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⚫ Non-exemplar class incremental learning aims to continuously adapt to 
newclasses while preventing forgetting previously learned ones without 
retaining earlier samples

⚫ where, in existing frozen feature extractor-based methods, the 
representations of new and old classes tend to exhibit substantial 
overlap within the feature space. This overlap limits the model’s ability 
to effectively distinguish between previously learned and newly 
introduced classes, ultimately leading to catastrophic forgetting

Background

Non-Exemplar Class-Incremental Learning Overlapping Representations Between Old and New Classes
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⚫ The overlap between new and old class representations arises from 
the model’s insufficient discriminative capability between them

⚫ Existing self-supervised learning methods inadequately enhance 
representation discriminability

⚫ Existing ensemble learning methods suffer from performance 
degradation when new experts are introduced

Motivation

Distribution comparison of task-agnostic classes under SSL and CDSSL Accuracy variation with different numbers of experts



5

Method : CLOVER

Confusion-driven seLf-supervised prOgressiVely weighted Ensemble 
leaRning(CLOVER) for Non-Exemplar Class Incremental Learning

The pipeline of the proposed CLOVER
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Method : CLOVER

⚫ [contribution 1]: a Confusion-Driven Self-Supervised Learning method

⚫ Generate highly 

confusing classes

⚫ Enhances the capability 

for representation 

extraction

The pipeline of the proposed CLOVER
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⚫ [contribution 2]: a Progressively Weighted Prediction strategy

Method : CLOVER

⚫ Mitigating the influence 

of unreliable experts 

⚫ Mitigating overlapping 

representations

The pipeline of the proposed CLOVER
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Experiments

⚫ Quantitative evaluation

Comparisons of the average accuracy and last accuracy (%) at 

different settings on CIFAR100, TinyImageNet, and ImageNet-Subset.
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Experiments

⚫ Quantitative evaluation

Illustration of the classification accuracy changes as tasks 

are being learned on CIFAR100 and TinyImageNet
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Experiments

The visualization illustrates the distribution of  old and new class 

representations following the application of SSL and CDSSL, respectively

⚫ Qualitative evaluation
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Experiments

⚫ Ablation study
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Experiments

⚫ Performance on old and new tasks 

⚫ Evolution of average Bhattacharyya distance during training



Thank you !
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