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1. Contribution 2. Motivation 4. The FESL Approach

Common algorithms learned from streaming data assume an unchanged feature
space. Unfortunately, this assumption does not hold in many streaming tasks.
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Theorem 1. Assume that the loss function U is convex in its
first argument and that it takes value in [0,1]. For all
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3. Preliminaries
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5. Experiments
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method is the average of the cumulative loss over 1, ..., t', namely l,» = (1/t") Z§I=1 ;.

The smaller the average cumulative loss, the better. The average cumulative loss of our

methods is comparable to the best of baseline methods on all datasets and are smaller 1. A new setting: feature evolvable streaming learning. 2. Key observation: in learning with streaming data, old features
than them on 8 datasets. vanish and new ones occur. 3. We assume there is an overlapping period that contains samples from both feature spaces.

NOGD: OGD algorithm will be invoked from scratch. ;
ROGD-u: the algorithm utilizes the classifier learned from feature

space S; to do predictions on the recovered data, keeps updating.
ROGD-f: resembles ROGD-u, but do not update.




