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CAMS: Algorithmic Details
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Research Questions

* How to select data-adaptive models when facing heterogeneous data stream!?

* How to make it labeling efficient?

We want a robust cost-effective online-learning algorithms that
* effectively identify best model selection policy
* works under limited labeling resources

* are adaptive to arbitrary data streams

Learning Protocol

Algorithm 1 CONTEXTUAL ACTIVE MODEL SELECTION PROTOCOL

1: Given a set of classifiers F and model selection policies !
2: fort=1,2,...,T do

Theoretical Guarantees
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Query complexity and tight regret bound under

Stochastic data streams

* Finite policy / model classes
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Dataset characteristics
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CAMS could achieve the above, while maintaining
label efficiency and low variance in performance

check out more experimental results in paper ...

On Vertebral, CAMS outperforms the Oracle despite | | of the |/ experts giving malicious or random advice




