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Performance comparison with
different feature reconstruction
(FR) methods.

Ablation Study on Similarity Metrics
(a) Patch-level Feature Reconstruction. We identify patch tokens that are related to old class knowledge and integrate them with the old class In L,q; and other distillation methods.

prototype pX_, to reconstruct old class feature fi¥_, aligned with new tasks.

Ablation experiments on hyper-parameters
B and A conducted on the CIFAR-100.
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