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Beyond the M/G/k

SRPT + JSQ
seems best?
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Q Spread out
= small jobs

g@ Dispatching with
Qf @ Multiserver jobs and other service constraints
-
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Hard scheduling questions

What if there are
multiple servers?

WINE and work
decomposition

What are the underlying
theoretical tools?

What are the resulting
practical lessons?

* Prefer central queueing
* When dispatching, spread
out the small jobs
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Tail optimization questions

Pareto(a=3, x,,=1), p=0.8, 1 billion jobs
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Hard scheduling questions

What if we want to optimize
tails instead of means?

minimize C \
()

minimize “E[e"’ ]

e

What are the underlying
theoretical tools?

What are the resulting
practical lessons?

« Use arrival times and sizes
» Try Boost instead of FCFS!

- Try measuring E[e"’ ]?
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... stay tuned for Natalie’s talk!
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What are the underlying
theoretical tools?

What are the resulting
practical lessons?

 Simulate priority classes

» Maintain work imbalance
using closed-loop control
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But wait, there’s more!

* 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

20
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Practical lessons

Empirical Gittins works

PSJF is robust
k servers = 1 server

Use size and arrival time

Closed-loop dispatching control
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