IEEE TRANSACTIONS ON DEPENDABLE AND SECURE COMPUTING, APRIL 2013

Orchestrating an Ensemble of MapReduce Jobs
for Minimizing Their Makespan

Abhishek Verma, Member, IEEE, Ludmila Cherkasova, Member, IEEE,
and Roy H. Campbell, Fellow, IEEE

Abstract—Cloud computing offers an attractive option for businesses to rent a suitable size MapReduce cluster, consume resources
as a service, and pay only for resources that were consumed. A key challenge in such environments is to increase the utilization of
MapReduce clusters to minimize their cost. One way of achieving this goal is to optimize the execution of Mapreduce jobs on the
cluster. For a set of production jobs that are executed periodically on new data, we can perform an off-line analysis for evaluating
performance benefits of different optimization techniques. In this work, we consider a subset of production workloads that consists of
MapReduce jobs with no dependencies. We observe that the order in which these jobs are executed can have a significant impact on
their overall completion time and the cluster resource utilization. Our goal is to automate the design of a job schedule that minimizes
the completion time (makespan) of such a set of MapReduce jobs. We introduce a simple abstraction where each MapReduce job
is represented as a pair of map and reduce stage durations. This representation enables us to apply the classic Johnson algorithm
that was designed for building an optimal two-stage job schedule. We evaluate the performance benefits of the constructed schedule
through an extensive set of simulations over a variety of realistic workloads. The results are workload and cluster-size dependent, but
it is typical to achieve up to 10%-25% of makespan improvements by simply processing the jobs in the right order. However, in some
cases, the simplified abstraction assumed by Johnson’s algorithm may lead to a suboptimal job schedule. We design a novel heuristic,
called BalancedPools, that significantly improves Johnson’s schedule results (up to 15%-38%), exactly in the situations when it produces
suboptimal makespan. Overall, we observe up to 50% in the makespan improvements with the new BalancedPools algorithm. The results

of our simulation study are validated through experiments on a 66-node Hadoop cluster.

Index Terms—MapReduce, Hadoop, batch workloads, optimized schedule, minimized makespan.

1 INTRODUCTION

RIVATE and public clouds offer a new delivery

model with virtually unlimited computing and stor-
age resources. An increasing number of companies are
exploiting the MapReduce paradigm [1] and its open-
source implementation Hadoop as a platform choice for
efficient Big Data processing and advanced analytics over
unstructured information. This new style of large data
processing enables businesses to extract information and
discover novel data insights in a non-traditional and
game-changing way. For many companies, their core
business depends on a timely analysis and processing of
large quantities of new data. The data analysis applica-
tions might be of different complexities, resource needs,
and data delivery deadlines. This diversity create com-
peting requirements for program design, job scheduling,
and workload management policies in MapReduce envi-
ronments. However, in spite of different user objectives
a common goal is to ease the use of the MapReduce
framework and enhance Hadoop performance.

To ease the task of writing complex analytics programs
several projects, e.g., Pig [2] and Hive [3], provide high-
level SQL-like abstractions on top of MapReduce en-
gines. Programs written in such frameworks are com-
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piled into directed acyclic graphs (DAGs) of MapReduce
jobs. Often these automatically generated programs are
less efficient than the “hand-crafted” MapReduce jobs.
There are continuous efforts [4], [5] to improve the im-
plementation efficiency of “SQL-to-MapReduce” transla-
tors and optimize the completion time of automatically
generated MapReduce jobs and workflows.

The job execution efficiency is particularly important
for processing production workloads when a given set
of MapReduce jobs and workflows (DAGs) need to
be executed periodically for processing new data [6],
e.g., hourly, daily, or weekly. Typically, the default FIFO
scheduler is used for processing an ensemble of such
production jobs since the main performance objective is
to minimize the overall execution time (makespan) of a
given set. Such production workloads are analyzed off-
line for optimizing their execution. There is a slew of
optimization methods introduced for improving data
read/write efficiency in a set of production jobs. For
different MapReduce jobs that operate over the same
dataset, a more efficient job scheduling [7], [8] was
proposed to merge their executions in such a way that
the input data is only scanned once. In this work, we
consider a subset of production workloads consisting of
jobs with no dependencies. Such independent jobs arise,
for example, while processing different datasets, or as
a result of optimized Pig/Hive queries translated in a
single MapReduce job'. For jobs with no dependencies

1. Currently, 11 out of 17 queries in the PigMix benchmark (see http:
/ /wiki.apache.org/pig/PigMix) translate to a single MapReduce job.
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we discuss a different cause of execution inefficiency
inherent to the MapReduce computation that processes
map and reduce tasks in two stages separated by a
synchronization barrier. The order in which jobs are
executed can have a significant impact on the overall
processing time, and therefore, on the achieved cluster
utilization. For data-dependent jobs, the successive job
can only start after the current one is entirely finished.
However, for data-independent jobs, once the previous
job completes its map stage and begins the reduce stage,
the next job can start executing its map stage with the
released map resources in a pipelined fashion. Thus,
there is an overlap in job executions when different jobs
use complementary cluster resources: map and reduce
slots. Note that a larger overlap in job executions leads
to better job pipelining, increased cluster utilization,
and an improved job execution time, while using the
same number of machines. Our goal is to automate
the construction of a job schedule that minimizes? the
completion time of such a set of MapReduce jobs.
The paper makes the following key contributions:

o We apply the classic Johnson algorithm [9] to con-
struct an optimized schedule for a set of indepen-
dent MapReduce jobs. We represent each MapRe-
duce job J; by a pair of computed durations (m;, ;)
of its map and reduce stages. This representation
enables us to apply Johnson’s algorithm that has
been proposed for building an optimal two-stage
job schedule [9]. For periodic production jobs we
can perfrorm their automated profiling from past
executions. When jobs in a batch need to process
new datasets, we use the knowledge of extracted job
profiles to pre-compute new estimates of jobs” map
and reduce stage durations, and then construct an
optimized schedule for future executions.

o We evaluate performance benefits of the constructed
schedule through extensive simulations over a vari-
ety of realistic workloads. The performance results
are workload and cluster-size dependent, but we
typically achieve up to 10%-25% makespan im-
provements. Moreover, we design a special simula-
tion framework based on the accurate MapReduce
simulator SimMR [10] to predict the batch com-
pletion time and to analyze potential performance
improvements of different schedules.

e Our analysis reveals that Johnson’s schedule may
lead to a suboptimal makespan in some cases. The
proposed abstraction of MapReduce jobs as a pair
of map and reduce stage durations obscures the
amount of resources each job may be able to utilize.
In many cases, there can be a set of jobs that can
use only a subset of the cluster resources. These

2. In this work, we use terms “minimize” or “optimize” to represent
the objective function for constructing the job schedule. We show that
the makespan minimization problem for MapReduce jobs is NP-hard.
Therefore, we offer an efficient heuristic that constructs a job schedule
with a significantly improved makespan (but which is not necessarily
minimal or optimal).

situations require a different approach for job order-
ing and present an opportunity for additional per-
formance improvements. We design BalancedPools, a
novel heuristic that efficiently utilizes characteristics
and properties of MapReduce jobs in a given work-
load for constructing the optimized job schedule.

o The detailed evaluation of the proposed heuris-
tic demonstrates makespan improvements of up
to 15%-38% for situations where Johnson’s sched-
ule is suboptimal. The BalancedPools algorithm may
provide up to 50% in the overall makespan im-
provements by partitioning a set of given jobs into
two pools, each one with a similar makespan. The
algorithm achieves this through a balancing act of
a tailored resource allocation to each pool. The re-
sults of our simulation study are validated through
experiments on a 66-node Hadoop cluster.

