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ABSTRACT

With on-demand access to compute resources, pay-per-use, and elasticity, the cloud

evolved into an attractive execution environment for High Performance Computing
(HPC). Whereas elasticity, which is often referred to as the most beneficial cloud-specific
property, has been heavily used in the context of interactive (multi-tier) applications,

elasticity-related research in the HPC domain is still in its infancy. Existing parallel
computing theory as well as traditional metrics to analytically evaluate parallel systems
do not comprehensively consider elasticity, i.e., the ability to control the number of pro-

cessing units at runtime. To address these issues, we introduce a conceptual framework

to understand elasticity in the context of parallel systems, define the term elastic par-
allel system, and discuss novel metrics for both elasticity control at runtime as well as
the ex-post performance evaluation of elastic parallel systems. Based on the conceptual

framework, we provide an in-depth analysis of existing research in the field to describe
the state-of-the-art and compile our findings into a research agenda for future research

on elastic parallel systems.

Keywords: Cloud computing; high performance computing; parallel computing; elastic
parallel system; elasticity; workload.

1. Introduction

Many scientific disciplines deliver sustained progress based on massive amounts of

compute resources that are employed to process highly compute-intensive problems

in parallel to speed up their computation. The discipline concerned with construct-

ing parallel applications for these workloads is referred to as High Performance

Computing (HPC).

Traditionally, parallel applications have been designed and developed for on-

premise HPC clusters and supercomputers. However, more recently, the cloud

evolved into an attractive execution environment for parallel applications [1, 2, 3].

As of today, many cloud providers, including Amazon Web Services (AWS)a and

ahttps://aws.amazon.com.
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Microsoft Azureb, offer cloud environments optimized for HPC [4, 5]. One cloud-

based parallel system built on top of AWS even achieved rank 136 in the TOP500

listc.

Compared to traditional HPC clusters, cloud environments come with attractive

characteristics such as on-demand access to compute resources, pay-per-use, and

elasticity [2, 6, 1, 7]. Specifically, elasticity, which is often considered to be the

most beneficial cloud-specific property [8, 9], gives rise to a fundamentally new

concept in HPC: The ability to control the physical parallelism of an application at

runtime, which allows versatile optimizations [10, 1, 11, 12]. Therefore, an elasticity

controller, which dynamically adapts the physical parallelism, has to reason about

the scaling behavior of a parallel system at runtime to make decisions on the optimal

number of processing units. Also, the monetary costs of a parallel computation have

to be considered due to the pay-per-use billing model.

In this paper, we argue that existing parallel computing theory as well as tra-

ditional metrics to analytically evaluate parallel systems do not comprehensively

consider this novel ability to control the number of processing units at runtime. To

address these issues, we introduce a conceptual framework to understand elasticity

in the context of parallel systems, define the term elastic parallel system, and discuss

a novel metric called workload efficiency to analytically reason about the scaling be-

havior of a parallel system at runtime. Moreover, we define the performance metrics

elastic speedup and elastic efficiency to enable the ex-post performance evaluation

of elastic parallel systems. Based on the conceptual framework, we provide an in-

depth analysis of existing research on elasticity in HPC, discuss the key findings, and

describe the state-of-the-art with respect to the benefits obtained and the elasticity

control mechanisms employed in related work. Finally, we derive future research

directions based on our findings and present general research questions that have

to be answered for all existing classes of parallel applications.

This paper is structured as follows. Section 2 summarizes the fundamentals

required in this work. In Section 3, we present our conceptual framework to under-

stand elasticity in the context of parallel systems. In Section 4, we classify existing

research on elastic parallel systems based on the conceptual framework to determine

the state-of-the-art. We discuss future research directions in Section 5. In Section 6,

we conclude our work.

2. Fundamentals

To lay the ground for our work, we describe existing approaches to elasticity control

and two different types of cloud environments to operate parallel applications.

bhttps://azure.microsoft.com.
cTOP500 list (June 2019): https://www.top500.org/lists/2019/06/.



