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Abstract
Cloud computing enables a user to quickly provision any size
Hadoop cluster, execute a given MapReduce workload, and then
pay for the time the resources were used. Typically, there is a
choice of different types of VM instances in the Cloud (e.g., small,
medium, or large EC2 instances). The capacity differences of the
offered VMs are reflected in VM’s pricing. Therefore, for the same
price a user can get a variety of Hadoop clusters based on differ-
ent VM instance types. We observe that performance of MapRe-
duce applications may vary significantly on different platforms.
This makes a selection of the best cost/performance platform for
a given workload a non-trivial problem, especially when differ-
ent jobs exhibit different platform preferences. In this work, 1 we
aim to solve the following problem: given a completion time tar-
get for a set of MapReduce jobs, determine a homogeneous or het-
erogeneous Hadoop cluster configuration (i.e., the number, types of
VMs, and the job schedule) for processing these jobs within a given
deadline while minimizing the rented infrastructure cost. We offer a
simulation-based framework for solving this problem. Our evalua-
tion study and experiments with Amazon EC2 platform reveal that
for different workload mixes, an optimized platform choice may
result in 41-67% cost savings for achieving the same performance
objectives when using different (but seemingly equivalent) choices.
Moreover, depending on a workload the heterogeneous cluster so-
lution may outperform the homogeneous one by 26-42%. The re-
sults of our simulation study are validated through experiments
with Hadoop clusters deployed on Amazon EC2 instances.

Categories and Subject Descriptors: C.4 [Performance
of Systems], C.2.4 [Cloud Computing].

Keywords: MapReduce, Amazon EC2, performance.

1. Introduction
Many companies are exploiting the use of MapReduce [2]
and its open-source implementation Hadoop for large-scale,
data intensive processing. However, setting up a dedicated
Hadoop cluster requires investing in the new infrastructure,
training new personnel, etc., that can be difficult to justify.

1 This work was originated during Z. Zhang’s internship at HP Labs. Prof. B. T. Loo a
nd Z. Zhang are supported in part by NSF grants CNS-1117185 and CNS-0845552.
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Cloud computing offers a compelling, cost-efficient option
that allows users to rent resources in a “pay-per-use” man-
ner. For many users this creates an attractive and affordable
alternative compared to acquiring their own infrastructure.

A typical cloud environment provides a selection of dif-
ferent capacity Virtual Machines for deployment at different
prices per time unit. For example, the Amazon EC2 platform
offers a choice of small, medium, and large VM instances,
where the CPU and RAM capacity of a medium VM instance
is two times larger than the capacity of a small VM instance,
and the CPU and RAM capacity of a large VM instance
is two times larger than the capacity of a medium VM in-
stance. This resource difference is also reflected in the price:
the large instance is twice (four times) more expensive com-
pared with the medium (small) VM instance. Therefore, a
user is facing a variety of platform and configuration choices
that can be obtained for the same cost.

To demonstrate the challenges in making an optimized
platform choice we performed a set of experiments with
two popular applications TeraSort and KMeans2 on three
Hadoop clusters deployed with different type VM instances:
• 40 small VMs, each configured with 1 map and 1 reduce

slot;
• 20 medium VMs, each configured with 2 map and 2

reduce slots, and
• 10 large VMs, each configured with 4 map and 4 reduce

slots.
Therefore, the three Hadoop clusters can be obtained for the
same price per time and have the same number of map and
reduce slots for processing (where each slot is provisioned
with the same CPU and RAM capacities). Figure 1 shows
the summary of our experiments with TeraSort and KMeans.
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Figure 1. Normalized completion time of two applications exe-
cuted on different type EC2 instances.

