
Class-Incremental Learning



Introduction 



Catastrophic forgetting 

• Data-Centric Class-Incremental Learning

• Model-Centric Class-Incremental Learning

• Algorithm-Centric Class-Incremental Learning



Preliminaries 

• There is a sequence of B training tasks

• b-th incremental step with n training instances

• Every label space haven’t overlap

• After each task, the model is evaluated over all seen class.



Exemplars and exemplar set 

• Exemplar Set is an extra collection of instances from former tasks

• Exemplar Set Management
• keep a fixed number of exemplars per class

• saving a fixed number of exemplars

• Exemplar Selection
• Randomly sample exemplars

• Herding



Data-Centric Class-Incremental Learning

• Data Replay

• Data Regularization

• Discussions about Data-Centric Methods



Data Replay

• Revisit exemplars
• Exemplar selection

• Uncertainty
• Data center

• Exemplars set efficiency
• Low fidelity feature

• Generative replay
• The quality of generated data 
• GAN also suffers the catastrophic forgetting

Rainbow Memory: Continual Learning with a Memory of Diverse Samples

Memory Efficient Class-Incremental Learning for Image Classification



Data Regularization

• Optimizing the model for new classes will not hurt former ones
• GEM



Discussions about Data-Centric Methods
• Data replay may suffer the overfitting problem

• Data-imbalance problem

• Few-shot exemplars VS. Many-shot task

• How to select data as exemplar



Model-Centric Class-Incremental Learning

• Dynamic Networks

• Parameter Regularization



Dynamic Networks

• Expands a new backbone when facing new tasks and aggregates 
the features with a larger FC layer       DER
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Foster: Feature Boosting and Compression for Class-Incremental Learning



Parameter Regularization

• keep the important parameters static to maintain former knowledge

• Fisher matrix
• Prompt 



Algorithm-Centric Class-Incremental 
Learning
• Knowledge Distillation

• Model Rectify



Knowledge Distillation



Model Rectify

• Try to find the abnormal behaviors in CIL models and rectify them 
like the oracle model
• the weight norm of new classes is significantly larger than old ones
• the model tends to predict instances as the new classes with larger 

weights
• weight drifting
• logits of new classes are much larger than old ones



• Data imbalance

• How to select exemplar



AN EMPIRICAL STUDY OF EXAMPLE FORGETTING DURING DEEP NEURAL NETWORK LEARNING