June 19, 2019 12:35 output

Elasticity in High Performance Cloud Computing: State-of-the-Art and Future Directions 3

Manual

Automated

Elasticity Control Reactive

Proactive

Fig. 1. Approaches to elasticity control adapted from [8]

2.1. Elasticity & Elasticity Control in the Cloud

With the emergence of the first cloud offerings, elasticity has been recognized as

the most important cloud-specific property because it enables applications to scale

dynamically as their workload increases/decreases at runtime [8, 9]. Since then,

elasticity has been mainly employed in the context of interactive (multi-tier) ap-

plications that are designed to process (independent) user requests [13, 14, 15]. As

the arrival rate of user requests increases over time, more compute resources can

be provisioned. Similarly, compute resources are decommissioned if the arrival rate

decreases. The entity that controls the number of compute resources, e.g., virtual

machines (VM), is called elasticity controller. Elasticity control can be implemented

as a manual or automated process, whereas automation is typically preferred. Au-

tomated elasticity control approaches derive scaling actions either by means of re-

active or proactive mechanisms [8]. Reactive mechanisms use specified conditions

(e.g., thresholds on monitored metrics) to control elasticity. Proactive mechanisms

rely on forecasting to adapt a system according to its predicted behavior in the

future. Typically, it depends on the characteristics of the application if reactive or

proactive mechanisms yield better results. Both approaches might also be combined

into a hybrid approach. These different approaches to elasticity control are depicted

in Fig. 1. A detailed classification of elasticity mechanisms is discussed in [8, 9].

2.2. Cloud Environments for HPC

In principle, two types of cloud environments suitable for parallel computing can

be distinguished: Standard and HPC-aware cloud environments [16].

Standard cloud environments often suffer from CPU time sharing leading to het-

erogeneous processing speeds as well as low network throughput and high network

latency, which are well-known effects of resource pooling and virtualization [1, 17].

Whereas interactive applications can deal with these effects, many parallel applica-

tions require the use of synchronous communication and/or barrier synchronization,

which negatively affects HPC performance in standard cloud environments [18].

As a result of previous research efforts, HPC-aware cloud environments have

been built, which limit the negative side-effects of standard cloud environments

by means of (1) CPU pinning, which ensure CPU affinity both at the application

and at the hypervisor level leading to improved cache locality and higher cache

hit rates [19], (2) HPC-aware VM placement policies [16], (3) guaranteed network

performance [20], and (4) disabled memory overcommitment [21].
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Fig. 2. Conceptual framework for understanding elasticity in the context of parallel systems

With the introduction of HPC-aware cloud environments, more parallel appli-

cation classes can benefit from on-demand access to compute resources and a pay-

per-use billing model. Moreover, elasticity can be employed. However, note that

HPC-aware cloud environments are typically much more expensive compared to

standard cloud environments. This mainly results from the specialized hardware

employed and the limited opportunities of the cloud provider to operate multi-

ple, diverse customer workloads across the physical infrastructure (multitenancy)

[19, 22]. Moreover, VM placement policies limit the provider’s VM placement op-

tions.

3. Elastic Parallel Systems

In this section, we introduce a conceptual framework to understand elasticity in the

context of parallel systems, which we employ to review and discuss related research

in Section 4 and to derive future research directions in Section 5. The conceptual

framework is visualized in Fig. 2. It shows an elastic parallel system, which we de-

fine as a parallel systemd accompanied by an elasticity controller that controls the

number of processing units at runtime. Therefore, the elasticity controller reasons

about the scaling behavior of the parallel system to make decisions on the optimal

number of processing units. Existing parallel computing theory does not compre-

hensively consider this novel ability to control the number of processing units at

runtime. For instance, traditional metrics to analytically evaluate parallel systems

such as parallel efficiency assess the performance averaged over the entire execu-

dA parallel system is a combination of a parallel algorithm (parallel application, programming

model / middleware) and a parallel architecture (hardware) [23].
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tion time [23, 24, 25]. By definition, parallel efficiency can only be calculated, when

the computation has been completed as it depends on the parallel execution time.

This also holds for the speedup. Additionally, the definitions of parallel efficiency

and speedup are based on a fixed number of processing units p. Elastic parallel

systems, on the other hand, are characterized by a dynamic number of processing

units, which can be adapted at runtime: Thus, the number of processing units is a

function of time p(t) that is defined by the elasticity controller. As a result, existing

metrics to analytically evaluate parallel systems cannot be used by the elasticity

controller to reason about the scaling behavior of a parallel system at runtime. The

conceptual framework described in the following provides the fundamental concepts

to discuss the opportunities and challenges that arise in the context of elasticity.

