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Why Incremental Learning? Quantifying Catastrophic Forgetting (Pos/Neg Backward Transfer) Optimization Path based Importance

» Parameter importance: Change in loss
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Incremental Learning Evaluation Setup » Dy IS equivalent to a distance in a Riemannian manifold induced by £y
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Single-head evaluation should be preferred for IL > Storing Fisher for each task independently - O(kP) parameters
> Additional pass over the dataset to computer Fisher Acknowledgements
Incremental Learning Evaluation Metrics > Does not capture influence of parameters along the optimization path
» EWC++ maintains a single Fisher computed using moving average This work was supported by the grants from The Rhodes Trust, EPSRC, SRC and MURI.
Metrics to evaluate IL must consider the path dynamics of training Fl=aF!+(1—a)F!
: e : 0 — 6 o
> Average Accuracy: Standard multi-class classification accuracy - does ! References
not capture the dynamics of IL o | | |
> MemOry Efficient: One estimate of Fisher for all the previous tasks [1] James Kirkpatrick et al. Overcoming catastrophic forgetting in neural networks. Proceedings of the National Academy of

> Forgetting and Intransigence: capture the IL training path dynamics

. .. e . . . Sciences of the United States of America (PNAS), 2016.
> Tralnlng EffICIent' FISher COmpUtathn IS the by_prOdUCt Of the tralnlng [2] F. Zenke, B. Poole, and S. Ganguli. Continual learning through synaptic intelligence. In ICML, 2017.



