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Classification

2Continual Segmentation

Image classification à one global label

BirdFish Frog

𝐷! = { 𝐼, 𝑦 , … }, 𝑦 ∈ ℕ



Segmentation
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Semantic Segmentation à each pixel is labeled 𝐷! = { 𝐼, 𝑆 , … }, S ∈ ℕ"×$



Multiple labels
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Semantic Segmentation à each pixel is labeled 𝐷! = { 𝐼, 𝑆 , … }, S ∈ ℕ"×$

- Also for multi-labels classification 𝐷! = { 𝐼, 𝑌 , … }, 𝑌 ∈ ℕ%
- Or object detection



What happens in Continual Learning?



Background shift
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Learning car à dog à person



Background shift
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[13]: Cermelli et al., Modeling the Background for Incremental in Semantic Segmentation, 2020
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Past class

Future class 



Realist setting?
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The unsupervision is realist for real-life application.

Take autonomous driving,
- first learn well basic classes (road, sidewalk).
- Then specialized classes (car, tuktuk).

Less cost in human labeling.

Image classification: ~5s / image
Semantic Segmentation: 5 – 30min / image



PLOP Strategy



PLOP Strategy

14Continual Segmentation

ℒ&'()*+,-

image 𝐼!

pseudo-labels /𝑆!./

labels 𝑆!
augmented labels 0𝑆!

ℒ01234'

f t-1

f t

labels 𝑆!./
gt-1

gt

persondogcar
𝐶!.5 𝐶!./ 𝐶!
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POD (ECCV20)
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Naive distance between features doesn’t work

𝑐 × 𝑤 × ℎ constraints
à too rigid
à sensitive to outliers
à no spatial prior



POD (ECCV20)
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Distance between spatial statistics

Balancing rigidity (not forgetting) and plasticity (learning)
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Local POD
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POD?



Local POD
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POD?



Local POD
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POD?

Segmentation
≠

Classification



Local POD
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Local POD!



Local POD

22Continual Segmentation

Local POD for the win!
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UNCE (CVPR 2020) merges predictions of old classes with background



Experiments
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Pascal-VOC (20 classes) experiments



Visuals
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First, learn 15 classes



Visuals
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Learn the “plant” class



Visuals
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So far, it’s still OK



Visuals
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Catastrophic
forgetting



Visuals
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Visuals
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Visuals
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When a class appear only latter in the image
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Class-agnostic
distillation loss

Pseudo-labeling to
complete partially-
labeled images