On this basis, we discuss a novel metric called workload efficiency to analytically

reason about the scaling behavior of a parallel system at runtime. Moreover, we

define the performance metrics elastic speedup and elastic efficiency to enable the

ex-post evaluation of elastic parallel systems.

Traditionally, elasticity has been considered in the context of interactive (multi-

tier) applications, i.e., applications that process independent user requests. Thus,

the workload has been described by the user requests processed by an application

[14]. Whenever the arrival rate of user requests varies over time, these applications

benefit from elasticity by dynamically adapting the number of processing units to

control the response time [14]. On the other hand, the workload of parallel sys-

tems cannot be described as independent user requests. Instead, it depends on a

single problem, which requires a specific number of (basic) computational steps to

be solved [23]. Moreover, parallel overhead occurs in the manifestation of idling,

communication, and excess computation. To model parallel overhead in our frame-

work, we distinguish between three different types of steps that can be executed

by a processing unit: (1) essential computational steps, (2) non-essential compu-

tational steps, and (3) idling steps. All sources of overhead can be modeled as

one (or more) of these types. For instance, communication and synchronization of

data across distributed processing units leads to idling steps and additional com-

putational steps that are not executed by a sequential algorithm and thus can be

classified as non-essential.

Under this consideration, we define the workload of a parallel system as follows:

Definition 3.1. Workload

The workload W (I) of a parallel system is given by the total number of essential

computational steps executed based on a defined input I.

The input I describes a specific problem that has to be solved and the workload

is given by the total number of essential computational steps required to solve the

problem. Note that, under the assumption that it takes unit time to perform a single

computational step, the workload is equivalent to the sequential runtime Tseq. Note

also that our definition of workload is equal to the definition of the problem size as

typically considered in parallel computing theory [23].
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With elasticity, one has the ability to adapt the number of processing units,

which are employed to process a specific problem, at runtime. This adaptation

changes the physical parallelism of a parallel system, which we model as the pro-

cessing rate.

Definition 3.2. Processing Rate

The processing rate R(p(t), t) of a parallel system describes the total number of

steps that can be executed (by all employed processing units) in time interval t.

The elasticity controller can dynamically adapt the processing rate of a paral-

lel system by adding or removing processing units (cf. Fig. 2). Additionally, the

processing rate is affected by every change of an individual processing rate (of a

single processing unit): Individual processing rates might change over time due to

virtualization and resource pooling.

The major motivation for parallel processing is to shorten the application’s ex-

ecution time by adding more processing units to the computation. However, due

to the inherent overhead, one cannot assume linear scalability. Instead, the elas-

ticity controller has to consider a cost/efficiency-time trade-off : Whereas adding

more processing units effectively reduces the execution time, a higher number of

processing units also leads to a lower efficiency and thus results in higher monetary

costs [10, 12]. This leads to two conflicting optimization goals: (1) Reduce mone-

tary costs & maximize efficiency vs. (2) shorten execution time. In the following, we

discuss the cost/efficiency-time trade-off inherent to parallel systems in more detail

by comparing them to an (ideal) perfectly scalable parallel system.

For a perfectly scalable parallel system, the monetary costs to process the total

number of essential computational steps are independent of the number of processing

units employede. Thus, in theory, an unbounded number of processing units can be

employed to speed up the computation. Realistic parallel systems, on the other hand,

are not perfectly scalable. Thus, whereas employing more processing units reduces

the execution time, it also leads to higher overhead (and thus lower efficiency) [26].

In cloud environments, one has to pay processing units (or compute resources in

general) per time unit. As a consequence, one does not only pay for the essential

computational steps executed but also for the overhead that occurs (in form of

non-essential computational steps and idling steps).

The monetary costs of a parallel computation in the cloud Cpar can be modeled

as follows [18]:

Cpar(I, p(t)) = Tpar(I, p(t)) · p̄ · cπ, (1)

where Tpar is the execution time, p̄ is the time-averaged number of processing

units employed, and cπ the price of one processing unit per time unit.

eThis only holds under the assumption that there is also a perfect mapping of the processing
demand (in form of essential computational steps) to processing units and zero provisioning costs.



