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Abstract. Cloud computing provides on-demand resource provisioning for scalable applications with a pay-as-you-go pricing model. However, the cost-efficient use of virtual resources requires the application
to exploit the available resources efficiently. Will an application perform
equally well on fewer or cheaper resources? Will the application successfully finish on these resources? We have previously proposed a modelcentric approach, ABS-YARN, for prototyping deployment decisions to
answer such questions during the design of an application. In this paper,
we make model-centric predictions for applications on Amazon Web Services (AWS), which is a prominent platform for cloud deployment. To
demonstrate how ABS-YARN can help users make deployment decisions
with a high cost-performance ratio on AWS, we design several workload
scenarios based on MapReduce benchmarks and execute these scenarios on ABS-YARN by considering different AWS resource purchasing
options.

1

Introduction

Cloud computing is currently the main driver of an on-going change in how companies develop and exploit software by providing utility computing services [4]:
IT resources and applications over the Internet are delivered on demand with a
pay-as-you-go cost model. Cloud computing enables the infrastructure on which
a software is deployed to be specialized to the needs of the software and even
adapted at runtime by means of various adjustments of the configuration of the
infrastructure. However, if the software does not adapt in an agile way to the
changing deployment decisions (which are decisions of determining the capacity
of computation resources, the scale of computation resources, or other parameters), we may experience a wasteful over-provisioning of resources or require
substantial reengineering of the software, which might increase either the operational or the development costs of the software or both. Shifting deployment
decisions from the deployment phase to the design phase of a software development process can significantly reduce such costs by performing model-based
validation of the chosen decisions during the software design [10]. This shift
?
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requires that deployment decisions can be captured in formal models of the virtualized and distributed software and that these models enable us to assess the
impact of different deployment decisions on the performance and operational
cost of our software.
There are many providers of cloud computing technologies on the market
today to offer a plethora of services in cloud ecosystems for both computing and
data storage, e.g., virtual machine instances, containers, ready-made solutions
for resource management and auto-scaling, service endpoints, as well as support
for data storage, databases, and caching at many different costs. It is not easy
to select a solution which best balances performance and incurred costs for a
particular application. Even for very basic virtual machine instances, a company
such as Amazon offers approximately 40 different so called instance types with
different prices and resource specifications for on-demand virtual servers alone.
In this paper, we compare—at the modeling level—the effect of selecting
different instance types for virtual servers from Amazon Web Services (AWS)
in terms of performance and accumulated cost. Using a model-based approach,
we design a set of workload scenarios consisting of a number of MapReduce
benchmarks and consider different AWS instance type deployments to execute
these scenarios so as to study the impacts of these deployments in terms of
performance, cost, workload completion, etc.
The method used in this paper for model-based comparisons is based on the
authors’ previous work on ABS-YARN [15]. ABS-YARN is a highly configurable
modeling framework for applications running on Apache YARN [21], a popular open-source distributed software framework for big data processing on cloud
environments provided by vendors such as Amazon, HP, IBM, Microsoft, and
Rackspace. ABS-YARN is defined in Real-Time ABS [5], a formal executable language for modeling deployed virtualized software by introducing a separation of
concerns between the resource costs of the execution and the resource provisioning at (virtual) locations [14]. The focus of ABS-YARN is on obtaining results
based on easy-to-use rapid prototyping, using the executable semantics of RealTime ABS, defined in Maude [7], as a simulation tool for ABS-YARN. In previous
work [15], we have shown through comprehensive experiments that ABS-YARN
provides a satisfactory modeling accuracy as compared with a real YARN cluster. In this paper, we will base on the designed scenarios to demonstrate how
users can utilize ABS-YARN to better understand the cost-performance tradeoffs between different AWS resource purchasing options and make appropriate
purchase decisions.
Paper overview. Sect. 2 discusses AWS, focusing on how to understand the
specification of instance types for on-demand virtual servers. Sect. 3 describes
YARN and ABS-YARN. Sect. 4 presents the modeling and comparison of different AWS instances in several scenarios. Sect. 5 discusses related work and Sect. 6
concludes the paper.
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Table 1. The specifications of five AWS instance types.
Instance type
m4.large
m4.xlarge
m4.2xlarge
m4.4xlarge
m4.10xlarge