Apparently, the Hadoop cluster with 40 small VMs pro-
vides the best completion time for a TeraSort application as

2 In this work, we use a set of 13 applications released by the Tarazu project [1] with
TeraSort and KMeans among them. Table 2 in Section 4 provides application details
and corresponding job settings (the number of map/reduce tasks, datasets sizes, etc.)



shown in Figure 1 (a). The completion time of TeraSort on
the cluster with small VMs is 5.5 (2.3) times better than on
the cluster with large (medium) VMs. As a result it also has
the lowest monetary cost. By contrast, the Hadoop cluster
with 10 large VMs is the best option for KMeans as shown
in Figure 1 (b). It outperforms the Hadoop cluster with small
VMs by 2.6 times when processing KMeans. It demonstrates
that seemingly equivalent platform choices for a Hadoop
cluster in the Cloud might result in a different application
performance and a different provisioning cost.

In our earlier work [11], we designed a framework for
platform selection of a single homogeneous Hadoop clus-
ter. However, if a given set of jobs has the applications with
different platform preferences then a heterogeneous solution
(that combines Hadoop clusters deployed with different in-
stance types) might be a better choice. In this work, we offer
a framework for solving the following problem: for a given
set of MapReduce jobs, determine a Hadoop cluster(s) con-
figuration (i.e., the number and types of VMs, and the job
schedule) for processing these jobs within a given deadline
while minimizing the rented infrastructure cost.

We introduce an application preference ranking to reflect
the “strength” of application preference between different
VM types and the possible impact on the provisioning cost.
This preference ranking guides the construction of a hetero-
geneous solution. In the designed simulation-based frame-
work, we collect jobs’ profiles from a given set, create an
optimized job schedule that minimizes jobs’ makespan (as a
function of job profiles and a cluster size), and then obtain
the accurate estimates of the achievable makespan by replay-
ing jobs’ traces in the simulator. Based on the cost of the
best homogeneous Hadoop cluster, we provide a quick walk
through a set of heterogeneous solutions (and corresponding
jobs’ partitioning into different pools) to see whether there is
a heterogeneous solution that can process given jobs within
a deadline but at a smaller cost.

In our performance study, we use a set of 13 diverse
MapReduce applications for creating three different work-
loads. Our experiments with Amazon EC2 platform reveal
that for different workloads an optimized platform choice
may result in 41-67% cost savings for achieving the same
performance objectives when using different (but seemingly
equivalent) choices. Moreover, depending on a workload the
heterogeneous solution may outperform the homogeneous
one by 26-42%. The remainder of the paper presents our re-
sults in more detail.

2. Building Blocks
In this section, we outline our approach and explain details
of the building blocks used in our solution: i) collected
job traces and job profiles; ii) an optimized job schedule
to minimize the jobs’ execution makespan; iii) the Map-
Reduce simulator to replay the job traces according to the
generated job execution order for obtaining the accurate
estimates of the performance and cost values.

1) Job Traces and Profiles: In summary, the MapReduce
job execution is comprised of two stages: map stage and

reduce stage. The map stage is partitioned into map tasks and
the reduce stage is partitioned into reduce tasks, and they are
distributed and executed across multiple machines.

We use the past job run(s) for creating the job traces that
contain recorded durations of all processed map and reduce
tasks3. A similar job trace can be extracted from the Hadoop
job tracker logs using tools such as Apache Rumen The ob-
tained map/reduce task distributions can be used for extract-
ing the distribution parameters and generating scaled traces,
i.e., generating the replayable traces of the job execution
on the large dataset from the sample job execution on the
smaller dataset as described in [7]. These job traces can be
replayed using a MapReduce simulator [6] and used for cre-
ating the compact job profile for analytic models. The com-
pact job profile contains the average and maximum durations
of both map and reduce tasks and it is used in the bounds-
based analytical model [8] for predicting the job completion
time as well as the duration of map and reduce stages of a
given job as a function of allocated resources. In particular,
we apply this analytic model in the process of building an
optimized job schedule.

