Principles of Forgetting in Domain-Incremental Semantic Segmentation in
Adverse Weather Conditions
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* DINO alone increases feature reuse only after layer1.0
Initially discrepancy
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Re-estimation of population mean and deviation
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Fine-Tuning! 12.7 || 19.4
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* BN population
statistics are
biased = leads .
to severe .
forgetting .

* Pre-Trained are
more affected

Feature-Reuse drastically reduces catastrophic forgetting
Pre-Training stabilizes intermediate representations
Low-Level Representations can be stabilized with augmentation

BarlowT 8.6

Initialization of your model greatly affects catastrophic forgetting!
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