2

vCPU
2
4
8
16
40

ECU
6.5
13.0
26.0
53.5
124.5

Memory (GB)
8
16
32
64
160

Price per hour
$ 0.143
$ 0.285
$ 0.57
$ 1.14
$ 2.85

Amazon Web Services

Amazon Web Services (AWS) is the dominating player on today’s market for
cloud computing with an approximate 30% market share for Q4, 2015 [6], especially for Infrastructure as a Service (IaaS). AWS offers an extensive ecosystem
of services to help users to deploy, scale, and manage virtualized services on AWS
infrastructure, including computing resources such as virtual servers, containers,
load balancers, auto-scalers, etc. However, the pricing options in this ecosystem
are complex: considering only the instance types of AWS itself (i.e., the different kinds of virtual machines), different types of instances may be acquired on
demand, with no, partial, or all upfront payments with commitment for shorter
or longer time periods, or at spot price1 .
As a customer of cloud computing services, it is important to understand the
consequences that specific choices in this ecosystem may have for your software,
both with respect to the performance of the software and to its incurred operational costs. In this paper, we focus on on-demand instance types, which do not
require long-term commitments and therefore might be a good option for most
customers who only run their applications sporadically.
Within this range of on-demand instance types, there are instance types
which are suggested for general purpose applications as well as for computeintensive and memory-optimized applications. Currently, there are around 40
different instance types available for on-demand instances. However, it is nontrivial to answer questions such as "what kind of instances should we choose for
an application to achieve the best trade-off between performance and cost?".
Table 1 lists five on-demand instance types which all belong to AWS m4
category. M4 instances are the latest generation of general purpose instances,
which provides a balance of compute, memory, and network resources, and it
is a good choice for many applications [2]. Each row of Table 1 presents the
specification of a particular instance type. We can see that each instance type
roughly doubles the resources of the instance type on the previous row, but the
instance type “m4.10xlarge” deviates slightly from this format. It is interesting to
observe that deploying software on a utility computing model is different from
how developers are used to think about CPU resources. Using the cloud, ondemand processing capacity is rented by the hour whereas, using a traditional
provisioning model, a specific processor is bought with a long lifespan. AWS uses
1

For details, see https://aws.amazon.com/ec2/pricing.

4

Comparing AWS deployments using model-based predictions

commodity hardware which is continually being replaced, so different hardware
may be used to deliver the same virtual machine instances [1]: “Our goal is
to provide a consistent amount of CPU capacity no matter what the actual
underlying hardware.” The actual processing capacity of an instance type is
thus given in terms of elastic compute units (ECU) whereas the column vCPU
suggests a traditional understanding in terms of hardware.

3

YARN and ABS-YARN

In this section, we will briefly introduce YARN and then describe how ABSYARN models YARN.
YARN [21] (short for Yet Another Resource Negotiator) is an open-source
software framework supported by Apache for distributed processing and storage
of high data volumes. It inherits the advantages of its well-known predecessor
Hadoop [3], including resource allocation, distributed data processing, fault tolerance, and data replication. YARN further improves Hadoop’s limitations in
terms of scalability, multi-tenancy support, cluster utilization, and reliability.
YARN supports the execution of different types of applications (or jobs),
including MapReduce, graph, and streaming. Each job is divided into a set of
smaller tasks which are executed in parallel on a cluster of machines. The key
components of a YARN cluster are as follows:
– ResourceManager (RM): RM allocates resources to various competing jobs
and applications in a cluster. The scheduling provided by RM is job level,
rather than task level. Thus, RM does not monitor each task’s progress or
restart any failed task.
– ApplicationMaster (AM): An AM is an instance of a framework-specific library class for a particular job. It acts as the head of the job to manage
the job’s lifecycle, including requesting resources from RM, scheduling the
execution of all tasks of the job, monitoring task execution, and re-executing
failed tasks.
– Slave nodes: Each slave node provides both computation resources and storage to execute tasks and store data.
– Containers: Each container is a logical resource collection of a particular
slave node (e.g., 1 CPU and 2GB of RAM). Clients can specify the resource
requirement of a container when they submit jobs to RM and run any kind
of application on containers.
Given RM and a set of slave nodes, a YARN cluster provides both computation
resources and storage capacity to execute applications and store data. Assume
that RM only has one queue, the execution of a job on YARN is as follows:
1. Whenever RM receives a job request from a client, RM follows a FIFO
scheduling policy to find a container from an available slave and initiate the
AM of the job on the container.

