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Dispatching with Gittins

Multiserver jobs and other service constraints

SRPT + JSQ 
seems best?

Spread out 
small jobs
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… stay tuned for Natalie’s talk!
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• G/G arrivals 
• Generalized switch 
• Parallelizable jobs and other complex service choices 
• Multiserver jobs and other complex packing concerns 
• Preemption overhead 
• Large-system limits 
• Stein’s method
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