -
Fine-tuning 489 1.0 335  6LS 81 403 _ F‘gistggg gg? ;1{5“1)
SimCLR CaSSLe 583 02 364 680 22 458 SimCLR 2 :
Offline  65.8 - B 775 ] } Offline 715 52.6
Fine-tuning 541 68 365 631 56 425 . Fine-tuning 75.9 55.9
Supervised Supervised - - —
Offline 756 - - 81.9 . . Offline 81.9 66.4

Fini, Enrico, et al. "Self-supervised models are continual learners." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.
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mmm Conclusion

- Continual learning2 S1& MIAIN & O 2&fol= JHEO0D| HHZ0l, X2 &2 8350 21 =.
- 01" MIOILIHIM = representation-based E2 HHE0 [Holl & THE.

- Representation J|8F H1S52 HEE self-supervised learningtl M L= OHOILIHE B0 IPQGPG‘
label0| 8l= &= HE MO knowledge preserve/transfer 2 X|0fl CHet OFOICIN L =2 012

=)
—

- X2 pre-trained modelt prompt learningS AtE0t0 SOTAE 246t] U= HASE == A HE.

- L2P (CVPR 2022), S-Prompts (NeurlPS 2022), DualPrompt (ECCV 2022), CODA-Prompt (CVPR 2023)
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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.

THRL
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Q0 Oql~> ol &y Gy
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Task 5

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

120

100 100
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80 80
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8 60 8 60
% 50 %
c E
£ 5 e
@ @
o - O 2
- Allm Hin in Rin
0 0
Task 1 Task 2 Task 3 Task 1 Task 2 Task 3
ey
Scenario : Catastrophic forgetting Scenario : Forward transfer
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Approach Method Task-IL Domain-IL Class-1L

u u Buselines None — lower bound 87.19(+0.94) 5021 (£ 2.04) 19.90 (£ 0.02)
- va u a Io n m e rl cs seftne: 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 R;4

Task 2 Ry 4 R, 5

Task(training) Task3  Rsq Rs, R33

seqgquence

Task4  Ryq Ry 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
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