Comparing AWS deployments using model-based predictions

5

Fig. 1. The structure of the ABS-YARN framework.

2. Once the AM has been initiated, it starts requesting containers from RM
based on the container resource requirements and the number of tasks of the
job. Each task will be run on one container.
3. When RM receives a container request from the AM, it inserts the request
into its queue and follows its job scheduling algorithm to allocate the desired
container from an available slave node to the AM.
4. Upon receiving a container, the AM executes one task of the job on the
container and monitors this task execution. If a task fails due to some errors
such as an underlying container failure or slave node failure, the AM will
re-request a container from RM to restart the task.
5. When all tasks of a job finish successfully, implying that the job is complete,
the AM notifies the client about the completion.
ABS-YARN [15] is an executable model of YARN written in Real-Time ABS [5],
which is a formal, executable, object-oriented language for modeling distributed
systems by means of concurrent object groups [13]. Real-Time ABS uses deployment components to capture a location with a given resource specification in
the deployment architecture, on which a number of concurrent objects can be
deployed [14]. ABS-YARN follows the same execution flow as a YARN cluster.
Figure 1 shows the ABS-YARN architecture, which consists of interfaces AM,
RM, and Container to model AM, RM, and containers, respectively. Interface
RM has four methods. When a user starts ABS-YARN, method initialization
initializes the entire cluster environment, including RM and slaves. Each slave
has its own CPU, speed, and memory capacities. After the initialization, the
cluster can start serving client requests. The method getContainer allows an AM
to obtain containers with given resource requirements from RM. The method free
is used to release container resources, and the method logger is used to record
job execution statistics, including job ID and job execution time.

6

Comparing AWS deployments using model-based predictions

Currently, ABS-YARN focuses on the modeling of MapReduce jobs, which
are the most common jobs in YARN. Each MapReduce job has two phases to
process data: map phase and reduce phase. In the map phase, all map tasks are
executed in parallel. When all the map tasks have completed, the reduce tasks
are executed. The job is completed when all the map and reduce tasks have
finished. Interface AM has only one method req, which is designed to request
containers from RM and then ask the allocated containers to the execute the
tasks of its job. For an AM, the total number of times that method req is called
corresponds to the total number of the map tasks and reduce tasks of a job (e.g.,
if a job is divided into 10 map tasks and one reduce task, this method will be
called 11 times). When all map tasks of the job have successfully completed, the
AM proceeds with a container request to run the reduce task of the job. Only
when all map and reduce tasks have completed successfully, the job is considered
completed.
Interface Container has method exe to execute a task. The execution time of
a task in a real YARN cluster might be influenced by many factors, e.g., the size
of the processed data and the computational complexity of the task. To reduce
the complexity of modeling the task execution time, ABS-YARN adopts the cost
annotation functionality of Real-Time ABS to associate cost to the execution of
a task. Hence, the task execution time will be the task cost divided by the CPU
capacity of the container that executes the task.
ABS-YARN allows users to freely determine the scale and resource capacity
of a YARN cluster by configuring the following parameters:
– the number of slave nodes in the cluster,
– the CPU capacity of each slave node, and
– the memory capacity of each slave node.
In addition, to support dynamic and realistic modeling of job execution, ABSYARN also allows users to define the following parameters:
–
–
–
–
–
–

Number of clients submitting jobs
Number of jobs submitted by each client
Number of map tasks and reduce tasks per job
Cost annotation for each task
CPU and memory requirements for each container
Job inter-arrival pattern. Users can determine any kind of job inter-arrival
distributions in ABS-YARN.

In the next section, we will apply ABS-YARN to study different instance
types provided by AWS.

