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Contrast metric enhancement based on memory extraction for

online class-incremental learning in image classification

WANG Honghui, YIN Jinyong, YANG Jian
(Jiangsu Automation Research Institute, Lianyungang 222061, China)
Abstract: In view of the catastrophic forgetting of previous knowledge in class incremental learning for image classification,
existing replay-based methods focus on memory updating and sampling, while overlooking the feature relationships between
old and new samples. To this end, the paper proposes a method called contrast metric enhancement based on memory extrac-
tion (¢ME?) for Online Class-incremental Learning in Image Classification, which designs two new types of positive and neg-
ative sample-pairs, enhances the reuse of old sample feature information, and strengthens the ability of model to express re-
dundant features and common features. It improves the distribution of samples in embedding space based on the nearest class

mean classifier. Finally, the effectiveness and efficiency of the proposed method are verified by comparison experiment and

ablation experiment.
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Fig. 2 Positive and negative pair set venn diagrams with different comparison methods
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LwF 16.7+1.2 12.8+0.7
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cME2 84.3 73.4 67. 1 62.3 57.7
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Tab. 4 Average accuracy for different sampling batch sizes

i %
Split CIFAR-10( Memory size=0. 5k) Split CIFAR-100( Memory size =2k )
HWEFIIE Memory Memory Memory Memory Memory Memory
batch=10 batch =50 batch =100 batch=10 batch=50 batch =100
AGEM 17.7+1.0 17.51. 1 17.4%1.5 5.30.4 5.2+0.5 5.4+0.5
GSS 25.4+1.1 24.5+1.5 20.8+1.2 13.0+0.9 13.2+0.8 13.2+0. 8
ER 26.8+1.6 25.6£2.0 24.6+2. 1 15.4+0.6 14.0£0.9 12.1£1.5
MIR 27.5+1.9 28.1+1.6 28.1+1.6 15.1+0. 5 14.9+0. 8 14.9+0. 8
iCaRL 38.2+2.7 38.2+2.7 38.2+2.7 17.7+0.6 17.7+0.6 17.7+0.6
SCR 51.4+1.6 57.1+1.0 59.0+0.9 14.7£1.0 28.6+0.6 32.8+0.4
cME? 57.3+1.4 59.2+1.1 60.2+1.1 15.5+0.6 29.1+0.8 33.1+0.5
x5 AEREHE KNI SR A E]
Tab. 5 Training time for different sampling batch sizes
EXAE
Split CIFAR-10( Memory size=0. 5k)
g > )ik
Memory batch=10 Memory batch =50 Memory batch= 100
LWF 46
EWC++ 85

AGEM 57 133 88

GSS 449 483 422

ER 50 66 96

MIR 116 131 141

iCaRL 48 48 48

SCR 188 139 176

cME? 202 155 187
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