June 19, 2019 12:35 output

Elasticity in High Performance Cloud Computing: State-of-the-Art and Future Directions 7

Execution Time TPar

#
 o

f P
ro

ce
ss

in
g 

U
ni

ts
 p

Perfectly Scalable 
Parallel System

Non-perfectly Scalable 
Parallel System

Application Run 1

Application Run 2

Application Run 3

#
 o

f P
ro

ce
ss

in
g 

U
ni

ts
 p

Execution Time TPar

Fig. 3. Whereas the monetary costs of a perfectly scalable parallel system are independent of

the number of processing units employed, for parallel systems that are not perfectly scalable,
the monetary costs increase with the number of processing units. Here, the monetary costs are

expressed as the sizes of the areas shown.

Fig. 3 depicts three different application runs with different numbers of pro-

cessing units for a perfectly and a non-perfectly scalable parallel system. The areas

shown for each application run correspond to the monetary costs of a parallel com-

putation in the cloud Cpar (cf. Equation 1). As we can easily see, the areas shown

for the perfectly scalable parallel system all have the same size, whereas the sizes of

the areas shown for the non-perfectly scalable parallel system increase with an in-

creasing number of processing units leading to higher monetary costs. This results

from the overhead that increases with the number of processing units [23]. How

much overhead occurs for which number of processing units depends on the scaling

behavior of the parallel system considered.

To dynamically adapt the number of processing units, the elasticity controller

has to reason about the cost/efficiency-time trade-off at runtime. Therefore, we

introduce the workload efficiency - a novel metric to analytically reason about the

scaling behavior of a parallel system at runtime. In the following, we introduce the

workload intensity based on which the workload efficiency can be defined.

Definition 3.3. Workload Intensity

The workload intensityWI(I, p(t), t) of a parallel system describes the total number

of essential computational steps executed in time interval t.

The workload intensity quantifies the amount of useful work executed by all

employed processing units as a function of time. We adopt the term workload in-

tensity from [14], where it has been used in the context of interactive (multi-tier)

applications. Based on the processing rate and the workload intensity, we define the

workload efficiency as follows:

Definition 3.4. Workload Efficiency

The workload efficiency WE(I, p(t), t) of a parallel system describes the ratio of the

workload intensity to the processing rate: WE(I, p(t), t) = WI(I,p(t),t)
R(p(t),t)
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Note that the definition of workload efficiency differs from the common notion

of utilization, which we define in our terms as follows:

Definition 3.5. Utilization

The utilization U(I, p(t), t) of a parallel system describes the ratio of the total

number of essential and non-essential computational steps executed in time interval

t to the processing rate.

Utilization does not distinguish between essential and non-essential computa-

tional steps, with the latter stemming from overhead, e.g., in form of excess com-

putation.

Whenever the workload efficiency changes at runtime, the elasticity controller

has to evaluate the cost/efficiency-time trade-off. Such changes result from (1) a

changing workload intensity, (2) a changing processing rate, (3) a combination of

both. Under the assumption that the processing rate is constant, a changing work-

load intensity is typically related to the parallel algorithm, the input data considered

(problem to be solved), and the current state of the computation: Excess compu-

tation and communication overhead are considered in form of non-essential com-

putational steps and idling steps, which both affect the workload intensity. More-

over, changing characteristics of the execution environment (e.g., network latency

and network bandwidth) affect the workload intensity by introducing additional

overhead. A changing processing rate is typically related to a changing number of

processing units or changing processing rates of individual processing units (i.e.,

varying processing speed due to virtualization and resource pooling).

Fig. 4 visualizes examples of the three aforementioned scenarios. Fig. 4 (a) shows

a scenario, where the processing rate is constant, but the workload intensity de-

creases as the execution time increases. This is related to growing overhead, which

makes it harder to efficiently exploit all available processing units. Fig. 4 (b) shows

a scenario, where the processing rate doubles because the elasticity controller pro-

visions additional processing units, but the workload intensity does not change.

