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e The Zipf distribution behaves completely differently than round-robin. Due to the highly localized requests, the
* Add a lower threshold to the * The perturbation factor should increase with switching cost does not increase with the accuracy of the predictions, our solutions perform the same or worse
perturbation factor, heuristically chosen switching costs than the initial OFTPL. In this case the perturbation factor adds unwanted noise, leading to higher switching costs.
* The perturbations never hit O, therefore * As switching costs increase, the algorithm e Generally, the first approach may perform better than the second due to the high threshold we have chosen, but at
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are 100% accurate

COnClUSlOn e We have proposed two heuristics to limit the switching cost. Performance is better than initial OFPTL
implementation in terms of switching cost, switching regret, while keeping the regret withing bounds.

e Limitation: highly localized requests like Zipf, lead to worse performance because of unwanted noise.
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