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= T = response time

Goal: schedule to minimize metrics 
like mean response time E[T]
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How to Schedule?

5

SRPT: always serve job of 
least remaining size

shortest remaining 
processing time

size 9

9

size 4

4
size 2

2

rank

age

lower is better
remaining size

age
size

minimizes E[T]

[Schrage, 1968]
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rank

age

lower is better

Gittins: computes job’s 
rank using age and S

size 
unknown

job size 
distribution 

S known

age 
known

minimizes E[T]

[Sevcik, 1971]

[Olivier, 1972]

[Gittins, 1989]
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general state space
job’s state encodes all known info
state stochastically evolves with service
completes upon entering goal state
set of nonpreemptible states
every state has a holding cost

Key idea: a job is a Markov process
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Known Size
state = remaining size

Unknown Size
state = age

S determines 
random initial state

S determines 
jump probabilities

general state space

job’s state encodes all known info

state stochastically evolves with service

completes upon entering goal state
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Theorem: Gittins minimizes 
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13

random

arrivals

In paper:
• How to define the rank of each state
• Review of 10+ prior proofs
• New proof that handles general job model

Today: re-prove 
SRPT’s optimality
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WINE

r-work W(r) holding cost
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Special case: 
number of jobs N
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0 if r< x
x if r� x

<latexit sha1_base64="N+wO2uzMZXHa/IOPvRhFfXf3y2c="></latexit>

wx(r) = r-work of single job of rem. size x =

W(r) = work relevant to rank r
= total r-work of all jobs

for SRPTrank = priority 
(lower is better)

x
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Why does SRPT minimize E[N] in M/G/1?
Because it minimizes E[W(r)] for all r!
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