4

AWS Instances Study

As discussed in Sect. 2, AWS provides different kinds of instances to meet the
resource requirements of different customers, including the on-demand instances,
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reserved instances, and spot instances. Here, we focus on comparing the ondemand instances which we believe are the best suited for sporadic YARN jobs
because renting this type of instance does not need a long-term commitment.
Different operating systems, such as Linux, Red Hat, and Windows, are also
available for the on-demand instances. In this paper, we focus on Linux because
this operating system is supported by YARN and commonly used by the software
development community. We chose EU (Frankfurt) as the region of instance
and consider five general-purpose instance types. Table 1 in Sect. 2 lists the
corresponding specifications and prices.

Table 2. The average map-task execution time (AMT) and average reduce-task execution time (ART) of each benchmark job [15].
Benchmark
WordCount
WordMean
WordSD
GrepSort
GrepSearch

AMT (sec)
295.47
139.98
238.46
37.38
173.92

ART (sec)
430.24
201.11
312.38
62.06
205.94

To compare the five chosen AWS instance types, we create realistic workloads
using the following MapReduce benchmark jobs as in [15]: WordCount, WordMean, WordSD, GrepSort, and GrepSearch. Each benchmark job processes 1
GB of enwiki data [8] with 128 MB block size (which is the default block size
of YARN [16]). Therefore, each job has 8 (=1GB/128MB) map tasks and one
reduce task, implying that 9 containers are required to execute each job. Based
on the average task execution time of each benchmark job shown in Table 2, we
configure the ABS-YARN framework with the corresponding task cost annotation for each benchmark job (following [15]). We use 350 seconds as a threshold
to classify the five benchmark jobs based on their execution time as below:
– Type 1: The summation of the AMT and ART of a job is larger than or
equal to the threshold.
– Type 2: Otherwise.
Hence, the WordCount, WordSD, and GrepSearch jobs are classified as type 1
(i.e., long jobs), whereas the WordMean and GrepSort jobs are classified as
type 2 (i.e., short jobs). Based on this information, we create two scenarios to
compare the five AWS instance types. In the first scenario, we create a nonurgent workload to compare the five instance types. The goal is to see which
instance type provides the best cost-efficiency. In the second scenario, we create
three workloads in which each task of a job has a time limit to obtain its required
container. The purpose is to further study if employing a different number of
instances affects workload completion rate under the given time limit or not.
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(a) Total workload execution time

(b) Total instance cost

Fig. 2. The total workload execution time and instance costs of clusters 1 to 5. Note
that in Figure 2(a) the first y axis is for the bar plot, whereas the second y axis is for
the line plot.

4.1

Scenario 1: Non-urgent Workload

In Scenario 1, the non-urgent workload consists of 100 MapReduce jobs without
any time limit to get containers. As a consequence, each task of the jobs in this
workload will eventually be executed on a container allocated by RM, implying
that the workload completion rate will be 100%. In the workload, half of the
jobs are of Type 1 and the other half of the jobs are of Type 2. All the jobs
are submitted by a user at the same time, i.e., these jobs have zero inter-arrival
time. The purpose is to understand the cost efficiencies of different instance types
when all jobs compete for containers simultaneously.
To compare the five instance types in a fair way, we use ABS-YARN to
establish five clusters (see Table 3) with the same resource capacity, i.e., 160
vCPUs and 640 GB of memory, and then execute the workload.
Table 3. The specification of the five clusters tested in Scenario 1. Note that the #
of vCores and memory are calculated based on Table 1.
Cluster
1
2
3
4
5

Instance type
m4.large
m4.xlarge
m4.2xlarge
m4.4xlarge
m4.10xlarge

# of instances
80
40
20
10
4

# of vCores
160
160
160
160
160

Memory (GB)
640
640
640
640
640

The total workload execution time and the total instance cost spent by the
five clusters to execute the non-urgent workload are shown in Figure 2(a) and
Figure 2(b), respectively. It is clear that all the clusters have very close workload
execution time and total instance costs. Therefore, as shown in Figure 3, they
have similar cost-efficiencies. The results confirm that the five instance types
have no difference in terms of workload execution performance when the total
instance cost is identical. However, when other issues such as management efforts
or reliability are further considered, choosing different instance types might result
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Fig. 3. The cost-efficiencies of clusters 1 to 5.

in different effects. However, this depends on users’ preferences, and it is outside
of the scope of this paper.
We can see from Figure 2(a) that each cluster only spent about 0.44 hours
to finish the entire workload, but all of them are charged by AWS for an entire
hour (see the line plot in Figure 2(a)). Based on these results, our next question is whether users can find a suitable number of instances to achieve a better
cost-efficiency. To answer this, we conduct additional simulations to see how different numbers of the same instance type affect the cost-efficiency. We chose the
m4.large instance type as an example and use ABS-YARN to establish another
five clusters (see Table 4) and execute the same non-urgent workload.

