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Continual learning, Incremental learning, Lifelong learning

Enables continuous knowledge acquisition, mimicking human behavior.

Practical Significance:
» No need for retraining

» Adapt used models to new tasks
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sEld (G 1IiI- M Traditional Class Incremental Learning

Class Incremental Learning (CIL) aims to continually build a holistic

classifier among all seen classes with non-overlapping classes arriving

sequentially.
Task 1 Task 2 Task 3
&D ¢
Traln Traln Train
N/
CIL Model CIL Model CIL Model

o ...... o -------

<3

Test Set 1 Test Set 2 Test Set 3

Zhou, Da-Wei, et al. "Class-incremental learning: A survey." IEEE Transactions on Pattern Analysis and Machine Intelligence (2024).
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CET Gl Generalized Continual Learning

Generalized Class Incremental Learning (GCIL) simulates real-world

incremental learning, as distributions of data category and sample

size could be uneven between tasks.
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& A 2" e L Real-World Data Example: Normalized Search History from
el 123ass rr3 e Dec 28, 2021, to Dec 28, 2022 (NAVER Search Trend API)

Classes Classes
Mi, Fei, et al. "Generalized class incremental learning.” Proceedings of the IEEE/CVF conference on computer vision and pattern recognition workshops. 2020.
Moon, Jun-Yeong, et al. "Online class incremental learning on stochastic blurry task boundary via mask and visual prompt tuning.” Proceedings of the IEEE/CVF International

Conference on Computer Vision. 2023.
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» Model Learns in multiple stages and different tasks.
» New model does well in new tasks.

» Performance decreases for the previous tasks.

- - New task
B B8
. e ‘ pred ict
- \V4

~model ___ . model .

Old task
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» Uneven distribution of data category and sample — Class imbalance

» Neglect of minority samples = Undermining performance

™ ClassA | ClassB M ClassC [ ClassD

Task 1 | Task2 | Task3 : T

' i
f

Real-World Data Example: Normalized Search History from
Dec 28, 2021, to Dec 28, 2022 (NAVER Search Trend API) Task 1 Task 2 Task 3 Task 4 Task 5

wel,

L“_.d‘-'

Moon, Jun-Yeong, et al. "Online class incremental learning on stochastic blurry task boundary via mask and visual prompt tuning.” Proceedings of the IEEE/CVF International
Conference on Computer Vision. 2023.
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» Replay-based CIL uses historical exemplars to replay.

» Invade the data privacy

» Hard to cross domain

ClaSS 1 ClaSS 3 CNN Features Class Embedding

fTTTTTTTTTTTTTTTTTTTTTTTSTTTTToTTTSTTTST TS ST \

\ \ Reserved Samples

class-incremental learner

= -
/ ...... New Samples ’ -

New Model
Class 2 @ \ S s ’

iICaRL

T

I

Rebuffi, Sylvestre-Alvise, et al. "icarl: Incremental classifier and representation learning." Proceedings of the IEEE conference on Computer Vision and Pattern Recognition. 2017.
Hou, Saihui, et al. "Learning a unified classifier incrementally via rebalancing.” Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2019.
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» Exemplar-free CIL (EFCIL) learns without storing any historical exemplars.

Reqularization-based » P t drift of i tant weights ) . .
g revent large drift of important weights Hard to resist forgetting

Hard to cross domain

Prototype-based > A prototype is selected for each category J

*% old prototypes

. (one per class)
.

N(0,1)

old prototype
@ O noise

L

(-1

'

augmented.‘prototype

L2 repularizatio

Fig. 2. The trapectory of parameter changes in parameter space

Elastic Weight Consolidation Prototype Augmentation and Self-Supervision for Incremental Learning

Liu, Liyang, et al. "Incdet: In defense of elastic weight consolidation for incremental object detection.” IEEE transactions on neural networks and learning systems 32.6 (2020): 2306-2319. ¢
Zhu, Fei, et al. "Prototype augmentation and self-supervision for incremental learning.” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2021.
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Proposed
Method

Analytic Continual Learning

Analytic Continual Learning (ACL) makes the equivalence between CIL

and joint learning in linear classifiers.

