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Goal: schedule to minimize mean 
response time E[T] and other metrics
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Why not use Gittins?

known job sizes
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exact formula!

[Scully, Harchol-Balter, & Scheller-Wolf, SIGMETRICS 2018]
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LPL-SRPT Questions

21

• How many levels do we need? 
• How do we choose size cutoffs? 
• Can we do better than LPL-SRPT?

Balancing load is 
a good heuristic

Yes! LPL-PSJF 
often better

Low var: 2-ishHigh var: 5-ish

rank

age
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Job is sequence of packets

overhead γ

packet size δ
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• Gittins is hard to compute 
• SERPT has no E[T] guarantee
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Simplifying Gittins: Practice

… just use SERPT
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