Table 4. The details of clusters 6 to 10.
Cluster
6
7
8
9
10

# of m4.large instances
80
40
20
10
5

# of vCores
160
80
40
20
10

Memory (GB)
640
320
160
80
40

Figure 4(a) shows that when a cluster employs fewer instances of the same
type (implying that total number of available containers is smaller), the time
to finish the entire workload increases. Based on the AWS hour-based charge
policy, clusters 6 and 7 are charged for 1 hour, cluster 8 is charged for 2 hours,
cluster 9 is charged for 3 hours, and cluster 10 is charged for 5 hours. Figure
4(b) illustrates the corresponding total instance cost for each cluster. Naturally,
a smaller cluster costs less, but we can see that clusters 7 and 8 have similar
total instance costs even though the total number of instances in cluster 7 is
twice that of cluster 8. The key reason is that cluster 7 takes 1 AWS hour, but
cluster 8 takes 2 AWS hours. By considering both Figure 4(a) and Figure 4(b),
we can derive the cost-efficiency of the five clusters (see Figure 5). It is clear
that cluster 7 performs the best because it has the highest cost-efficiency among
the five clusters. This result is not obvious by just looking at the specifications
of AWS instances.
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(a) Total workload execution time

(b) Total instance cost

Fig. 4. The total workload execution time and instance costs of clusters 6 to 10. Note
that in Figure 4(a) the first y axis is for the bar plot, whereas the second y axis is for
the line plot.

Fig. 5. The cost-efficiencies of clusters 6 to 10.

Based on all above simulations, we observe the following phenomenon: First,
choosing different AWS m4 instance types makes no difference in terms of performance when the total instance cost is identical. Second, for a particular AWS
instance type, employing different numbers of the instance leads to different cost
efficiencies.
4.2

Scenario 2: Workload with a Time Limit

Recall that the goal of the second scenario is to investigate if different numbers of
instances affect workload completion rate. In this scenario, we continue with the
m4.large instance type and create the following three workloads with different
job compositions:
– Workload A: 50% of the jobs are Type 1, and 50% of the jobs are Type 2.
– Workload B: 80% of the jobs are Type 1, and 20% of the jobs are Type 2.
– Workload C: 20% of the jobs are Type 1, and 80% of the jobs are Type 2.
All of them have 300 jobs with an inter-arrival pattern following an exponential
distribution. The average job inter-arrival time is 158 seconds with the standard
deviation of 153 seconds [15]. In addition, the three workloads have the same
time limit for each task to get a container. In this experiment, we assume that
the time limit is 2 minutes, i.e., each task of a job in the three workloads will be
considered as failed if it cannot obtain its desired container within 2 minutes.
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(b) Number of completed jobs per USD

Fig. 6. The performance results of workload A when different numbers of m4.large
instances are employed.

Figure 6(a) shows that when 15 m4.large instances are employed to execute
Workload A, the corresponding workload completion rate is 96.7%. When more
instances are utilized, the workload completion rate increases. This is because
more containers are available to execute the workload. We can see that 25 instances can reach 100% of workload completion rate. However, when the total
instance cost is considered, employing 15 instances is the most efficient as this
choice offers the highest number of completed jobs per USD (see Figure 6(b)). If
a user wants a higher workload completion rate, he/she needs to purchase more
instances. Certainly, the cost will increase. However, if workload completion rate
has a lower priority than cost, the user can employ fewer instances.
Figure 7(a) and Figure 7(b) show the results when workload B is tested.
We can see that the 15 m4.large instances only provide 92% of workload completion rate, and the 25 m4.large instances can no longer complete the entire
workload B. The main reason is that workload B has more long jobs than workload A, implying that more containers for workload B are occupied for a longer
period than those for workload A. Nevertheless, using 15 m4.large instances still
perform the best in terms of the number of completed jobs per USD among the
three options. Figure 8(a) and Figure 8(b) show the results when workload C is
tested. Different from workloads A and B, the completion rate of workload C is
higher on the same number of instances. This is because workload C has more
short jobs than the other two. Based on the simulation results of Scenario 2, it is
clear that when a workload has different job compositions, employing the same
number of AWS instances does not guarantee the same workload completion
rate.
Note that our experiments are based on model-based simulations. Hence,
the results (e.g., number of completed jobs per USD and workload completion
rate) may differ from the actual price and completion. Although there exists
some performance deviation [15], with ABS-YARN users can still easily compare
different instance deployments and predict the corresponding consequences at
the design phase of their applications.
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(a) Workload completion rate

