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Goal: Learning algorithm with sub-linear

Loss of algorithm Loss of best algorithm  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- 3D object pose predicHon
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FTML: prac9cal instan9a9on of our approach, extending MAML1
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learns each new task faster & with greater proficiency,

approaches few-shot learning regime

Rainbow MNIST Pose Predic9on



Takeaways
Introduced online meta-learning problem formulaNon 

Meta-learning is effecNve in non-staHonary se6ngs 

Similar guarantees to online learning, but beQer empirical performance

For more, come see us at poster #5!
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