This paper is organized as follows. Section 2 pro-
vides a background on MapReduce, Hadoop, and the
performance modeling framework. Section 3 introduces
the job scheduling algorithms to minimize the batch
makespan. Section 3.2 explains Johnson’s algorithm and
its application to MapReduce jobs scheduling. Section 3.3
introduces a novel BalancedPools heuristic. These job
schedules are evaluated in Section 4. Section 5 describes
the related work. Sections 6 and 7 discuss future direc-
tions and summarize our work.

2 BACKGROUND

This section provides a basic background on the MapRe-
duce framework [1] and outlines a MapReduce perfor-
mance model introduced in ARIA [11] that is used in
constructing the optimized job schedule. This model pro-
vides the estimates on the completion time of the map
and reduce stages as a function of allocated resources.

2.1 MapReduce Framework

In the MapReduce framework, computation is expressed
as two functions: Map and Reduce. Map takes an input
pair of data with a type in one data domain and pro-
duces a list of pairs in a different domain: map(k1,v1) —
list(ka,v2). The generated values associated with the
same key kg (so-called intermediate data) are grouped
together and then passed to the Reduce function. Reduce
takes intermediate key k, with a list of values and
processes them to form a new list of values in the same
domain: reduce(ks, list(ve)) — list(vs).

MapReduce jobs are distributed and executed across
multiple machines: the map stage is partitioned into map
tasks and the reduce stage is partitioned into reduce tasks.
Each map task processes a logical split of input data that
generally resides on a Hadoop distributed file system
(HDFS). The map task reads the data, applies the user-
defined map function on each record, and buffers the
resulting output. This data is sorted and partitioned for
different reduce tasks, and written to the local disk of
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Fig. 1. WikiTrends application executed in a Hadoop cluster with 16 map and 16 reduce slots.

the machine executing the map task. The reduce stage
consists of three phases: shuffle, sort and reduce. In the
shuffle phase, the reduce tasks fetch the intermediate
data files from the already completed map tasks, thus
following the “pull” model. In the sort phase, the inter-
mediate files from all the map tasks are sorted. After all
the intermediate data is shuffled, a final pass is made to
merge all these sorted files. Thus, the shuffle and sort
phases are interleaved, and in this paper, we combine
these activities under the shuffle phase. Finally, in the
reduce phase, the sorted intermediate data is passed to
the user-defined reduce function. The output from the
reduce function is generally written back to HDFS.

Job scheduling in Hadoop is performed by a master
node, which manages a number of worker nodes in the
cluster. Each worker has a fixed number of map slots
and reduce slots, which can execute tasks. The number
of map and reduce slots is statically configured (typically,
one or two per core or disk). The workers periodically
send heartbeats to the master to report the number of
free slots and the progress of tasks that they are currently
running. Based on the availability of free slots and the
scheduling policy, the master assigns map and reduce
tasks to slots in the cluster.

2.2 Job Profile and MapReduce Performance Model

Each MapReduce job consists of a specified number of
map and reduce tasks. The job execution time depends
on the amount of resources (represented by map and
reduce slots) allocated to the job. The amount of allo-
cated resources may drastically impact the job progress
over time and its duration. While there could be different
possible job executions (due to a non-determinism in
tasks’” execution or due to a different amount of allocated
map and reduce slots for a job execution), these job
executions all consist of executing the same map and
reduce tasks and they process the same amount of data.

Figures 1 and 2 visualize two different executions
of a MapReduce job that is allocated different amount
of resources. In this example, we consider WikiTrends
application. It analyzes Wikipedia article traffic logs that
were collected (and compressed) every hour. WikiTrends
counts the number of times each article has been vis-
ited in the given input dataset, i.e., the article access
frequency (popularity count) over time. The example’s
input dataset has 71 files that correspond to 71 map
tasks, and the application is defined with 64 reduce tasks.

First, we execute WikiTrends with 16 map and 16 re-
duce slots. Figure 1 visualizes the WikiTrends execution

with allocated 16 map and 16 reduce slots. Therefore,
the job execution has 5 map waves ([71/16] and they
comprise the map stage) and 4 reduce waves ([64/16]
that constitute the reduce stage). The first shuffle (i.e.,
the shuffle phase of the first reduce wave) overlaps with
a significant portion of the map stage as we can see from
this figure. At the same time, there is a strict barrier
between map and reduce task processing: a reduce task
(a reduce function) execution may only start when all
map tasks are completed and the intermediate data has
been shuffled to the reducer. In other words, there is a
strict barrier between map and reduce stage processing
of the same job.
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Fig. 2. WikiTrends with 64 map and 64 reduce slots.

Now, we execute WikiTrends with 64 map and 64
reduce slots allocated to the application. This job exe-
cution consists of two map waves ([71/64]) and a single
reduce wave as shown in Figure 2. The second map wave
processes only 7 map tasks. The shuffle phase of the
reduce stage can be completed only when all map tasks
are done (overlapping with both preceding map waves).

For the purpose of this work, we define the job ex-
ecution time as the sum of the complementary, non-
overlapping map and reduce stage execution times, i.e.,
we represent the duration of the first shuffle by using a
fraction of its non-overlapping time with the duration of
the map stage.

In this work, we apply the model that was introduced
in ARIA [11]. ARIA offers a MapReduce performance
model that is based on theoretical performance bounds de-
scribed as follows. Let a job J be represented as a set of n
tasks processed by k servers (or by k slots in MapReduce
environments). Let T1,75,...,T,, be the duration of n
tasks of a given job. The assignment of tasks to slots is
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done using a simple, online, greedy algorithm, i.e., assign
each task to the slot with the earliest ﬁnishing time.

Let avg = (3.;2, Ti)/n and max = max; {T;} be the
average and maximum duration of the n tasks respectively.
Then the completion time of a greedy task assignment
is proven to be at least:

Tlow — n-avg
k
and at most
T = (n—1)-avg lk) 29 4 maz.

The lower bound is trivial, as the best case is when
all n tasks are equally distributed among the & slots (or
the overall amount of work n - avg is processed as fast
as possible by k slots). Thus, the overall makespan is at
least n - avg/k.

For the upper bound, let us consider the worst case
scenario, i.e., the longest task T e {Th,Ts,...,T,} with
duration maz is the last processed task. In this case, the
time elapsed before the fmal task 7' is scheduled is at
most the following: (3>°1" T;)/k < (n—1) - avg/k. Thus,
the makespan of the overall assignment is at most (n —
1) - avg/k + maz.’

The difference between lower and upper bounds rep-
resents the range of possible job completion times due
to non-determinism and scheduling. As motivated by
described theoretical bounds, in order to approximate
the overall completion time of a MapReduce job, we
need to estimate the average and maximum task dura-
tions for different execution phases of the job, i.e., map,
shuffle/sort, and reduce phases. We use the fact that
production jobs are run periodically, and from the past
run we automatically build a compact job profile that
reflects performance characteristics of the underlying
application during all execution phases.

Let us consider job J that is partitioned into N}, map
tasks and N}, reduce tasks. Let J be already executed
in a given Hadoop cluster. Below, we explain both
our profiling approach and the proposed MapReduce
performance model for estimating the job completion
time as a function of allocated resources. Let S3, and
S7, be the number of map and reduce slots allocated to

the future execution of job J.

The map stage consists of a number of map tasks.
If the number of tasks is greater than the number of
slots, the task assignment proceeds in multiple rounds,
which we call waves. From the distribution of the map
task durations of the past run, we compute the average
duration M,,, and the maximum duration M,,,,. Then
the lower and upper bounds on the duration of the entire
map stage in the future execution with S3, map slots
(denoted as T3 and T,7 respectively) are estlmated as
follows:

Ni - M
T]l\;;w — M avg
Sir
u Ni, — 1) Mg,
TIWP = ( M S]) g +Mmaz
M

3. Similar ideas were explored in the classic papers on scheduling,
e.g., to characterize makespan bounds [12].

The reduce stage consists of the shuffle and reduce
phases, and their execution time bounds can be com-

puted similarly.