(b) Number of completed jobs per USD

Fig. 7. The performance results of workload B when different numbers of m4.large
instances are employed.

(a) Workload completion rate

(b) Number of completed jobs per USD

Fig. 8. The performance results of workload C when different numbers of m4.large
instances are employed.

5

Related Work

Many researchers have conducted performance studies by running their scientific applications in cloud environments. For examples, Hazelhurst [11] evaluated
the performance of a bioinformatics application and Ramakrishnan et al. [19]
studied the performances of e-Science applications in cloud computing. Several
works have been introduced to study Amazon Elastic Compute Cloud (Amazon
EC2). Napper et al. [17] analyzed the performance of the Linpack benchmarks
on different EC2 instance types. Osterman et al. [18] conducted a variety of
micro-benchmarks on Amazon EC2.
Garfinkel [9] presented a comprehensive introduction of Amazon’s EC2, Simple Storage Service (S3), and Simple Queue Service (SQS) in their securities,
privacy controls, legal issues, API limitations, and pricing models. Furthermore,
a series of experiments are also provided to study the performances of EC2, S3,
and SQS, including average daily throughput, average daily transaction, bandwidth speed, and availability. Jackson et al. [12] performed a comprehensive
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evaluation for comparing Amazon EC2 and two conventional HPC platforms
(Franklin and Lawrencium) by using real application workloads.
Different from all previous work, the comparison of deployment decisions
conducted in this paper is based on a model-centric approach to determine an
appropriate deployment configuration at the design time. We compared different
deployment decisions by using ABS-YARN [15]. In addition, our comparison
focused on several instance types provided by AWS and their tradeoffs, rather
than comparing different cloud or HPC platforms.
Stantchev [20] presents a methodology for performance evaluation of cloud
computing configurations. The methodology consists of five steps: identify benchmark, identify configuration, run tests, analyze, and recommend. The author
conducted a real experiment evaluation by deploying several configurations of a
web service benchmark in Amazon EC2, and focused on analyzing the results
of two nonfunctional properties: transactions rate and response time. Although
this methodology can help users to compare different deployment decisions, the
users have to conduct such comparisons in real cloud environments. In other
words, the cost to purchase resource instances cannot be reduced.

6

Conclusions

In this paper, we have introduced different instance purchasing options provided
by AWS, and also studied different AWS deployments using ABS-YARN. We
considered two workload scenarios. In the first scenario, we created a non-urgent
workload consisting of 100 MapReduce jobs with the same submission time. The
goal was to investigate which AWS instance provides the best cost-efficiency. In
the second scenario, we designed additional workloads to further study whether
employing different numbers of instances affects workload completion rate.
The results demonstrated that AWS provides a fair instance pricing, i.e.,
the instance cost doubles when the performance of an instance doubles. Hence,
from a performance perspective, choosing a better or worse instance makes no
difference when the total instance cost is fixed. However, this may not be the
case when other issues such as management efforts, reliability, and data locality
are further considered. Furthermore, purchasing different numbers of a particular instance type may lead to different workload execution time and instance
costs. Our results in the second scenario also showed that purchasing different
numbers of the same AWS instances significantly affected workload completion
rate, especially when workloads consist of different compositions of long jobs and
short jobs.
In general, if users want to achieve a high cost-efficiency and a high workload completion rate, they need to conduct multiple tuning and comparisons
between different instance options. With ABS-YARN, they can easily evaluate
and compare different deployment decisions with less cost and effort.
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