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Abstract

Molivaled by ssues of saving eocrpgy in dala cenlers we
deline a collection of new problems relerred Lo as “machine
aclivalion” problems. The central [ramework we inbrodoee
considers a collection of e machines (unrelated or related)
wilh each machine 2 having an aclwalion cost ol ;. There
15 al=o a collection of i jobs Lthal nocd W be performed, and
1 ¢ 15 Lhe processing Lune of job 3 on machine 1. Slandard
schoeduling models assume Lhal Lthe sel of machines s hixed
amd all machines are available. However, in our selbing, we
assume Lhal there 15 an activalion cost budgel of A — we
would like o select a subscl S5 of the machines Lo activale
wilh lotal cosl a{S) < A and find a schedule [or Lhe 1 jobs
on Lhe machines in 8 minimizing Lhe makespan (or any olher
melric).

We consider bolh the unrelabod machines sclling, as
woll as Lthe selting of scheduling umiformly related parallel
machines, where machine @ has aclivabion cost o and specd
sg, amd Lhe processing Lime of job 3 on machine 1 15 gy I—:“- :
where py s Lhe processing requircment of jolbs 7.

For the gencral unrelaled machine activation problem,
our mein resulls are Lhal il there 15 a schedule wilh makespan
T and activalion cost A Lhen we can oblain a schedule wilth
makespan (2 | )T and aclivalion cost 2(1 | %:H:In E% | 1)A,
[or any ¢ > 0. We also consider assignment. cosls [or jobs
a5 1 Lhe pencralized assipnment problem, and usimg our
[ramework, provide alponthms Lhal minomize Che machine
acltivalion amd Lthe assipnmoent cosl simullancously. In
addition, we presenl a grecdy algorithm which only works
[or Lhe basic version amnd yvields a makespan ol 27 amnd an
activalion cost A(l | lnn).

For the umlormly related parcallel machine schedal-
g problem, we develop a polyoommal Lime approximalion
schoeme Lhal oulpuls a schedule with the properly Lhal Lhe
aclivalion cosl of Lhe subsel of machines 5 al most A and Lhe
makespan is al most (1 | )7 for any ¢ > (. For the special
case of e wenlical spoed machines, Lthe machine activalion
problem i Lovial, since Lhe cheapest subscl of & machines
15 always Lhe best chowee il Lhe oplimal solulion activales k
machines. In addition, we consider Lhe case whoen some jobs

can be droppad (and are trealed as oulliers).
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1 Introduction

Large scale data centers have emerged as an extremely
popular way to store and manage a large volume of
data. Most large corporations, such as GGoogle, HP and
Amazon have dozens of data centers. These data centers
are typically composed of thousands of machines, and
have extremely high energy requirements. Data centers
are now being used by companies such as Amazon Web
Bervices, to run large scale computation tasks for other
companies who do not have the resources to create their
own data centers. This is in addition to their own
computing requirements.

These data centers are designed to be able to handle
extremely high work loads in periods of peak demand.
However, since the workload on these data centers
Huctuates over time, we could selectively shut down
part of the system to save energy when the demand
on the system is low. Energy savings results not just
from putting machines in a sleep state, but also from
savings in cooling costs.

Hamilton (see the recent SIGACT News article [3])
argues that a ten fold reduction in the power needs of
the data center may be possible if we can simply build

systems that are optimized with power management as
their primary goal. Suggested examples (summarizing

from the original text) are:

1. Explore ways to simply do less during surge load
periods.

2. Explore ways to migrate work in time. The work
load on modern cloud platforms 13 very cyclical,
with infrequent peaks and deep valleys. Even valley
time is made more expensive by the need to own
a power supply to be able to handle the peaks, a
number of nodes adequate to handle surge loads, a
network provisioned for worst case demand.

This leads to the issue of which machines can we
shut doum, since all machines in a data center are not
necessarily identical. Each machine stores some data,
and is thus not capable of performing every single job
efficiently unless some data is first migrated to the
machine. We will formalize this question very shortly.

To quote from the recent article by Birman et
al. (SIGACT News [3]) “Scheduling mechanisms that



assign tasks to machines, but more broadly, play the
role of provisioning the data center as a whole. As
we'll see below, this aspect of cloud computing s of
growing importance becanse of its organic connection
to power consumption: both to spin disks, and rn
machines, but also because active machines produce
heat and demand cooling. Scheduling, it turns out,
comes down to deciding how to spend money.”

