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CAMS: Algorithmic Details
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Research Questions Theoretical Guarantees

* How to select data-adaptive models when facing heterogeneous data stream!? pseudo-regret for stochastic setting
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Learning Protocol
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Dataset characteristics

dataset #classes total instances testset stream size classifier policy
CIFARI10 10 60000 10000 10000 80 85
DRIFT 6 13910 3060 3000 10 11
VERTEBRAL 3 310 127 80 6 17
HIV 2 40000 4113 4000 4 20

context-free baselines: RS, QBC, IWAL, MP

contextual baselines: COBC, CIWAL, Oracle

Key observations

effectively converge to the best expert

robustly recover from malicious advices

reduction to context-free setting when no experts are avallable

possibly outperforming all the experts including oracle

CAMS could achieve the above, while maintaining

label efficiency and low variance in performance
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CIFARIO

VERTEBRAL

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

check out more experimental results in paper ...