The shuffle phase begins onl K after the first map task
has completed. The shuffle phase completes when the
entire map stage is complete and all the intermediate
data generated by the map tasks has been shuffled to
the reduce tasks and has been sorted. The shuffle phase
of the first reduce wave may be significantly different
from the shuffle phase that belongs to the next reduce
waves. This happens because the shuffle phase of the
first reduce wave overlaps with the entire map stage,
and hence its depends on the number of map waves
and their durations. Therefore, from the past execution,
we extract two sets of measurements: (Sh,,, S}, ..)
for shuffle phase of the first reduce wave (called, first
shuffle) and (ShiyP, ShiYP ) for shuffle phase of the other
waves (called, typzcal shuffle). Moreover, we characterize
a first shuffle in a special way and include only the non-
overlapping portion (with map stage) in our metrics:

Shy,, and Shy},,.. This way, we carefully estimate the
latency portion that contributes explicitly to the job

completion time. The typical shuffle phase is computed
as follows:

s = (Ni/Sp —1) - Shith,
T&? = ((Njp —1)/Sk — 1) - Shel® + Shiib,

The reduce phase begins only after the shuffle phase
is complete. From the distribution of the reduce task
durations of the past run, we compute the average and
maximum metrics: Rgy,q and Ry,q, that are used to com-
pute the lower and upper bounds of completion times

of the reduce phase.

Finally, we can put together the lower and upper
bounds of the entire reduce stage (T¥", Tx") by sum-
ming up durations of shuffle and reduce phases. We also
define the average of lower and upper bounds as follows:

Ravg/S)

T;p = Sh'}naz + Tgﬁ + ((Né - 1) ° Ra’ug/S}\I/I + R’maa:)

TR = Shayy +T&W + (N -

Tyd = (Taf" + Thf)/2  and TR = (Tg" + THY)/2.

It was shown in [11], [13] that the extracted average of
task” durations is quite stable over time and that the
average of lower and upper bounds is a good approximation
of the stage completion time: it is within 10% of the
measured durations. For the rest of the paper, we use
Ty/? and T" as the estimates of the map and reduce
stage execution time.

3 OPTIMIZED BATCH SCHEDULING

In this section, we discuss the problem of increasing the
cluster utilization via minimizing the overall completion
time for a given set of MapReduce jobs. We present a
simple but effective abstraction of the MapReduce job
execution that enables us to apply the classic Johnson
algorithm for building an optimized job schedule. Then
we discuss possible inefficiencies of this abstraction and
a novel heuristic as an alternative solution.
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3.1

Each MapReduce job consists of a specified number
of map and reduce tasks. The job execution time and
specifics of the execution depend on the amount of
resources (map and reduce slots) allocated to the job.
Section 2.2 presents an example of Wikitrends applica-
tion processing. Figure 1 shows a detailed visualization
of how 71 map and 64 reduce tasks of this application
are processed in the Hadoop cluster with 16 map and 16
reduce slots. Instead of the detailed job execution at the
task level, we introduce a simple abstraction, where each
MapReduce job J; is defined by durations of its map and
reduce stages m; and r;, i.e., J; = (m;,r;). Section 2.2
presents our profiling approach and performance model
for computing the estimates of average map and reduce
stage durations when the job is executed on a new
dataset. This model is applied to derive the proposed
new abstraction J; = (m;, 7).

Let us consider the execution of two (independent)
MapReduce jobs J; and J; in a Hadoop cluster with
a FIFO scheduler. There are no data dependencies be-
tween these jobs. Therefore, once the first job completes
its map stage and begins reduce stage processing, the
next job can start its map stage execution with the
released map resources in a pipelined fashion (see Fig-
ure 3). There is an “overlap” in executions of map stage
of the next job and the reduce stage of the previous one.

Problem Definition

Fig. 3. Pipelined execution of two jobs J; and J,.

We note that some execution orders of such jobs may
lead to a significantly less efficient resource usage and
an increased processing time. As a motivating example,
let us consider two independent MapReduce jobs that
utilize all the given Hadoop cluster’s resources and that
result in the following map and reduce stage durations:
J1 = (20s,2s) and J; = (2s,20s). In the Hadoop cluster
with the FIFO scheduler, they can be processed in two
possible ways:

e Job J; is followed by job J; (as shown in Fig-
ure 4 (a)). The reduce stage of J; overlaps with the
map stage of J, leading to overlap of only 2s. Thus,
the total completion time of processing two jobs is
20s + 25 + 20s = 42s.

e Job J; is followed by job J; (as shown in Fig-
ure 4 (b)). The reduce stage of J, overlaps with the
map stage of J; leading to a much better pipelined
execution and a much larger overlap of 20s. Thus,
the total makespan is 2s + 20s + 25 = 24s.

Thus, there can be a significant difference in the overall
job completion time (75% in the example above) depend-
ing on the execution order of the jobs.

Let J = {Ji1, Jo2,...,Jn} be a set of n MapReduce jobs
with no data dependencies between them. We consider
the following problem: determine an order of execution

1: 2

3 1 20
(a) J1 is followed by Ja.
5 20

Jyt | JZ
(b) J2 is followed by Jj.
Fig. 4. Impact of different job schedules on the completion time.

(a schedule) of jobs J; € J such that the makespan
(completion time) of the entire set is minimized.

Note, that once the job schedule is produced, we
execute it with the Hadoop FIFO scheduler.

Remark: A reasonable question to ask is why do we
choose to determine the jobs’ order for execution with
the Hadoop FIFO scheduler? What would happen if one
would try to execute a given set of jobs (concurrently)
using the Hadoop Fair Scheduler (HFS) [14]? In case of
multiple ready jobs, HFS starts executing map stages
of these jobs concurrently by allocating a fair fraction
of cluster resources to each job. Therefore, HFS does
not optimize jobs pipelining to improve the overlap of
map and reduce stage executions among different jobs
as described above. Below, we provide a simple example
with two jobs to demonstrate that executing these jobs
with HFS results in a suboptimal job execution.

Let us consider two jobs J; and J; with similar stage
execution profiles, i.e., J;1 = J; = (10, 10) on the Hadoop
cluster with 30x30 map and reduce slots respectively.
We assume that both jobs can utilize all 30x30 map and
reduce slots available in the cluster.

Under FIFO scheduler two possible job sequences are:
i) Jy is followed by J2 and ii) J; is followed by J;. Both
of these executions result in the same overall makespan
of 30 time units as shown in Figure 5 (a).

Ji 10
1 ( 10

(a) FIFO Scheduler: J; is followed by Ja.
Iy | 20 |
Iy | 20 |
(b) HFS scheduler: J; and J> are executed concurrently.

Fig. 5. Jobs’ completion time: FIFO vs HFS schedulers.