Data is replicated on storage systems for both
load balancing during peak demand periods, as well

as for fanlt tolerance. Typically many jobs have to be
scheduled on the machines in the data center. In many
cases profile information for a set of jobs is available
in advance, as well as estimates of cyclical workloads.
Jobs may be 1/() intensive or CP1J intensive, in either
case, an estimate of its processing time on each type of
machine 15 available. Jobs that need to access specific
data can be assigned to any one of the subset of machines
that store the needed data. (ur goal is to hirst select
a siubset of machines to activate, and then schedule
the jobs on the active machines. From this aspect our
problems differ from standard scheduling problems with
multiple machines, where the set of active machines is
the set of all machines. Here we have to decide which
machines to activate and then schedule all jobs on the
active machines.

The scheduling literature is vast, and one can for-
millate a variety of interesting questions in this model.
We initiate this work by foensing our attention on per-
haps one of the most widely studied machine scheduling
problems since it matches the requirements of the ap-
plication. We have a collection of jobs and unrelated
machines, and need to decide which subset of machines
to activate. The jobs can only be scheduled on active
machines. This provides an additional dimension for
scheduling problems that was not previously considered.
This situation also makes sense when we have a certain
set of computational tasks to proecess, a cost budget,
and can purchase access to a set of machines.

One fundamental (and well studied) scheduling
problem is as follows: Given a collection of n jobs,
and m machines where the processing time of job
j on machine i is p; ;, assign all jobs to machines
such that the makespan, ie., the time when all jobs
are complete, 18 minimized. This problem is widely
referred to as unreloted parallel machine scheduling
17, 20]. If machine i does not have the data that
job 7 needs to run, then we set p; ; — oo, otherwise
the processing time p; ; is some constant p; which only
depends on job j. This special case is the so-called
restricted scheduling problem and known to be NP-
hard. However, if a schedule exists with makespan
T, then the polynomial time algorithm developed by

Lenstra, Shmoys and Tardos [17] shows an elegant
rounding method to ind a schedule with makespan 27T
The subsequent generalization by Shmoys and Tardos
[20], shows in fact that even with a cost function to
map each job to a machine, if A mapping with cost
and makespan T exists, then their algorithm hnds a
schedule with cost 7 and makespan at most 27,
Motivated by the problem of shutting down ma-

chines when the demand is low, we define the following
*machine activation” problem.

Given a set J of n jobs and a set M of m machines,
our goal 15 to activate a subset 5 of machines and then
map each job to an active machine in &, minimizing the
overall makespan. Each machine has an activation cost
of a;. The activation cost of the subset S iz a(S) —
2 icg@i- We show that if there is a schedule with
activation cost A and makespan T', then we can find
a schedule with activation cost 2(1 + 1)(In 555 + 1)A
and makespan (2+4¢)T for any € > 0 by the LP-rounding
scheme (we call this is a ((2+¢€),2(1 + 1)(In 55 + 1))-
approximation). We also present a greedy algorithm
which gives us a (2,1 + Inn)-approximation. Actually,
the Inn term in the activation cost with this general
formulation is unavoidable, sinee this problem is at least
as hard to approximate as the set cover problem®, for
which a (1 — €) In n approximation algorithm will imply
that NP € DTIM E(nYeslesnly 1q]

We also show that the recent PTAS developed by
Epstein and Sgall [7] can be extended to the framework
of machine activation problems for the case of schedul-
ing jobs on uniformly related parallel machines. (The
original PTAS by Hochbaum and Shmoys [12] is slightly
more complicated than the method sugegested by Ep-
stein and Sgall [7].)

We also consider a version of the problem in which
a subset of the jobs may be dropped to save energy
(recall Hamilton’s point(1)). In this version of the
problem, each job j also has a benefit 7; and we need
to process a subset of jobs with total beneht of at least
[I. Suppose that a schedule exists with cost O and
makespan Ty that obtains a total benefit at least 1L
We show that the method due to Shmoys and Tardos
[20] can be extended to find a collection of jobs to
perform with expected benefit at least 11 and expected
cost (', with a makespan guaranteed to be at most
2Tn (see Appendix A) . (The recent work by Gupta
et al. [11] gives a clever deterministic scheme with

T'I'his ia cagy to Bee — we can view a set cover instance a8 a

bipartite graph connecting elements (joba) to corresponding seta
(machines). If the element belongs to a set, then the processing
time of the correaponding job on the correaponding machine is 0,
o.w. it is oo. An optimal set cover solution corresponds to an
optimal set of machines to activate with () makespan.



makespan 37T and cost {1 + €)'y along with several
other results on scheduling with outliers. This has been
further improved to (24€)Th and cost (1+4¢)C' in [18].)