2) An Optimized Job Schedule: It was observed [9, 12]
that for a set of MapReduce jobs (with no data dependencies
between them) the order in which jobs are executed might
have a significant impact on the overall processing time, and
therefore, on the cost of the rented Hadoop cluster. For data-
independent jobs, once the first 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. There is an “overlap” in executions of map stage of
the next job and the reduce stage of the previous one. As an
illustration, let us consider two MapReduce jobs that have
the following map and reduce stage durations:
• Job J1 has a map stage duration of JM

1 = 10s and the
reduce stage duration of JR

1 = 1s.
• Job J2 has a map stage duration of JM

2 = 1s and the
reduce stage duration of JR

2 = 10s.
There are two possible executions shown in Figure 2:
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J2 

(a) J1 is followed by J2.

J1
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R=1s 

J1 

J2
M=1s J2
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J2 

(b) J2 is followed by J1.

Figure 2. Impact of the job schedule on their completion time.

• J1 is followed by J2 shown in Figure 2(a). The reduce
stage of J1 overlaps with the map stage of J2 leading to
overlap of only 1s. The total completion time of process-
ing two jobs is 10s+ 1s+ 10s = 21s.

3 The shuffle stage is included in the reduce task. For a first shuffle phase that over-
laps with the entire map phase, only a complementary (non-overlapping) portion is
included in the reduce task.



• J2 is followed by J1 shown in Figure 2(b). The reduce
stage of J2 overlaps with the map stage of J1 leading to
a much better pipelined execution and a larger overlap of
10s. The total makespan is 1s+ 10s+ 1s = 12s.

There is a significant difference in the job completion time
(75% in the example above) depending on the execution
order of the jobs. Since in this work we consider a problem
of minimizing the cost of rented Hadoop cluster and the job
execution time directly impacts this cost, we aim to generate
the job executions order that minimizes the jobs’ makespan.

Thus, let J = {J1, J2, . . . , Jn} be a set of n MapRe-
duce jobs with no data dependencies between them. For min-
imizing the makespan of a given set of MapReduce jobs
J = {J1, J2, . . . , Jn} we apply the classic Johnson al-
gorithm [3] that was proposed for building an optimal job
schedule in two-stage production systems. Johnson’s sched-
ule can be efficiently applied to minimizing the makespan of
MapReduce jobs as it was shown in [9].

3) MapReduce Simulator: Since the users rent Cloud
resources in a “pay-per-use” fashion, it is important to accu-
rately estimate the execution time of a given set of jobs ac-
cording to a generated Johnson schedule on a Hadoop cluster
of a given size. In this work, we use the enhanced version of
MapReduce simulator SimMR [6]. This simulator can accu-
rately replay the job traces and reproduce the original job
processing: the completion times of the simulated jobs are
within 5% of the original ones as shown in [6].

SimMR is a very fast simulator: it can process over 1 Mil-
lion events per second. Therefore, we can quickly explore
the entire solution space (in brute-force search manner).

3. Simulation-Based Framework for a
Hadoop Cluster Platform Selection

In this section, we first describe how to provision the cost-
efficient homogeneous cluster and then discuss challenges
and our approach for offering the heterogeneous solution.

3.1 Homogeneous Cluster Solution
In this work, we consider the following problem: Given a
workload W = {J1, J2, . . . , Jn} to be processed within
deadline D, determine a Hadoop cluster configuration (i.e.,
the number and types of VM instances, and the job sched-
ule) for processing these jobs within a given deadline while
minimizing the monetary cost for rented infrastructure.

Our solution is based on a simulation framework: in a
brute-force manner, it searches through the entire solution
space by exhaustively enumerating all possible candidates
for the solution and checking whether each candidate satis-
fies the required problem’s statement. Typically, the solution
space is bounded by the budget B, which a customer intends
to spend. Assume that given jobs should be processed within
deadline D and let Pricetype be the price of a type VM in-
stance per time unit. Then the customer can rent N type

max of
VMs instances of a given type:

N type
max = B/(D · Pricetype) (1)

Algorithm 1 shows the pseudo code to determine the size of
a cluster which is based on the type VM instances and which
results in the minimal monetary cost.

