Information Bottleneck Based Data Correction in Continual Learning
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Results:

» Our method, as a plug-and-play module, can enhance the
performance of existing replay-based continual learning

Information Bottleneck Task Against Constraints:

> This module aims to maximize the mutual information between the
sampled data features z,, and the buffered dataset x,,, to effectively
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» After completing the learning of previous tasks, this module models ) .
the information of unsampled data, which cannot be directly trained. |
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