Figure 5 (b) shows executing a given set of jobs with
Hadoop Fair scheduler. We use the same color scheme
for map and reduce stages, the height of the stages
reflects the amount of resources used by the jobs, and the
width (length) represents the stage duration. Under HFS
each job gets a half of the cluster slots: 15x15 map and re-
duce slots respectively. Therefore, both map and reduce
stages of each job take two times longer to complete:
J1 = Jo = (20,20). It means that each job’s completion
time is 40 time units, and the overall makespan is 40 time
units compared to 30 time units under FIFO scheduler.
Therefore, the Fair scheduler results in the job execution
with a suboptimal makespan compared to a specially
constructed job schedule under the FIFO scheduler.
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3.2 Johnson’s Algorithm

In 1953, Johnson [9] proposed an optimal algorithm for
two stage production schedule. In the original problem
formulation, a set of production items and two machines
(S1 and S2) are given. Each item must pass through stage
one that is served by machine S;, and then stage two that
is served by machine S>. Each machine can handle only
one item at a time. The production item 4 in the set is
represented by two positive numbers (s}, s?) that define
service times for the item to pass through stages one and
two respectively*.

There is a striking similarity between the problem
formulation described above and the problem that we
would like to solve: building a schedule that minimizes
the makespan of a given set of MapReduce jobs. We can
represent each MapReduce job J; in our batch set J by
a pair of computed durations (m;,r;) of its map and
reduce stages, and these stage durations fairly define
the “busy” processing times by the map and reduce
slots respectively. This abstraction enable us to apply
Johnson’s algorithm (offered for building the optimal
two-stage jobs’ schedule) to our scheduling problem for
a set of MapReduce jobs.

Now, we explain the essence of Johnson’s algorithm

in terms of MapReduce jobs.

Let us consider a collection J of n jobs, where each job
J; is represented by the pair (m;, ;) of map and reduce
stage durations respectively. Let us augment each job
Ji = (m;,r;) with an attribute D, defined as follows:

-

The first argument in D; is called the stage duration and
denoted as D}. The second argument is called the stage
type (map or reduce) and denoted as D?.

Algorithm 1 shows how an optimal schedule can be
constructed using Johnson’s algorithm. First, we sort all

if min(m;, ;) = m,,
otherwise.

(mi/ m)
(Ti/ r)

Algorithm 1 Johnson’s Algorithm

Input: A set J of n MapReduce jobs. D; is the attribute of job
J; as defined above.
Output: Schedule o (order of jobs execution.)

1: Sort in descending order the original set J of jobs into the
ordered list I using their stage duration attribute D}
. head < 1,tail <+ n
: for each job J; in L do
if D =m then
// Put job J; from the front
Ohead < Ji, head < head + 1
else
// Put job J; from the end
Otail < Ji, tail < tail - 1
end if
: end for

T2ORNaA AN

_

4. In fact, Johnson’s schedule is also optimal for the case when
s2 = 0. This extension of the classic result is important because
some of MapReduce jobs only have map stage (that corresponds to
the execution on machine one) and do not have a reduce stage (that
corresponds to the execution on machine two).

the n jobs from the original set J in the ordered list L
in such a way that job J; precedes job J;; if and only if
min(m;,r;) < min(m;y1,7+1). In other words, we sort
in descending order the jobs using the stage duration
attribute D} in D; (it represents the smallest duration
of the two stages). Then the algorithm works by taking
jobs from list L and placing them into the schedule
o from the both ends (head and tail) and proceeding
towards the middle. If the stage type in D; is m, ie.,
represents the map stage, then the job J; is placed from
the head of the schedule, otherwise from the tail. The
complexity of Johnson’s Algorithm is dominated by the
sorting operation and thus is O(nlogn).

Let us illustrate the job schedule construction with
Johnson’s algorithm for a simple example with five
MapReduce jobs defined in Figure 6. These jobs are aug-
mented with additional computed attribute D; shown
in the last column. At first, this collection of jobs is

Ji m; Ti Di Ji m; Ti Di

i 4 [5G | 1 [ 4L

| 1[4 (0w | 2 [ 3 | @2m

Js | 30 | 4 | 40 7| 4 |5 | Gn

Ji| 6 [ 30| 6w Js [ 30 | 4 | &0

1 2 13 ]@2n Ji| 6 [30 ] (6,m
Fig. 6. Example of five Fig. 7. The ordered list L of

MapReduce jobs. five MapReduce jobs.

sorted into a list L according to the attribute D} (i.e.,
first argument of D;). The sorted list of jobs is shown in
Figure 7. Then we follow Johnson’s algorithm and start
placing the jobs in the schedule ¢ from both ends toward
the middle, and construct the following schedule:

o Jo is represented by Dy=(1, m). Since D3 = m then

J2 goes to the head of ¢, and ¢ = (Js,...).

o J5 is represented by Ds=(2, m). Again, J5 goes to the

head of o, and ¢ = (Ja, Js, ...).

o Jp is represented by D;=(4, m), and it goes to the

head of o, and o = (J3, J5, J1, ...).

o Js is represented by D3;=(4, r). Since D3 = r then

J3 goes to the tail of o, and o = (J2, J5, J1, ..., J3).

e J, is represented by D,=(6, m) and it goes to the

head of g, and o = (J27 J57 Jl, J4, J3)

Job ordering o = (J2, Js, J1, J4, J3) defines Johnson's
schedule for the execution with the minimum overall
makespan. For our example, the makespan of the opti-
mal schedule is 47. We can re-write o by showing job
processing time details: o=( (1, 4), (2, 3), (4, 5), (6, 30),
(30, 4) ). This job schedule is shown in Figure 8.

JZ:J 4

sl |3
Jg: | 4
R e 30
Iy I 4
Fig. 8. Five jobs processing with Johnson’s schedule.
Intuitively, for achieving a larger overlap between
the jobs, the optimal schedule executes jobs in the in-
creased map stage durations order (the subsequence
J2, Js, J1, J4) and then from some point, in the decreased
reduce stage durations order (the subsequence Jy, Js).
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The worst schedule is defined by the reverse order
of the optimal one, i.e., (J3,J4, J1, J5, J2). The worst job
schedule has a makespan of 78 (this is 66% increase in
the makespan compared to the optimal time). Indeed,
the optimal schedule may provide significant savings.

3.3 BalancedPools Heuristic Algorithm

While the simple abstraction for MapReduce jobs pro-
posed in Section 3.2 enables us to apply the elegant
Johnson algorithm for constructing the optimized job
schedule, it raises the following questions about the
abstraction:

o How well does this abstraction correspond to the
reality of complex execution of MapReduce jobs?

o« How accurate is the computed makespan of
Johnson’s schedule for estimating the measured
makespan of a given set of MapReduce jobs?

o What are the situations where the generated John-
son schedule might lead to suboptimal results?

When a MapReduce job is represented as a pair of map
and reduce stage durations, it obscures the number of
tasks that comprise the job’s map and reduce stages and
the number of slots that process these tasks. For example,
Figure 1 shows how 71 map and 64 reduce tasks of
Wikitrends application are processed in the Hadoop
cluster with 16 map and 16 reduce slots. Note, that
the last, fifth wave of the map stage has for processing
only 7 tasks (71-16x4). Thus, out of 16 available map
slots only 7 slots are used by the current application
and the remaining 9 map slots can be immediately used
for processing of the next job. Therefore, processing of
the next job’s map stage may start before the previous
job completes its map stage. As a result, while the job
schedule defined by the Johnson algorithm might be still
the optimal one, the makespan computed by the Johnson
algorithm might be pessimistic compared to the real
execution of the job schedule on the Hadoop cluster. To
provide better estimates for the makespan of a given set
of MapReduce jobs under different job schedules, we use
the MapReduce simulator SImMR [10] that can faithfully
replay MapReduce job traces at the tasks and slots level:
the completion times of simulated jobs are within 5% of
the original ones as was shown in [10].