Algorithm 1 Provisioning Solution: Homogeneous Cluster
Input:
W = {J1, J2, ...Jn} ← workload with job traces and profiles;
type← VM instance type, e.g., type∈ {small, medium, large};
N type

max ← the maximum number of instances to rent;
Pricetype← unite price of a type VM instance;
D ← a given time deadline for processingW .
Output:
N type← an optimized cluster size with VM type instances;
min costtype← the minimal monetary cost for processingW .

1: min costtype ←∞
2: for k ← 1 to N type

max do
3: // Simulate completion time for processing workloadW in

a Hadoop cluster with k VMs
4: Cur CT = Simulate(type, k,W)
5: // Calculate the corresponding monetary cost
6: cost = Pricetype × (k + 1)× Cur CT
7: if Cur CT ≤ D & cost < min costtype then
8: min costtype ← cost, N type ← k
9: end if

10: end for

The algorithm iterates through the increasing number of
instances for a Hadoop cluster. It simulates the completion
time of workloadW processed with Johnson’s schedule on a
given size cluster and computes the corresponding cost (lines
2-6). Note, that k defines the number of worker nodes in the
cluster. The overall Hadoop cluster size is k + 1 nodes (we
add a dedicated node for Job Tracker and Name Node, which
is included in the cost). The min costtype keeps track of a
minimal cost so far (lines 7-8) for a Hadoop cluster which
can processW within deadline D.

We apply Algorithm 1 to different types of VM instances,
e.g., small, medium, and large respectively. Then we com-
pare the produced outcomes to make a final decision.

3.2 Heterogeneous Cluster(s) Solution
The application platform preference often depends on the
size of a Hadoop cluster and given performance goals. Con-
tinuing the motivating example from Section 1, Figure 3
shows the trade-off curves for three representative applica-
tions TeraSort, Kmeans, and AdjList4 obtained as a result
of exhaustive simulation of application completion times on
different size Hadoop clusters. The Y-axis represents the job
completion time while the X-axis shows the corresponding
monetary cost. Each figure shows three curves for applica-
tion processing by a homogeneous Hadoop cluster based on
small, medium, and large VM instances respectively.

First of all, the same application can result in differ-
ent completion times when being processed on the same
platform at the same cost. This reflects an interesting phe-
nomenon of “pay-per-use” model. There are situations when
a cluster of size N processes a job in T time units, while a
cluster of size 2 · N may process the same job in T/2 time
units. Interestingly, these two different size clusters have the
same cost, and if the purpose is meeting deadline D where
T ≤ D then both clusters meet the performance objective.

4 Table 2 in Section 4 provides details about these applications and their job settings.
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Figure 3. Performance versus cost trade-offs for different applications.

Second, we can see an orthogonal observation: in many
cases, the same completion time can be achieved at a dif-
ferent cost (on the same platform type). Typically, this cor-
responds to the case when an increased size Hadoop cluster
does not further improve the job processing time.

Finally, according to Figure 3, we can see that for Tera-
Sort, the small instances result in the best choice, while for
Kmeans the large instances represent the most cost-efficient
platform. However, the optimal choice for AdjList is not very
clear: it depends on the deadline requirements because the
trade-off curves are so close to each other.

Another important point is that the cost savings vary
across different applications, e.g., the execution of Kmeans
on large VM instances leads to higher cost savings than the
execution of TeraSort on small VMs. Thus, if we would
like to partition a given workload W = {J1, J2, ...Jn}
into two groups of applications each to be executed by a
Hadoop cluster based on different type VM instances, we
need to be able to rank these application with respect to their
preference “strength” between two considered platforms.

