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1. Plasticity vs. Stability (dataset: Split MNIST)
Likelihood only — catastrophic forgetting

 Data may arrive in non i.i.d. way
* Tasks may change and/or new tasks may emerge

Multi-head Network
e Standard architecture for multi-task learning

1. Adversarial Ordering
 Changing the incoming task order
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* Tractable & q,(0) initialized with small variance
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Conclusion
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