Let us revisit MapReduce job processing and discuss
situations where Johnson’s schedule might provide a
suboptimal solution. Consider the set of five jobs shown
in Figure 6-8 (see Section 3.2). Below we describe two
different scenarios that, in spite of their differences, lead
to the same job profiles and stage durations as shown in
Figure 6. Therefore, if we apply Johnson’s algorithm, it
will produce the same job schedule o = (J3, Js, J1, Ja, J3)
for minimizing the makespan of this set. In both scenar-
ios, we consider a Hadoop cluster with 30 worker nodes,
each configured with a single map and single reduce slot,
i.e., with 30 map and 30 reduce slots overall.

Scenariol: Let each job in the set be comprised of
30 map and 30 reduce tasks. Thus, each job utilizes

either all map or all reduce slots during its processing.
In this scenario, there is a perfect match between the
assumptions of the classic Johnson algorithm for two-
stage production system and MapReduce job processing.

Scenario2: Let jobs Ji, Js, and Js be comprised of 30
map and 30 reduce tasks, and jobs J; and .J; consist of
20 map and 20 reduce tasks. Figure 9(a) visualizes the
execution of these five MapReduce jobs according to the
generated Johnson schedule o = (Js, Js, J1, J4, J3).

We use a different color scheme for map (blue/dark)
and reduce (red/light) stages, the height of the stages
reflects the amount of resources used by the jobs, the
width (length) represents the stage duration, the jobs
appear at the time line as they are processed by the
schedule.

JZ:J 4
s Y |3
- L
1;: |
2 | 1 5
Jq: ? =
4 | | 30 ! .
Iy |4
0 10 20 30 40
(a) Time
UHE ,_J—Qxﬂ_—
I 3 3x3 ] Pool 1
N [ ax J " T
la 30 :
Pool 2 |
I3 ‘! 3 | 4 | |
0 10 20 30 40
(b) Time

Fig. 9. Example with five MapReduce jobs: (a) job processing
with Johnson’s schedule; (b) an alternative with BalancedPools.

While the first three jobs Js, J5, and J; utilize all map
and all reduce slots during their processing, the last two
jobs Jy and J3 only use 20 map and 20 reduce slots, and
hence map stage processing of J; starts earlier than the
map stage of Jy is completed because there are 10 map
slots available in the system. The first 10 tasks of J5 are
processed concurrently with 20 map tasks of J;. When Jy
completes its map stage and releases 20 map slots, then
the next 10 map tasks of J; get processed. However, this
slightly modified execution leads to the same makespan
of 47 time units as under Scenariol because processing
of J3's reduce stage can only start when the entire map
stage of J3 is finished.

We claim that Johnson’s schedule for Scenario2 de-
scribed above is suboptimal, by outlining a better solu-
tion. Let us partition these five jobs into two pools with
the following amount of resources allocated to each pool:

1) Pooll with 10 map and 10 reduce slots and jobs
Ji,Jz, and Js5;
2) Pool2 with 20 map and 20 reduce slots and Js, J4.

First of all, a different amount of resources allocated
to jobs in Pooll changes these jobs” map and reduce
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stage durations. Each of these jobs has 30 map and 30
reduce tasks. When processing 30 tasks with 10 slots,
their execution takes three times longer’: both map and
reduce stages are processed in three waves, compared
with a single wave for the stage execution with 30 slots.
Then for jobs in each pool, we apply Johnson’s algorithm
to generate the optimized schedules:

1) Pooll is processed according to o1 = (Ja,J5, J1).
This schedule has a makespan of 39 time units;

2) Pool2 is executed according to oy = (J4,J3). This
schedule results in the makespan of 40 time units.

Figure 9(b) visualizes these job executions. Jobs in Pooll
and Pool2 are processed concurrently (each set follows
its own schedule). The cluster resources are partitioned
between the two pools in a tailored manner. Using this
approach, the overall makespan for processing these five
jobs is 40 time units, that is almost 20% improvements
compared to 47 time units using Johnson’s schedule.
This example and the proposed solution exploits ad-
ditional properties specific to MapReduce environments
and the execution of MapReduce jobs. In particular, the
job stage durations closely depend on the amount of
allocated resources (map and reduce slots). In this way,
we can change the jobs’ appearance (see Figures 1, 2 that
visualize two different executions of Wikitrends with dif-
ferent amount of resources). The main objective function
of such an algorithm is to partition the jobs into two
pools with specially tailored resource allocations such
that the makespan of jobs in these pools are balanced,
and the overall completion time of jobs in both pools
is minimized. In general, the problem of balancing the
map and reduce tasks in slots to achieve the minimum
makespan for a set of MapReduce jobs is NP-hard. This
can be easily proved by a simple polynomial reduction
from the 3PARTITION problem [15]. We design a heuristic
called the BalancedPools algorithm. The pseudo-code of
the algorithm is shown below. As shown in Algorithm 2,
we iteratively partition the jobs into two pools and
then try to identify the adequate resource allocations
for each pool such that the makespans of these pools
are balanced. Within each pool we apply Johnson's
algorithm for job scheduling, where map and reduce
stage durations are computed with the performance
model described in Section 2.2. The pool makespan
is estimated (accurately within 5%) with MapReduce
simulator SimMR [10] as a part of the algorithm. The
use of the simulator in the solution is absolutely neces-
sary and justified. As we demonstrated, the makespan
computation that follows Johnson’s schedule and its
simple abstraction may result in a significant inaccuracy,
and more accurate estimates might be obtained only
via MapReduce simulations at the task/slot level. The
complexity of the algorithm is O(n?lognlog M). How-

5. For simplicity of presentation in the corresponding figures, we
scale the duration of the job by 3 times when the amounts of allocated
resources are 3 times smaller. In fact, we can accurately compute the
increase in the job completion time using the extracted job profiles and
the performance model outlined in Section 2.)

Algorithm 2 BalancedPools Algorithm

Input: 1) List J of n MapReduce jobs.
2) M: Number of machines in the cluster.
Output: Optimized Makespan

1: Sort J based on increasing number of map tasks
2: BestMakespan «-SIMULATE(.J, JOHNSONORDER(J), M)
3: for split <~ 1 ton — 1 do

4: // Partition J into list of small Jobse, and big Jobsg

5: ]Obsa — (Jl:"'y']split)

6:  Jobsg <+ (Jsplit41, ", JIn)

7. SizeBegin < 1, SizeEnd <+ M

8:  // Binary search for the pool size that balances completion times of
both pools

9:  repeat

10: SizeMid <« (SizeBegin + SizeEnd)/2

11: Makespan,, < SIMULATE(Jobs,,JOHNSONORDER(Jobs,, ),SizeMid)

12: Makespang < SIMULATE(Jobsz,]JOHNSONORDER(Jobs 3),M-SizeMid)

13: if Makespan,, < Makespang then

14: SizeEnd < SizeMid

15: else

16: SizeBegin < SizeMid

17: end if

18:  until SizeBegin = SizeEnd
19: Makespan < MAX(Makespan,,, Makespang)
20:  if Makespan < BestMakespan then

21: BestMakespan <— Makespan
22:  end if
23: end for

ever, SimMR can simulate a 1000 job workload on a
100 node Hadoop cluster in less than 2 seconds. The
designed algorithm can be extended to a larger number
of pools (at a cost of a significantly higher complexity).
We plan to investigate performance benefits versus al-
gorithm computation costs in our future work. Since a
job distribution is typically bimodal (i.e., a collection of
“small” and “large” jobs as shown in studies [16], [17])
we use two pools. Note, that we assume a homogeneous
Hadoop cluster. The job execution with two pools is
implemented using Capacity scheduler [18] that allows
resource partitioning into different pools with a separate
job queue for each pool.

4 EVALUATION

This section evaluates the benefits of Johnson’s schedule
and the novel Balanced Pools algorithm for minimizing
the makespan of a set of MapReduce jobs using a variety
of synthetic and realistic workloads derived from the
Yahoo! M45 cluster and Facebook workloads. First, we
compare different schedules using simulations. Then, we
validate the simulation results by performing similar
experiments in a 66-node Hadoop cluster.