In this work, we consider a heterogeneous solution that
consists of two homogeneous Hadoop sub-clusters deployed
with different type VM instances5. As an example, we con-
sider a heterogeneous solution formed by small (S) and large
(L) VM instances. To measure the “strength” of applica-
tion preference between two different VM types we intro-
duce an application preference score PScoreS−L defined
as a difference between the normalized costs of simulated
cost/performance curves (such as shown in Figure 3):

PScoreS−L =

∑
1≤i≤NS

max
CostSi

NS
max

−
∑

1≤i≤NL
max

CostLi

NL
max

(2)
where NS

max and NL
max are defined by Eq. 1 for Hadoop clus-

ters with small and large VM type instances respectively.
PScoreS−L value indicates a possible impact on the pro-

visioning cost, i.e, a large negative (positive) value indicates
a stronger preference of small (large) VM instances, while
values closer to 0 reflect less sensitivity to a platform choice.

For an optimized heterogeneous solution, we need to
determine the following parameters:

5 The designed framework can be generalized for a larger number of clusters. How-
ever, this might significantly increase the algorithm complexity without adding new
performance benefits.

• The number of instances for each sub-cluster (i.e., the
number of worker nodes plus a dedicated node to host
JobTracker and Name Node for each sub-cluster).
• The subset of jobs to be executed on each cluster.

Algorithm 2 shows a pseudo code of our heterogeneous so-
lution. For a presentation simplicity, we outline a heteroge-
neous solution with small and large VM instances.

Algorithm 2 Provisioning Solution: Heterogeneous Clusters
Input:
W = {J1, J2, ...Jn} ← workload with jobs sorted in ascending
order by their preference score PScoreS−L;
D ← a given time deadline for processingW .
Output:
NS ← number of small instances;
NL← number of large instances;
WS ← Jobs to be executed on small instance-based cluster;
WL← Jobs to be executed on large instance-based cluster;
min costS+L← the minimal cost of heterogeneous clusters.

1: min costS+L←∞
2: for split← 1 to n− 1 do
3: // Partition workloadW into 2 groups
4: JobsS ← J1, ..., Jsplit

5: JobsL ← Jsplit+1, ..., Jn

6: (ÑS ,min costS) = Algorithm1(JobsS , small,D)
7: (ÑL,min costL) = Algorithm1(JobsL, large,D)
8: total cost← min costS +min costL

9: if total cost < min costS+L then
10: min costS+L ← total cost
11: WS ← JobsS , WL ← JobsL

12: NS ← ÑS , NL ← ÑL

13: end if
14: end for

First, we sort the jobs in the ascending order according to
their preference ranking PScoreS−L. Thus the jobs in the
beginning of the list have a performance preference for exe-
cuting on the small instances. Then we split the ordered job
list into two subsets: first one to be executed on the cluster
with small instances and the other one to be executed on the
cluster with large instances (lines 4-5). For each group, we
use Algorithm 1 for homogeneous cluster provisioning to
determine the optimized size of each sub-cluster that leads
to the minimal monetary cost (lines 6-7). We consider all
possible splits by iterating through the split point from 1 to
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Figure 4. Performance versus cost trade-offs for different workloads.

the total number of jobs N and use a variable min costS+L

to keep track of the found minimal total cost, i.e, the sum of
costs from both sub-clusters (lines 9-12).

4. Evaluation
In our experiments, we use the Amazon EC2 platform. Ta-
ble 1 provides descriptions of VM instance types used in
our experiments. We deployed Hadoop clusters that are
configured with different number of map and reduce slots
per different type VM instances (according to the capacity)
as shown in Table 1. Each VM instance is deployed with
100GB of Elastic Block Storage (EBS). We use Hadoop
1.0.0 in all the experiments. The file system blocksize is set
to 64MB and the replication level is set to 3.

