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Incremental Class Learning Approach Based on Prototype Replay and Dynamic Update
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Abstract The problem of catastrophic forgetting is prevalent in incremental learning scenarios,and forgetting of old knowledge
can severely affect the average performance of the model over the entire task sequence. Therefore,a class incremental learning ap-
proach based on prototype replay and dynamic update is proposed to address the problem of old knowledge forgetting caused by
prototype offset in the incremental learning process. This method further updates the prototypes of the old classes in real time
using a dynamic update strategy after retaining the prototypes of the new classes in the prototype update phase. Specifically,after
learning the new task,the strategy achieves an approximate estimation of the unknown bias present in the old-class prototypes
based on the known bias of the currently accessible data,and finally completes the update of the old-class prototypes,thus being
able to alleviate the mismatch between the original old-class prototypes and the current feature mapping. Experimental results on
CIFAR-100 and Tiny-ImageNet datasets show that the proposed class incremental learning approach based on prototype replay
and dynamic update is effective in reducing catastrophic forgetting of old knowledge, thus improving the classification perform-
ance of the model in class incremental learning scenarios.

Keywords Class incremental learning.Prototype update, Knowledge distillation, Prototype replay,Catastrophic forgetting
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(5 incremental steps)
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Fig.5 Experimental results on CIFAR-100 dataset

(10 incremental steps)
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Table 2 Ablation study on CIFAR-100 and Tiny-ImageNet datasets

LA %)
CIFAR-100 Tiny-ImageNet
method
5 steps 10 steps 5 steps 10 steps
baseline 65. 46 60. 32 49.47 47.25
+PDU 66.87 63.02 51.21 49.18
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Fig. 8 t-SNE visualization results of PASS(feature distribution)
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Fig. 9 t-SNE visualization results of the proposed method

(feature distribution)

4.6 EREIHRNF

I AR SCILE T 4 0 T B A J7 ik 1 B[R] &2 2% B (Com-
plexity) i1 & & (Flops) f1 % # & (Params) , 45 R U1 3£ 3 fr
G, Hordon RoREAFEARE, m T BFEARLL, p Fm W
R TIHL  d F2R 53 A0 ANECHE B2 RN T ¢ RN S B d
AL B JCREB R )5 5 LwF, EWC il MUC 1 I ] &2 2%
FE 51 OG) .0G) +0@ F OG) +0(d) + 00 . X 42 A
i EWC il MUC 5 B+ A B8 S 8O0 IR AL 55 i s 21
i MUC i — RS MR E LI T F X Em xR
ARk, B RE B W 7 3 iCaRL, EEIL Al UCIR #B 75 2
> i A o [l T 1R ] Sk 2% fige s kL PN I B R) A2 2 R 8
OG) +0Gm) . I fi AE N JFAY Wik 77 % . PASS FA SCJ7
AT OG)+OCp) ME&E . M PASS, A5 A
TIRR ST i R I TR S A O(p) s
W] 2 24 OGn) +200p) (OG) +O D,

HE— 2, BT Il i R A 504 A S /N T [l 481 5 A e b
EARE A [0 4y 32k o AR SC 5 vk R A0 A 52 2% B O A6 1 T At B A5
T PR 2, A L ICRE B MO B AR O R E B R
PEBE LA A 2, SR 1 76 B R b 0 R e AT . R
3 0 T T B SR 3 T 1 Tk 2 S I RO G 2 i )
Fik HE A EREMSHE FEZAGT TN E N, H
FHERE RS X AR T ResNet-18 8 45 45 Sy 5 i 3¢
B, T AT T RN S B AR — B, A TR L
MUC )2 $i 55K, X 02 B R 25| BS54
EERE LS ES MRS,

* 3 BRI IREE BT

Table 3 Analysis of model complexity

method Complexity Flops Params

LwF O 27.3X10° 11.41x108

EWC O +0) 27.3X10° 11.41x 108

MUC O +0(d)+0)  27.3x10° 11.65% 108
iCaRL O +006n) 27.3X10° 11.41x108

EEIL O +00n) 27.3%107 11,41 108

UCIR O +00m) 27.3X%10" 11,41 108

PASS O +00p) 27.3X10° 11.41x108

Ours O +00p) 27.3X%10° 11.41x108
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