1.1 Related Work on Scheduling (Generalizations
of the work by Shmoys and Tardos [20], have consid-
ered the L, norm. Azar and Epstein [2] give a 2-
approximation for any L, norm for any p > 1, and a

u"ﬁ—ﬂppmximntinn for the Ly norm. The bounds for
p 7 2 have been subsequently improved [16].

In addition, we can have release times r;; associated
with each job — this specihies the earliest time when job
j can be started on machine i. Koulamas et al. [15]
give a heuristic solution to this problem on uniformly
related machines with a worst case approximation ratio
of ({(,/m).

Minimizing resource usage has been considered be-
fore. In this framework, a collection of jobs J needs
to be executed — each job has a processing time p;, a
release time r; and a deadline d;. In the continnous
setting, a job can be executed on any machine between
its release time and its deadline. In the discrete setting
each job has a set of intervals during which it can be
executed. The goal is to minimize the number of ma-
chines that are required to perform all the jobs. For
the continuons case, Chuzhoy and Codenotti [4] have

recently developed a constant factor approximation, im-
proving upon a previous algorithm given by Chuzhoy et

al [5]. For the discrete version Chuzhoy and Naor [6]
have shown an {}{log logn) hardness of approximation.
However this framework does not model non-uniformity
of machines, which is one of the key issues in data cen-
ters. In addition, non-uniformity of activation costs is
not addressed in their work neither.

1.2 Related Work on Energy Minimization Au-
gustine, Irani and Swamy [1]| develop online algorithms
to decide when a particular device should transition to
a sleep state when multiple sleep states are available.
Each sleep state has a different power consumption rate
and a different transition cost. They provide determin-
1stic online algorithms with competitive ratio arbitrarily
close to optimal to decide in an online way which sleep
state to enter when there is an idle period. See also the
survey by Irani and Pruhs for other related work [14].

1.3 Our Contributions (Our main contributions
ATe:

e A randomized rounding method that approximates
both activation cost and makespan for unrelated
parallel machines. This method is based on round-
ing the LP solution of a certain carefully defined LP
relaxation and uses ideas from work on dependent

rounding [10, 16] (Section 2).

e Extensions of the above method when we have
assignment costs in addition to activation costs as
part of the objective function (Section 3).

s A greedy algorithm that approximates both activa-
tion cost and makespan for unrelated parallel ma-
chines and gives a (2, 1 4 In n)-approximation (Sec-
tion 4).

s Extensions of these results to the case of handling
outliers using the methods from [11] as well as
release times (Section 5).

s A polynomial time approximation scheme for the
cost activation problem for uniformly related par-
allel machines extending the construction given for

the version of the problem with no activation costs
[7] (Section 6).

o A simple dependent rounding scheme for the partial
GAP problem (Appendix A).

2 LP Rounding for Machine Activation on
Unrelated Machines

In this section, we first provide a simple rounding-
ing scheme with an approximation ratio of
((Xlogn), (Nlogn)). Then we improve it to a
(24 €,2(1 + 3)(In 535 + 1))-approximation by a new
rounding scheme. We can formulate the scheduling
activation problem as an integer program. We define a
variable y; for each machine i, which is 1 if the machine
is open and (), if it s closed. For every machine-job
pair, we have a variable z; ;, which is 1, if job j is
assigned to machine ¢ and iz 0, otherwise. In the
corresponding linear programming relaxation, we relax
the y; and x; ; variables to be in [0, 1]. The first set of
constraints require that each job is assigned to some
machine. The second set of constraints restrict the jobs
to be assigned to only active machines, and the third
set of constraints limit the workload on a machine.
We require that 1 > x; ;,y; = 0 and if p; ; > T then

x;; — (. The tormulation is as shown below:
(2.1) min Z a;;
—
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