Instance price CPU capacity (relative) RAM #m,r
type (GB) slots
Small,
m1.small

$0.06
ph

1 EC2 Compute Unit (1 virtual core
with 1 EC2 Compute Unit)

1.7 1, 1

Medium,
m1.medium

$0.12
ph

2 EC2 Compute Unit (1 virtual core
with 2 EC2 Compute Units)

3.75 2, 2

Large,
m1.large

$0.24
ph

4 EC2 Compute Units (2 virtual
cores with 2 EC2 Compute Units)

7.5 4, 4

Table 1. EC2 Testbed description.
In the performance study, we use a set of 13 applications

released by the Tarazu project [1]. Table 2 provides a high-
level summary of the applications with the corresponding
job settings (e.g., the number of map/reduce tasks). Appli-
cations 1, 8, and 9 process synthetically generated data. Ap-
plications 2 to 7 use the Wikipedia articles dataset as input.
Applications 10 to 13 use the Netflix movie ratings dataset.
These applications perform very different data manipula-
tions, which result in different resource requirements.

Application Input data Input data #map,red PScoreS−L

(type) size (GB) tasks
1. TeraSort Synthetic 31 495, 240 -3.74
2. WordCount Wikipedia 50 788, 240 -5.96
3. Grep Wikipedia 50 788, 1 -3.30
4. InvIndex Wikipedia 50 788, 240 -7.90
5. RankInvIndex Wikipedia 46 745, 240 -5.13
6. TermVector Wikipedia 50 788, 240 3.11
7. SeqCount Wikipedia 50 788, 240 -4.23
8. SelfJoin Synthetic 28 448, 240 -5.41
9. AdjList Synthetic 28 508, 240 -0.7
10. HistMovies Netflix 27 428, 1 -1.64
11. HistRatings Netflix 27 428, 1 -2.53
12. Classification Netflix 27 428, 50 19.59
13. KMeans Netflix 27 428, 50 18.6

Table 2. Application characteristics.

The application preference score PScoreS−L is shown
in the last column. A positive value (e.g, Kmeans, Classifi-

cation) indicates that the application is more cost-efficient
on large VMs, while a negative value (e.g., TeraSort, Word-
count) means that the application favors small VM instances.
The absolute score value is indicative of the preference
“strength”. When the preference score is close to 0 (e.g.,
Adjlist), it means that the application does not have a clear
preference between the instance types.

We create three different workloads described as follows:
• W1 – it contains all 13 applications shown in Table 2.
• W2 – it contains 11 applications: 1-11, i.e., excluding

KMeans and Classification from the application set.
• W3 – it contains 12 applications: 1-12, i.e., excluding

KMeans from the application set.
Figure 4 shows the simulated cost/performance trade-off
curves for three workloads executed on both homogeneous
and heterogeneous Hadoop cluster(s). For homogeneous
provisioning, we show three trade-off curves for Hadoop
clusters based on small, medium and large VM instances.

Figure 4 (a) shows that workload W1 is more cost-
efficient when executed on the Hadoop cluster with large
VMs (among the homogeneous clusters). Such results can
be expected becauseW1 contains both KMeans and Classi-
fication that have very strong preference towards large VM
instances (see their high positive PScoreS−L). In compar-
ison, W2 contains applications that mostly favor the small
VM instances, and as a result, the most efficient trade-off
curve belongs to a Hadoop cluster based on the small VM
instances. Finally,W3 represents a mixed case: it has Classi-
fication application that strongly favors large VM instances
while most of the remaining applications prefer small VM
instances. Figure 4(c) shows that a choice of the best ho-
mogeneous platform depends on the workload performance
objectives (i.e., deadline D).

The yellow dots in Figure 4 represent the completion
time and monetary cost when we exploit a heterogeneous
provisioning case. Each point corresponds to a workload
split into two subsets that are executed on the Hadoop cluster
formed with small and large VM instances respectively.

To evaluate the efficiency of our provisioning algorithms,
we consider the following deadlines for each workload:
• D= 20000 seconds for workloadW1;
• D= 10000 seconds for workloadW2;
• D= 15000 seconds for workloadW3.



Tables 3-5 present the provisioning results for each work-
load with homogeneous and heterogeneous Hadoop clusters
that have minimal monetary costs while meeting the given
workload deadlines.