This could be the result of not sending work to the newly provisioned processing

units, which consequently do not contribute to the computation. Fig. 4 (c) shows a

scenario, where the processing rate doubles because the elasticity controller provi-

sions additional processing units. Because more processing units contribute to the

computation, the workload intensity also increases. However, it does not double be-

cause the parallel system is not perfectly scalable. In all three cases, the workload

efficiency changes at runtime and thus the elasticity controller has to dynamically

evaluate the cost/efficiency-time trade-off.

To evaluate the cost/efficiency-time trade-off, the elasticity controller combines

knowledge about efficiency, monetary costs, and time. The workload efficiency met-

ric enables the elasticity controller to analytically reason about the scaling behavior

of the parallel system at runtime. Time can be considered as wall-clock time. The

current monetary costs per time unit can be calculated by multiplying the current

number of processing units with cπ (cf. Equation 1). Whether the execution time
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Fig. 4. Different scenarios of workload efficiency changes at runtime.

Tpar and thus also the monetary costs Cpar can be predicted or not largely depends

on the application class considered. We discuss several examples how to deal with

the cost/efficiency-time trade-off in case of a changing changing processing rate and

/ or a changing workload intensity based on existing research in Section 4.

As discussed initially, traditional performance metrics such as speedup S and

efficiency E are functions of a specific input I and a fixed number of processing

units p. As a result, these metrics cannot be used for ex-post evaluation of elastic

parallel systems. To deal with this issue, the authors of [27] define elastic speedup

and elastic efficiency as functions of (1) an initial number of VMs, (2) a lower bound

for the quantity of VMs, and (3) an upper bound for the quantity of VMs. They

use these metrics to compare application runs with and without elastic scaling.

However, these definitions are tailored to their implementation of a threshold-based

elasticity controller and not generally applicable. The authors of [28] also provide

a definition of elastic speedup, but focus on High Throughput Computing (HTC)

and performance in terms of response time. In the following, we provide general

definitions of elastic speedup and elastic efficiency based on our former discussions.

We define elastic speedup Selastic and elastic efficiency Eelastic analogously

to speedup S and parallel efficiency E. However, whereas speedup and parallel
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efficiency are functions of the number of processing units p, elastic speedup and

elastic efficiency are functions of p(t):

Selastic(I, p(t)) =
Tseq(I)

Tpar(I, p(t))
(2)

Eelastic(I, p(t)) =
Selastic(I, p(t))

p̄
=

Tseq(I)

Tpar(I, p(t)) · p̄
, (3)

where p̄ is the time-averaged number of processing units employed.

Note that, for a constant function p(t) = p = p̄, elastic speedup Selastic and

elastic efficiency Eelastic are equal to speedup S and efficiency E. We can also say

that speedup and efficiency do only consider a single time interval [0, Tpar], where

p̄ = p.

4. State-of-the-Art

In this section, we review existing research on elastic parallel systems to deter-

mine the state-of-the-art. To identify relevant research, we conducted a literature

search by following a systematic procedure [29]. For the search process, we em-

ployed the ACM Digital Libraryf , IEEE Xploreg, and Google Scholarh. The follow-

ing search query was used for the search: cloud AND (elasticity OR elastic appli-

cation OR auto-scaling OR auto scaling) AND (high performance computing OR

high-performance computing OR hpc OR parallel application OR parallel system

OR parallel computing). Subsequently, we manually selected relevant articles: Only

articles that discuss in detail how to employ elasticity in the context of parallel

systems were selected. Additional literature has been identified (1) by reviewing

the references of the selected articles and (2) by analyzing articles that cite the

already selected ones [30]. Table 1 summarizes the selected articles. We discuss the

key findings in the following.

Da Rosa Righi et al. [11] describe a reactive elasticity control mechanism for

iterative-parallel applications. The presented concept called AutoElastic supports

the automated transformation (source-to-source translation) of existing MPMDi-

based MPI-2 applications with a master/worker architecture into elastic parallel

applications. MPI-2 features dynamic process management and thus supports a

varying number of MPI processes [31]. Consequently, elasticity can be employed by

adapting the number of worker processes for each iteration by means of an elasticity

controller that derives the number of worker processes required based on monitor-

ing data and defined thresholds. The presented concepts are evaluated by using a

numerical integration application which simulates different workload patterns (e.g.,

ascending, descending, and wave workload). The authors state that their approach

fhttps://dl.acm.org.
ghttps://ieeexplore.ieee.org.
hhttps://scholar.google.com.
iMultiple Program Multiple Data.
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is specifically designed for embarrassingly parallel applications. Scaling actions are

based on upper and lower CPU utilization thresholds. Note that because the elas-

ticity controller monitors only the utilization of the parallel system, it cannot dis-

tinguish between essential and non-essential computations. The monetary costs are

not considered. Further research is required to determine which application classes

can benefit from such an approach. Similar concepts are discussed by the authors

in [32].

