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• Avoids the need for external domain knowledge
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Data-driven AI
Underlying assumptions:

1. TRAINING DATA IS REPRESENTATIVE

2. ALL TRAINING DATA IS AVAILABLE

3. STATIC WORLD
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Data-driven AI

Research

• Benchmark datasets
• Split in train/val/test

• Overfitting to dataset
• Exploiting dataset bias

Real-world applications

• Train/test data collected 
separately

• Domain shifts        .
• New tasks / classes
• Concept drift         .

• Generalization
• Adaptation    .
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Continual Learning      .

• Learn from a stream of data
• Without storing old samples
• Without increasing memory footprint
• With ability to add new tasks/labels anytime
• Improving further over time
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Continual learning

Catastrophic forgetting
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Continual learning: taxonomy

[1] G. Van de Ven and A. S. Tolias, Three scenarios for continual learning, arxiv preprint 1904.07734 (2019) 
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Continual learning: taxonomy
• Regularization-based methods

• Parameter isolation methods

• Replay-based methods

M. De Lange, R. Aljundi, M. Masana, S. Parisot, X. Jia, A. Leonardis, G. Slabaugh, T. Tuytelaars,
A continual learning survey: Defying forgetting in classification tasks, arxiv 1909.08383 (2020). 



COPE: 
Continual Prototype Evolution

Matthias De Lange, Tinne Tuytelaars, Continual Prototype Evolution: 
Learning Online from Non-Stationary Data Streams, https://arxiv.org/pdf/2009.00919
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Learning online from non-stationary data streams
- Online data incremental learning
- Focus on imbalanced data
- Using experience replay 

- Related work:
- online incremental learning: 

- Replay: Reservoir, GSS, MIR
- Parameter isolation: CURL, CN-DPM

- Class-incremental learning:
- iCARL, GEM
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Learning online from non-stationary data streams

- Use of prototypes
- Evolving prototypes
- Balanced replay
- Pseudo-prototypical Proxy Loss
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Balanced datastreams
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Unbalanced datastreams
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Effect of PPP-loss
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Take home message

• Rethink standard ML paradigm: beyond static train/val/test

• Open challenges:
• Anything better than experience replay ?
• Deeper understanding of learning process
• Real-world use cases / benchmarks
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