4.1 Workloads

We use the following workloads in our experiments:

1) Yahoo! M45: This workload represents a mix of 100
MapReduce jobs that is based on the analysis performed
on the Yahoo! M45 cluster [19], and is generated as
follows:

« Each job consists of the number of map and reduce
tasks drawn from the distribution N(154,558) and
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N (19, 145) respectively, where N (p, o) is the normal
distribution with mean p and standard deviation o.

e« Map and reduce task durations are defined by
N (50,200) and N (100, 300) respectively®.

o To avoid that map (reduce) stage durations look
similar for different jobs (since they are drawn from
the same distribution), an additional scale factor is
applied to map (reduce) task durations of each job.

To perform a sensitivity analysis, we have created two

job sets (100 jobs each) based on Yahoo! M45 workload:
1) Unimodal set that uses a single scale factor for the

overall workload, i.e., the scale factor for each job
is drawn uniformly from [1, 10].

2) Bimodal set where a subset of jobs (80%) are scaled
using a factor uniformly distributed between [1, 2]
and the remaining jobs (20%) are scaled using
[8,10]. This mimics workloads that have a large
fraction of short jobs and a small subset of long jobs.

2) Facebook: This workload is based on the detailed
description [16] of MapReduce job sizes and their dis-
tribution in production at Facebook in October 2009.
In order to simulate and execute this workload on the
Hadoop cluster, we follow the approach suggested by
Zaharia et. al. [16] for creating a representative and
executable workload. We use four job types defined by
the Hive benchmark [3] that represent typical operations
performed by Hadoop clusters:

1) Text search: It finds a certain pattern in an input
dataset.

SELECT » FROM grep WHERE field LIKE
' $XYZ%’

2) Select: It selects pages with a certain pageRank.
SELECT pageRank, pageURL FROM rankings
WHERE pageRank > 5

3) Aggregation: It computes Ad revenue for each IP
address in a dataset.

SELECT sourcelIP, SUM(adRevenue)
uservisits GROUP BY sourcelP

4) Join: It joins the page rank and user visits table
based on the page URL.

SELECT INTO Temp sourcelP,
AVG (pageRank)
SUM (adRevenue) AS totalRevenue
FROM rankings AS R, userVisits AS UV
WHERE R.pageURL = UV.destURL
These jobs process three datasets grep, rankings and
uservisits. We generate 100 jobs according to the
Facebook job distribution shown in Table 1 and by
creating datasets with correct sizes.

The input sizes are defined by the number of map
tasks per job (i.e., the number of map tasks multiplied
by 64 MB block). We observe that there is a large number
(68%) of small (<10 map tasks) jobs and a few jobs (4%)
that are very large (>2400 map tasks).

FROM

AS avgPageRank,

6. The study [19] did not report statistics of individual task dura-
tions. We use a greater range for reduce tasks since they combine
shuffle, sort, reduce phase processing, and time for writing three data
copies back to HDFS.

Bin Job Type Map Tasks | Reduce Tasks | # Jobs Run
1 Select 1 NA 38
2 Text search 2 NA 16
3 Aggregation 10 3 14
4 Select 50 NA 8
5 Text search 100 NA 6
6 Aggregation 200 50 6
7 Select 400 NA 4
8 Aggregation 800 180 4
9 Join 2400 360 2
10 Text search 4800 NA 2

TABLE 1

Job sizes in the Facebook workload (100 jobs, Table 3 in [16]).

3) Synthetic: Additionally, we create two synthetic
workloads to perform a sensitivity analysis.

Syntheticl consists of jobs having a number of map
and reduce tasks drawn uniformly from [1,100] and
[1,50] respectively. The map and reduce task dura-
tions are normally distributed using A/ (100, 1000) and
N(200,2000) respectively. We create two versions of
Syntheticl workload: i) Unimodal, where each job is scaled
using a factor uniformly distributed between [1, 10] and
ii) Bimodal, where 80% of the jobs are scaled using
a factor uniformly distributed between [1,2] and the
remaining 20% of jobs are scaled using [8, 10].

Synthetic2 consists of jobs having a number of map
and reduce tasks drawn uniformly from [1,100] and
[1,50] respectively. The map and reduce task dura-
tions are normally distributed using AN(20,100) and
N (50, 200) respectively. For Synthetic2 workload we con-
sider a Bimodal mode only: where 90% of the jobs are
scaled using a factor uniformly distributed between [1, 3]
and the remaining 10% of jobs are scaled using [8, 10].

We generate Syntheticl and Synthetic2 workloads with
10, 20, and 100 jobs. We aim to verify whether the
number of jobs might impact the schedule performance.

4.2 Simulation Results

In this section, we analyze the proposed job schedule al-
gorithms and their performance using the simulation en-
vironment SImMR [10] that was designed for evaluation
and analysis of different workload management strate-
gies in MapReduce environments. SimMR can replay
execution traces of real workloads collected in Hadoop
clusters as well as generate and execute synthetic traces
based on statistical properties of workloads. SiImMR is
comprised of three components: i) Trace Generator that
creates a replayable MapReduce workload; ii) Simulator
Engine that accurately emulates the job master function-
ality in Hadoop and job execution at task/slot level;
and iii) a pluggable scheduling policy that dictates the
scheduler decisions on job ordering and the amount of
resources allocated to different jobs over time.

For all our experiments, we first generate a set of
jobs (batch) according to given distributions of map and
reduce tasks. This set of jobs defines the production
workload of interest. The main goal is to process this
given workload in a shortest time and to determine
the jobs” execution order that minimizes the overall
processing time. We simulate the given workload using
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clusters of different size.” Often system administrators
need to adjust cluster resources for the batch execution to
get the desirable makespan results. We plan to compare
performance and the accuracy of the following strategies:

o Min strategy — it provides a theoretical makespan
under Johnson’s (optimal) schedule. In other words,
if given MapReduce jobs hypothetically satisfy two-
stage system assumptions (i.e., completely utilize
cluster resources during both stages) then the over-
all makespan can be directly derived from the
abstraction J;=(m;,r;). Stage durations (m,,r;) are
computed with bounds-based ARIA’s model as a
function of job profile and cluster resources (see
Section 2.2).

o Max strategy — it shows a theoretical makespan under
reverse Johnson’s (worst) schedule. Assumptions
and computations are similar to Min strategy;

o MinSim — it reflects a simulated makespan under
Johnson’s (optimal) schedule. The generated job
schedule is exactly the same as under Min strategy.
The main difference is that the job execution under
this schedule is carefully simulated using SimMR.
The simulator devotedly imitates the Hadoop al-
location decisions of tasks to slots in a given size
cluster. It accurately replays each task execution
using its actual time duration. It aims to reflect
what would be real jobs’ executions according to
Johnson’s schedule in a given cluster.

o MaxSim — it shows a simulated makespan under
reverse Johnson’s (worst) schedule. The execution
conditions of this strategy are similar to MinSim.

e BalancedPools— it provides a simulated makespan of
the new job schedule constructed with the Balanced-
Pools heuristic. The new algorithm suggests parti-
tioning cluster resources and jobs into two pools.
Then Johnson’s schedule is constructed for each
subset of jobs and its resource pool. Finally, SimMR
accurately simulates the job execution on the corre-
sponding sub-cluster according to the generated job
schedule, and reports the overall makespan for two
pools.