Data
| Phase0 | = 1 _
Data Data Data [ et We I g h t
Phase 0 Phase 1 Phase k Data “RUTTT Data ° °
Phase 1 Phase k Inva rlance

\""_-r—-—-:’

To make the equivalence

However, existing ACL are designed for traditional CIL scenarios.
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Analytic learning (AL): Use Least Square (LS) solutions to train the network
Block-wise recursive Moore-Penrose inverse (BRMP): convert LS to block-

wise calculation

Train with LS: BRMP:  wi |
X Y

B

X [
. 4
ﬂ Calculate optimal weight via LS %
—

I
% Weight-invariant

10
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Method

> Address the uneven data distributions of GCIL
> Extend ACL to GCIL tasks

(a) Exposed-unexposed Class Split ( (c¢) Generalized Analytic Class Incremental Learning
Finished Task #k-1

GCIL Dataset
Task #k

> Labels

Unexposed Exposed |
Class |

Classes
______________ = 6‘)&6 Output :
V D 7] Unexposed|
v ]- Class |
Output }

Multi-head
Attention

X

L
Frozen Pre-trained Vit Buffer Layer

(b) Buffered Embedding Extraction \ )
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W Classa [ ClassB M Classc M ClassD 5 Exposed classes in task k: classes that have appeared
in previous tasks 1 to k — 1

» Unexposed classes in task k: classes that make their
initial appearance

e.g., in task 2, exposed classes: C & D, unexposed class: B

Task 1 Task 2 Task 3 Task 4 Task 5
(a) Exposed-unexposed Class Split

Learning problem in task k

GCIL Dataset

Task #k m:a /“

thrain _ [thrain }‘%ﬁtrain]

Unexposed Exposed

\

|

E sed | & U dl
Xpo nexpose | Class Label Class Label

I

|

Classes Classes

N o o o o o e —— —— —— —— —— —— —— —— — — — — — — — — — — — — —
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13
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» Outperform existing EFCIL methods by a considerable margin
> Better than most SOTA replay-based methods

Mem CIFAR-100 (%) ImageNet-R (%) Tiny-ImageNet (%)
Method EFCIL
Size Aauc Aave ALast Aauc Aave Al ast Aauc Aave ALast
EWC++ [16] X 53314170 50.954150 52.554071 36.3140.72 39.87 4135 29.524043 52.431052 54.614154 37.671077
5000 ER [33] X 56.17 4184 53.804146 55.604069 39.311070 43.034119 32.094044 55.691047 57.87 114 41.1049.57
RM [32] X 53224150 52.994 1 60 55.251061 32344158 36.464223 25.2641 08 49.28 4 043 57.74 11 57 41.79 024
MVP-R X 60.624103 57.58 1056 64.301020 47.1641.00 50.361990 42.0540.15 61.154086 62411050 S1.124067
EWCH [16] X 483145 44565006 40.5210.55 32.815076 35545160 23432061 45302061 46341205 27.0541 35
500 ER [33] X 51.59. 194 48.03 1050 44.0910.80 35.96.1072 39.01 1154 26.14 1044 48.951 58 50.44 1171 29.97 1075
RM [32] X 41.07+130 38.104059 32.6640314 22.451062 22.08 4178 9.61 1013 36.664040 38.8314233 18.23 102
MVP-R [30] X 56.204147 53.61 4004 55.354043 43.28+141 45.74 1097 35.604118 55.284+142 55454102 40.1240.40
LwF (4] v 40714915 38491056 27.031202 2941085 31.954; 86 19671127 39.884000 41351250 24.93101
L2P v 42.684970 39.89 1045 28.59 334 30.21 4001 32214175 18.014307 41.6741 17 42.53 4050 2478421
DualPrompt [33] v 41.3415 50 38.59 1065 2274340 30445055 32.54 11 84 16.07 1320 391651 13 39.8113.03 20424337
0 MVP [30] V' 45.07 4043 44.93 1054 39.94 1047 35. 771255 35.58 4120 22.064501 46.43 1307 45.41 1100 28.21 45 g9
SLDA [37] v 53.004385 50.094277 61.794381 33.1143.17 33.78+176 39.024130 46.43 1307 45.41 4443 53.13 4229
GACL (ours) v 57.99.546 56.24312 70.31006 41.68.075 47.30 085 4222010 63.14.0.66 69.32.057 62.68.0.05
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Experiments

