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PLOP:
LEARNING CONTINUOUSLY WITHOUT FORGETTING
FOR CONTINUAL SEMANTIC SEGMENTATION
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Learning car à dog à person
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Many methods in image classification: EWC, LwF, iCaRL…

Fewly explored in semantic segmentation: MiB, ILT

Cermelli et al., Modeling the Background for Incremental in Semantic Segmentation (MiB), CVPR 2020
Michielli and Zanuttigh, Incremental learning techniques for semantic segmentation (ILT), ICCV Workshop 2019
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Catastrophic Forgetting:

à Not forgetting previously learned classes

Background Shift:

à Incorporate updated ground-truth
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Old model 𝑔+./ ∘ 𝑓+./
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Experiments
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Pascal-VOC (20 classes) experiments

Cermelli et al., Modeling the Background for Incremental in Semantic Segmentation (MiB), CVPR 2020
Michielli and Zanuttigh, Incremental learning techniques for semantic segmentation (ILT), ICCV Workshop 2019
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Pascal-VOC (20 classes) experiments

ADE20k (150 classes) experiments

Cermelli et al., Modeling the Background for Incremental in Semantic Segmentation (MiB), CVPR 2020
Michielli and Zanuttigh, Incremental learning techniques for semantic segmentation (ILT), ICCV Workshop 2019
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First, learn 15 classes
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When a class appear only latter in the image



Thank you for listening
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