Figure 10 shows the results for the Syntheticl workload
with 100 jobs and Unimodal and Bimodal distributions.
The Y-axis reflects the estimated makespan for different
size Hadoop clusters on X-axis (without loss of general-
ity, we assume 1 map and 1 reduce slot per node). The
achievable jobs” makespan is a function of the cluster
size. When available resources in the cluster are plenti-
ful and different jobs might be executed concurrently

7. We consistently use the same generated workload for comparing
the relative performance of different job schedules. Later, we show that
schedule performance depends on both workload and cluster size.
Even when we generate workloads using the same distributions, their
makespans may be quite different for the same schedule strategies. Our
goal is to compare the relative performance of different algorithms for
optimizing the same workload. Experiments with 10, 20, and 100 jobs
(drown from the same distribution) enhance the study with relative
performance comparison of different schedule algorithms when pro-
cessing the same workload type.
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Fig. 10. Simulating Synthetic1 workload with 100 jobs: (a) Uni-
modal and (b) Bimodal.

1000 1200

instead of being sequential the benefits of the smart
schedule are decreasing. However, for different work-
loads the points of diminishing return are different. This
sensitivity analysis is especially useful for evaluating the
required cluster size to support the specified (targeted)
makespan for a set of given jobs.

The graphs reflect five lines. Two top lines: Min and
Max show theoretical makespans under Johnson’s (op-
timal) schedule and reverse Johnson’s (worst) schedule
respectively. In these strategies, we represent a job as
Ji=(m;,r;) and have no information how many map
(reduce) slots the job may utilize over time. Under
this abstraction, even if the map (reduce) stage of the
previous job does not utilize all the map (reduce) slots
in the cluster — the next job’s stage only “starts” when
the previous job’s stage completes. This may lead to
significantly over-estimating the overall makespan.

MinSim and MaxSim show accurately simulated
makespans with SImMR for a set of given MapReduce
jobs under Johnson’s schedule and reverse Johnson’s
schedule respectively. We should stress that once we
consider MapReduce jobs at the tasks/slots level John-
son’s schedule and reverse Johnson’s schedule do not
guarantee the optimal and worst makespan for this set of
jobs. The difference between MinSim and MaxSim reflects
a lower bound of potential benefits (since the “worst”
makespan might be much worse than under MaxSim).

Finally, BalancedPools curve reflects the accurately sim-
ulated makespan of the job schedule constructed with
the new BalancedPools heuristic.

Figure 10 confirms that the simplified abstraction
Ji=(m;,r;) and makespan computations that use it (i.e.,
Min and Max) are inaccurate for estimating the real
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makespan of MapReduce jobs (due to lack of tasks/slots
information), and in the rest of the graphs we omit these
lines. This comparison strongly justifies the introduction
of the simulator SiImMR in the new heuristic for accurate
makespan estimates.

Figure 10(a) shows up to 25% of makespan decrease
with Jonhson’s schedule (MinSim) compared to MaxSim
for Unimodal case. The BalancedPools schedule behaves
similar to Johnson’s in this case. However, results are
very different for the Bimodal workload shown in Fig-
ure 10(b). The BalancedPools heuristic provides up to
38% of makespan improvements compared to Johnson'’s
schedule (it is suboptimal for this workload). Balanced-
Pools achieves significant additional makespan improve-
ments compared to Johnson's algorithm for a variety of
different cluster sizes.
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Fig. 11.  Simulating Syntheticl workload (Bimodal) with
(a) 20 jobs and (b) 10 jobs.

Figures 11 (a-b) show the results for the Syntheticl
workload with Bimodal distribution when two smaller
workloads with 20 and 10 jobs were generated to verify
the impact of the workload size. While these workload
sets are much smaller we can see a significant makespan
reduction achieved under the new BalancedPools algo-
rithm (25%-30% for many cluster size values).

Figures 12 (a-c) show the results for the Synthetic2
workload with Bimodal distribution for three different
size workloads with 100, 20 and 10 jobs respectively. Syn-
thetic2 workload has a smaller fraction of larger jobs (10%
compared to 90% of shorter jobs) and smaller variation in
map and reduce tasks durations compared to Syntheticl
workload. While Syntheticl and Synthetic2 workloads
are quite different the new BalancedPools heuristic is
able to take advantage of workload properties in each
case and automatically generate the job schedule and
corresponding resource allocations that offer optimized
job executions. There is a significant difference in the

overall job completion times under the non-optimized
job schedule and a new BalancedPools algorithm. There
could be up to 60% completion time increase compared
to the optimized makespan. Figures 12 (b-c) show the
results for two smaller workloads with 20 and 10 jobs
respectively. Even for much smaller workload sets we
can still see up to 25%-40% makespan improvements
under the new job schedule.

While apparently the results are workload and cluster
size dependent, we observe consistent significant im-
provements under the new BalancedPools algorithm.

Figure 13 shows results of simulating the Yahoo! M45
workload (Unimodal and Bimodal types). Interestingly, the
classic Johnson schedule provides diminishing returns in
both cases for Yahoo!’s workload. We can see only up to
12% of makespan improvements for most experiments.
Again, the proposed BalancedPools heuristic significantly
outperforms Johnson’s algorithm: by 10%-30% in most
cases. It offers the overall makespan improvements up
to 38% for the Bimodal Yahoo! M45 workload as shown
in Figure 13(b).

Figure 13(c) shows results for the Facebook workload.
The Facebook workload has a large number (68%) of
short jobs and a few jobs (4%) that are very large.
This makes the Facebook workload resemble the Bimodal
workloads that we analyzed earlier. The simulation re-
sults stress this similarity.

Also, the Facebook workload has 74% jobs with no
reduce tasks, which are clubbed together at the end
of the schedule by the Johnson’s algorithm. Hence,
there is relatively lesser (2%) difference between Min-
Sim and MaxSim as the makespan is dominated by
these jobs. However, since Facebook workload resembles
the Bimodal workload the BalancedPool algorithm again
provides significant performance improvements: it de-
creases the makespan by 14% for smaller cluster sizes
and shows up to 33% of makespan improvements for
larger cluster sizes shown in Figure 13(c).

Performance benefits under Johnson’s algorithm and
the BalancedPools heuristic are clearly workload and clus-
ter size dependent. The proposed framework automati-
cally constructs the optimized job schedule and provides
the estimates of its makespan as a function of allocated
resources.

4.3 Testbed Results

We have implemented the BalancedPools heuristic using
Capacity scheduler [18] that enables cluster resource
partitioning into different pools with a separate job
queue for each pool. We validate the simulation re-
sults through experiments on a 66-node Hadoop cluster
with the following configuration. Each node is an HP
DL145 G3 machine with four AMD 2.39GHz cores, 8
GB RAM and two 160GB 7.2K rpm SATA hard disks.
The machines are set up in two racks and interconnected
with gigabit Ethernet. We use Hadoop 0.20.2 with two
machines for JobTracker and NameNode, and remaining
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Fig. 13. (a) Simulating Yahoo!’s Unimodal workload, (b) Simulating Yahoo!’s Bimodal workload, (c) Simulating Facebook’s workload,

64 machines as worker nodes. Each slave is configured
with four map and four reduce slots, i.e. our cluster has
256 map and 256 reduce slots overall. The default HDFS
blocksize is 64MB and the replication level is set to 3. We
disable speculation as it did not lead to any significant
improvements.

Figure 14 shows three groups of results. We executed
the Facebook workload in our testbed with three dif-
ferent job schedules: 1) Johnson’ schedule denoted as
Johnson, 2) reverse Johnson’ schedule denoted as R-
Johnson, and 3) BalancedPools schedule. The dark error
bars show the variation in measured times across 5 trials.
Then we simulated these job schedules using the same
cluster configuration in SimMR (i.e., with 256 map and
256 reduce slots in the Hadoop cluster).
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Facebook workload: simulated vs. executed in the

The BalancedPools algorithm suggests splitting the jobs
from the Facebook workload described in Table 1 in the
following two pools:

o Pool_1: the smallest 68 jobs (bins 1, 2 and 3) into a

small pool of 3 map and 3 reduce slots, and

e Pool_2: the largest 32 jobs (bins 4 through 10) into a

large pool of 253 map and 253 reduce slots.

