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Table 3: ACC/BWT on the MNIST Rotations dataset, when varying the number of epochs per task.

Lopez-Paz, D., & Ranzato, M. A. (2017). Gradient episodic memory for continual learning. Advances in neural information processing systems, 30.

30

method 1 epoch 2 epochs 5 epochs
single, shuffled data  0.83/ 0.87/ 0.89/

single 0.53/-0.08  0.49/-0.25 0.43/-0.40
independent 0.56/-0.00  0.64/-0.00  0.67/-0.00
multimodal 0.76/-0.02  0.72/-0.11  0.59/-0.28
EWC 0.55/-0.19  0.59/-0.17 0.61/-0.11
GEM 0.86/+0.05 0.88/+0.02 0.89/-0.02
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2. Class Incremental Online Continual Learning
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2. Class Incremental Online Continual Learning
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Table 1: Average test accuracy of sample selection methods on disjoint MNIST with different buffer sizes.

Buffer Size

Figure 4: Comparison with state-of-the-art task aware replay methods GEM. Figures show test accuracy.
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3. Conclusion
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