» The ECLG module captures knowledge from exposed-class labels

» Demonstrate competence with ECLG module

With ECLG Without ECLG

T8 Dataset
Aavc(%)  Aae(®)  Avst(%)  Aavc(%)  Aae(%)  Avaa(%)
CIFAR-100 5799246 5624310 70311906 45.681774 42.041450 47.30406
10%  ImageNet-R 41.681078 47.301084 42224010 40294203 46954115 41.67 1036
Tiny-ImageNet  63.14.1966 69.321987 62.68190s8 00.21113¢ 6580412 60.134037
CIFAR-100 57331103 58741159 69904001 42531197 42264175 45494117
30%  ImageNet-R 42194044 47824111 42904008 42014026 46954115  41.67 1056
Tiny-ImageNet  60.731115 673141114 59.734255  60.63+186 57.034198  60.134055
CIFAR-100 56741114 582941195  70.021005 40914357 47254264  58.614i262
50%  ImageNet-R 41.33. 146 464253 4292017 4044554 42504343  39.05165
Tiny-ImageNet  60.96+183 66281260 62.241910 60.324420 60.70+430  56.97+139




SCENINERICE Robustness Analysis in Si-Blurry Setting {“r

> Investigate with various disjoint class ratio and the blurry sample ratio

» Demonstrate the robustness of the GACL

rp  Method  Aauc(%) Aae(%) Avasi(%) rg Method  Aavc(%) Aave(%) Avasi(%)
SLDA [37] 55.514+193 53.94 092 67.45 102 SLDA [37]  53.004385 50.094277 61.79435
0% MVP-R [30] 53.494140 50.73+037 60.544203 10% MVP-R 56.20+147 53.611004 55.354043
GACL (ours) 49.96+061 50.56+049 69.9419.09 GACL (ours) 57.991246 56.24 1312 70.31+0.06
SLDA [37] 53.00+385 50.094277 61.79435: SLDA [37] 54.551466 54.061241 63.041256
50% MVP-R [30] 56.204147 53.61+004 55.351043 30% MVP-R 59.65+204 5831415 58.16+113
GACL (ours) 57.991 246 56.241 31> 70.31 19,06 GACL (ours) 57.33 1103 58.74 1159 69.90_¢01
SLDA 65.464+479 67.294528 63.56+2 63 SLDA 53.81+343 52.934236 63.45+272
100% MVP-R [30] 68.431028 68.04+145 53.144072 50% MVP-R 59.101 103 57341106 54.81102;
GACL (ours) 70.721932 77.57 +1.02 69.97 +0.03 GACL (ours) 56.74+1.14 58.29 1195 70.02+¢.05
The performance at different disjoint class ratio The performance at different blurry sample ratio

with blurry sample ratio = 10% on CIFAR-100. with disjoint class ratio = 50% on CIFAR-100. r
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Thanks for Watching!

» Our paper is available at: » Our codes are available at:
https://arxiv.org/abs/2403.15706 https://github.com/CHEN-YIZHU/GACL



https://arxiv.org/abs/2403.15706
https://github.com/CHEN-YIZHU/GACL
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