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Class Incremental Learning Method Integrating Balance Weight and Self-supervision
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China

Abstract: In view of the catastrophic forgetting phenomenon of knowledge in class incremental learning in image
classification, the existing class incremental learning methods focus on the correction of the unbalanced offset of the
model classification layer, ignoring the offset of the model feature layer, and fail to solve the problem of the imbal-
ance between the new and old samples faced by class incremental learning. Therefore,a new class incremental learn-
ing method is proposed, which is called balance weight and self-supervision (BWSS). BWSS designs an adaptive
balance weight based on the low expectation of the old class in training, so as to.expand the loss return proportion of
the old class in the same data batch to correct the overall model offset. Then, BWSS introduces self-supervised learn-
ing to predict the rotation angle of the sample as an auxiliary task, so as to make the model have the‘expression ability
of redundant features and common features to better supportiincremental tasks. Through the experimental compari-
son with the mainstream incremental class learning algorithms on the open datasets CIFAR-10-and CIFAR-100, it is
proven that BWSS not only has better incremental performance on CIFAR-10 with fewer categories and more sam-
ples, but also has advantages on CIFAR-100 with more categories and fewer:samples. Ablation experiments and fea-

JEG I H - i AR H (21511100800) ; 5 [ SRR 44 (62076094 ) ; [ ZE M Z FHEL Gidsli ik 4

This work was supported by the Science and Technology Program of Shanghai (21511100800), the National Natural Science Founda-
tion of China (62076094), and the Program of Science and Technology of China Ministries and Commissions.

WoRs H 912 2022-12-19 &l H 1) : 2023-03-21



478 Journal of Frontiers of Computer Science and Technology & B2 5iF&

2024, 18(2)

ture visualization demonstrate that the proposed method is effective for the feature representation and incremental
performance of the model. The final accuracy of BWSS’ s 5-stage incremental task on CIFAR-10 reaches 76.9%,
which is 5 percentage points higher than the baseline method.

Key words: incremental learning; self-supervision; problem of imbalance; distillation of knowledge
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Fig.1 Framework of class-incremental learning with balanced weights and self-supervision
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LwF 90.2 69.8 57.3 43.6 39.3 32.1 30.2 25.2 24.6 23.3
EWC 90.2 32.1 339 243 242 194 188 16.3 15.1 125
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WA 90.4 77.1 73.7 68.2 65.6 61.7 58.8 54.9 52.8 50.5
BWSS 913 824 76,5 70.4 66.4 62.8 60.4 55.9 54.6 51.2
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BWSS 94.9 90.0 81.9 73.4 76.9

100 1 CIFAR-10 {45 5 I 4% 14 5 B B 1) 43 S HER %

M L] T, BWSS 5% 7 [y 1 i 50 56 245 JRA T 4L
fluxF LA, BWSS 7E CIFAR-100 H Ay 35 B 40 4 i
B R 38 21 91.3% , 14 AT 55 1 Ef RibE 82.4% , HHEKL
T LwF 2 42 7 7 1.1 A49 s 126 1A 53 A
IXE I R S A R AR CR A7/ BOME B8] 7 ke 1) 4
P JE BRI, T LB B AT 55 1 T, X — L
BELY Kt TR 155 9 1 BWSS L LwF
P T 27.94 A 4 4 . BWSS 4% T JE A A iCaRL
LR R S 55 L R T T L2 EH S
6.8 A /3, X — 2 WA 55 2 Lak B R (H 7.1
By o, HLTE B G 38 AT 55 ThdB e e T H . X iF
A BWSS AN L pACHE T SR L o 5, BT o 2 1) S A
RYVEA B 75 1 Bl IS BE T, (0 75 65 8 7 3 B T U
e ai 2N 3 .

3 2JE 8 T-BWSS 5 % 15 7 /. CIFAR-10 %4 4
LIRS 56 . BWSS £ HE KU 45 L o B R Gk F
94.9% , 1155 1 A9 HEHff % 14 51 90.0% , 35 X L AL 7Y v
A 45 B, H I LR R iCaR L Y JE S H 42 FIAT 45 1
HERA 2 40 5l v 2.0 AN 43 S5 2.3 4 4 L 3K —



482 Journal of Frontiers of Computer Science and Technology & B2 5iF&

2024, 18(2)

ZWEZE LY K 54 LRy2EERR T 5.0
ATy, A HE T WA, BWSS 76 44 45 | Bl 1) 3
IR 2.0 EH A 35 AN H A LA E A 2.7
AE 240 E 7 REE T . WK
i A5 e (% H SR i T CIFAR-10 $i i 42 HoA 26 51
> BN EOIRE IR 2 R R TN A T LR AR A
X} 55 22 (R TH R, 3 {8 75 CIFAR-10 #4545 (1) 52 56 4%
TR 38 5 T CIFAR-100 08 £ i ] 1 45 5%
35 iR

AR SO T BT AT A R A 1 Ml B
£ 55 #F CIFAR-100 £ 4 4 [ HEATIH il SL 6, S0 45 41
ME 3 AR, 5L ER T MR iCaRL 5L 40 45
R 0 S 2R R R AN FH T i ACE (BW) 114 52 35 45
A, 0 S GO I i A W Bl B 55 (SSL) 1Y
SCEGEE AL 41 0 BWSS S IR 25 5 o i 5 X e [R]
i A B 5 1F J7 B2 19 Bic R WA, A SCHE B Th s i 1 4%
K Bic WA AR MR WA EOEL,

Pl 3 33 i e 3 4 bl
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Fig.6 Accuracy training curves
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