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We propose a hovel continual learning framework, called Time-
Channel Distillation (TCD). Our main claim is that time-wise
representation should be distilled with different weights depending
on their relevance and uniqueness to target classes and maintained
for better utilization in the future stages.
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Contribution * Distillation objective at step k
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enhance the performance of our target model.
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 The proposed approach presents remarkable accuracy gains on
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