We enforce these pools by creating two queues using
Capacity scheduler and submitted these jobs indepen-
dently and concurrently to these two resource pools. The
results are shown in Figure 14. The errors between the
simulated and the measured makespans are less than
4%. The BalancedPools schedule reduces the makespan
by 13% compared to Johnson’s schedule, and by 18%
compared to the reverse Johnson’s schedule.

These results closely follow the simulation results
shown in Figure 13(c). This validates of our general
projections for performance benefits of Johnson’s and
BalancedPools schedules.

5 RELATED WORK

Scheduling of incoming jobs and the assignment of
processors to the scheduled jobs has been an important
factor for optimizing the performance of parallel and
distributed systems. It has been studied extensively in
scheduling theory (see a variety of papers and textbooks
on the topic [20], [21], [22], [23], [24], [25], [26], [27]).
Designing an efficient distributed server system often
assumes choosing the “best” task assignment policy for
a given model and user requirements. However, the
question of “best” job scheduling or task assignment
policy is still open for many models. Typically, the choice
of the algorithm is driven by performance objectives. If
the performance goal is to minimize mean response time,
then the optimal algorithm is to schedule the shortest
job first. However, if there is a requirement of fairness
in jobs” processing, then processor-sharing or round-robin
scheduling might be preferable. For minimizing the
makespan a promising approach is to schedule the longest
job first ([12]). There is a whole body of scheduling
research which focuses on minimizing makespan for jobs
with precedence constraints ([28], [21]).



IEEE TRANSACTIONS ON DEPENDABLE AND SECURE COMPUTING, APRIL 2013 13

For large-scale heterogeneous distributed systems
such as the Grid, job scheduling is one of the main
component of resource management. Most work in the
Grid-related job scheduling space aims to empirically
evaluate scheduling heuristics: backfilling [29], adaptive
scheduling [24], and task grouping [27].

Job scheduling and workload management in MapRe-
duce environments is a new topic, but it has already re-
ceived much attention. Originally, Hadoop was designed
for periodically running large batch workloads with a
FIFO scheduler. As the number of users sharing the same
MapReduce cluster increased, a new Capacity sched-
uler [18] was introduced to support more efficient cluster
sharing. Capacity scheduler partitions the resources into
pools and provides separate queues and priorities for
each pool. In order to maintain fairness between different
users, the Hadoop Fair Scheduler (HFS) [16] was proposed.

However, while both HFS and Capacity scheduler
allow sharing of the cluster among multiple users and
their applications, these schedulers do not provide any
special support for achieving the application perfor-
mance goals and the service level objectives for a set
of jobs like minimizing their makespan.

There are a few research prototypes of Hadoop sched-
ulers that aim to optimize explicitly some given schedul-
ing metric, e.g. FLEX [30] and ARIA [11]. FLEX extends
HFS by proposing a special slot allocation schema that
aims to optimize explicitly some given scheduling met-
ric. FLEX relies on the speedup function of the job (for
map and reduce stages) that produces the job execution
time as a function of allocated slots. This function aims
to represent the application model, but it is not clear
how to derive this function for different applications
and for different sizes of input datasets. FLEX does
provide a support for optimizing the completion time
of multiple jobs. In our earlier work, we proposed a
framework, called ARIA [11], that implements a novel
SLO-scheduler in Hadoop. This scheduler employs the
Earliest Deadline First job ordering and determines the
amount of resources that needed for meeting the job’s
deadlines. However, ARIA does not have an optimiza-
tion engine to achieve additional performance objectives
such as minimizing the completion time for a set of jobs.

Starfish [31] applies dynamic instrumentation to collect
a detailed run-time monitoring information about job
execution that enables predicting the job execution time
under different configuration parameters. It offers a
workflow-aware scheduler that correlate data placement
with task scheduling to optimize the workflow comple-
tion time. In our work, we propose complementary op-
timizations based on optimal scheduling of independent
jobs to minimize the overall completion time.

The closest work to ours is [32]. It formalizes MapRe-
duce scheduling as a generalized version of the classical
two-stage flexible flow-shop problem with identical ma-
chines. It provides a 12-approximate algorithm for the
offline problem of minimizing the total flowtime, which is
the sum of the time between the arrival and completion

of each job. In our work, we pursue a different perfor-
mance objective and propose heuristics for minimizing
the maximum completion time for a set of jobs.

6 DiscussiON AND FUTURE WORK

Job scheduling in MapReduce environments may pursue
a variety of performance goals, and therefore, might be
driven by different Service Level Objectives (SLOs).

Hadoop Fair Scheduler [14] pursues fairness of resource
allocations among different jobs (or user classes). It
allocates equally (or weighted) proportional shares to
running MapReduce jobs.

New job schedulers such as ARIA [11], FLEX [30], and
RAS [33] offer interfaces for specifying (soft) comple-
tion time objectives for MapReduce jobs. While these
schedulers employ different models, utility functions,
and resource allocation approaches their main common
goal is to support job completion time guarantees.

However, when system administrators have a well-
defined set of production jobs that periodically process
newly collected datasets (logs) then the administrators’
performance objective is quite different. Instead of speci-
fying a completion time of individual jobs in the set, they
are rather interested in minimizing the overall makespan
of the entire set of jobs via a smart job scheduling
(or job ordering). The existing Hadoop schedulers do
not address this problem. We consider and formalize
the makespan minimization problem, and offer a new
solution for dealing with it.

For future work, there are interesting extensions of the
makespan problem beyond the formulation described in
this paper. For example, assume that there is a set of
ready production jobs 7. We construct an optimized job
schedule for J, and start executing it at time 7. Then
during the set J execution (i.e., at a time 7'+ A) there is
an additional subset of jobs G ready for processing (e.g.,
their input datasets are ready at this time point). How
to construct a job schedule that minimizes the overall
makespan for processing the combined set of jobs GUJ?

We envision that there could be other interesting
optimization metrics to pursue such as improving the
mean job delay (defined as a job execution time that
includes a job waiting time to be processed). Classic past
results for a single server (with non-pre-emptive jobs)
are that if the performance goal is to minimize the mean
response time, then the optimal algorithm is to schedule
the shortest job first. We believe that an interesting future
research direction is to revisit and redefine this problem
for MapReduce jobs.

7 CONCLUSION

Data center operators employ a variety of computing
technologies and management techniques to improve
resource efficiency and performance of their data centers.
Large-scale Hadoop clusters with data-intensive MapRe-
duce applications represent new entities in the enterprise
data center infrastructure. Design of new schedulers and
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resource-aware job management for Hadoop has been an
active research topic in industry and academia during
the last years. In this work, we consider the problem of
finding a schedule that minimizes the overall completion
time of a given set of independent MapReduce jobs. We
designed a novel framework and a new heuristic, called
BalancedPools, that efficiently utilize characteristics and
properties of MapReduce jobs in a given workload for
constructing the optimized job schedule. Currently, we
are evaluating this heuristic with a variety of different
MapReduce workloads to measure achievable perfor-
mance gains. Data analysis tasks are often specified with
higher-level SQL-type abstractions like Pig or Hive, that
may result in MapReduce jobs with dependencies. The
next step is to address a more general problem of min-
imizing makespan of batch workloads that additionally
include workflows (DAGs) of MapReduce jobs.
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