Cluster type Number of Completion Monetary
Instances Time (sec) Cost ($)

small (homogeneous) 210 15763 55.43
medium (homogeneous) 105 15137 53.48
large (homogeneous) 39 12323 32.86
small+large heterogeneous 48 small + 20 large 14988 24.21

Table 3. Cluster provisioning results for workloadW1.

Cluster type Number of Completion Monetary
Instances Time (sec) Cost ($)

small (homogeneous) 87 7283 10.68
medium (homogeneous) 43 9603 14.08
large (homogeneous) 49 9893 32.98
small+large heterogeneous 76 small + 21 large 6763 14.71

Table 4. Cluster provisioning results for workloadW2.

Cluster type Number of Completion Monetary
Instances Time (sec) Cost ($)

small (homogeneous) 140 13775 32.37
medium (homogeneous) 70 13118 31.05
large (homogeneous) 36 13265 32.72
small+large heterogeneous 74 small + 15 large 10130 18.0

Table 5. Cluster provisioning results for workloadW3.

The best heterogeneous solution for each workload is
shown in the last row in Tables 3-5. For W1, the mini-
mal cost of the heterogeneous solution is 26% improvement
compared to the minimal cost of the homogeneous solution
based on the large VM instances. The cost benefits of the
heterogeneous solution is even more significant for W3: it
leads to cost savings of 42% compared to the minimal cost
of the homogeneous solution. However, for workload W2,
the heterogeneous solution does not provide additional cost
benefits. One important reason is that for a heterogeneous
solution, we need to maintain additional nodes deployed as
JobTracker and NameNode for each sub-cluster. Workload
properties play an important role as well. Since W2 work-
load does not have any applications that have “strong” pref-
erence for large VM instances, the introduction of a special
sub-cluster with large VM instances is not justified.

The results of our simulation study are validated through
selected experiments with Hadoop clusters deployed on dif-
ferent Amazon EC2 instances. The simulated results on av-
erage are within 10% error (the worst error was 17%) com-
pared to measured results.

5. Related work
In the past few years, performance modeling and simulation
of MapReduce environments has received much attention
and different approaches were offered for predicting perfor-
mance of MapReduce applications.

Another group of related work is based on resource
management that considers monetary cost and budget con-
straints. In [5], the authors provide a heuristic to optimize
the number of machines for a bag of jobs while minimizing
the overall completion time under a given budget. This work
assumes the user does not have any knowledge about the job
completion time. It starts with a single machine and gradu-
ally adds more nodes to the cluster based on the average job

completion time updated every time when a job is finished.
In our approach, we use job profiles for optimizing the job
schedule and provisioning the cluster.

In [10], the authors design a budget-driven scheduling
algorithm for iterative MapReduce applications in the het-
erogeneous cloud. In our paper, we aim at minimizing the
makespan of the set of jobs and design an ensemble of meth-
ods and tools to evaluate the job completion times as well as
their makespan as a function of allocated resources.

In [4], Kllapi et al. propose scheduling strategies to opti-
mize performance/cost trade-offs for general data processing
workflows in the Cloud. Different machines are modelled
as containers with different CPU, memory, and network ca-
pacities. The computation workflow contains a set of nodes
as operators and edges as data flows. The authors provide a
greedy and local search algorithms to schedule operators on
different containers so that the optimal performance (cost) is
achieved without violating budget or deadline constraints.
6. Conclusion
In this work, we designed a novel simulation-based frame-
work for evaluating heterogeneous Hadoop solutions to en-
hance private and public cloud offerings with a cost-efficient,
SLO-driven resource provisioning. In our future work, we
plan to consider additional SLOs such as fault-tolerance.
Intuitively, similar alternatives might have different fault-
tolerance properties: a failure of a node in a Hadoop clus-
ter deployed with large EC2 instances might have a more
severe performance impact compared to a loss of a Hadoop
node deployed with small EC2 instances.
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