Table 1. Classification of existing research on elastic parallel systems.

Authors &

Article

Cloud

Environment

Application

Class

Optimization

Objective

Elasticity

Control

Da Rosa Righi et al. [11] Standard
Iterative

Master-Slave
Utilization Reactive

Da Rosa Righi et al. [32] Standard
Iterative
Master-Slave

Utilization Reactive

Rodrigues et al. [33] Standard
Iterative
Master-Slave

Utilization Hybrid

Da Rosa Righi et al. [34] Standard
Iterative
Master-Slave

Utilization Hybrid

Shankar et al. [35] Standard
Linear
Algebra

Costs & Time
(Scaling

Policy)

Reactive

Raveendran et al. [36] Standard Iterative MPI

Time (Costs

implicitly

considered)

Reactive

Rajan et al. [10] Standard
Split-Map-

Merge
Costs & Time Reactive

Rajan et al. [10] HPC-aware
Split-Map-
Merge

Costs & Time None

Haussmann et al. [12] Standard
Irregular
Task-parallel

Costs (Time as
Opportunity

Costs)

Reactive

Rodrigues et al. [33] present a hybrid elasticity controller for iterative-parallel

applications based on a technique called live thresholding, which has also been used

in [34]. Live thresholding dynamically adapts the thresholds of a reactive elasticity

controller, which is implemented as a closed feedback-loop architecture. Workload

patterns are detected by comparing the last two average load values calculated based

on monitored time series data and simple exponential smoothing. Similarly to the

evaluation presented in [11], only the utilization of processing units is monitored

and thus the elasticity controller cannot distinguished between essential and non-

essential computations. The cost/efficiency-time trade-off is not considered.

Shankar et al. [35] discuss the opportunities related to elasticity in the context

of a parallel application for distributed Cholesky decomposition. As the execution

time increases it becomes harder to efficiently employ processing units thus overhead
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increases and the workload intensity decreases. The authors argue that static re-

source allocation is inefficient in this case and present an architecture for non-trivial

parallel processing in serverless (standard) cloud environments accomplished with a

reactive elasticity control (auto-scaling) mechanism. The scaling policy underlying

the elasticity control mechanism considers a trade-off between fast execution and

low monetary costs and can be manually selected upfront. The resulting execution

engine called numpywren specifically targets linear algebra workloads that should

be operated on serverless computing platforms and has been shown to be more

cost-efficient compared to other frameworks.

Raveendran et al. [36] propose a concept to transform MPI-based iterative-

parallel applications into elastic applications. They describe how to adapt existing

MPI-based applications to deal with a dynamically changing number of processing

units. The presented approach basically terminates a running application (with

check-pointing) and restarts the application with a different number of processing

units. Termination can only be applied at the end of an iteration. The described

elasticity controller is designed to optimize several user-defined constraints such as

the desired execution time. The elasticity controller estimates the execution time of

the application based on the number of iterations and the average iteration time.

The underlying assumption is that the amount of work per iteration is constant.

Scaling decisions are made by comparing the measured average iteration time with

the required iteration time to complete within the user-defined execution time: If

the average iteration time is below the required iteration time, processing units are

added. Otherwise, processing units are removed. The presented approach is built

upon the assumption that, in general, a lower number of processing units can be

exploited more efficiently and thus also incur lower monetary costs to process a

problem (as discussed in Section 3 and shown in Fig. 3). Consequently, overhead is

not directly measured but the cost/efficiency-time trade-off is implicitly considered

by scaling down when the user-defined execution time can also be met with less

compute resources.

Rajan et al. [10] specifically address applications that can be developed and

executed using the so-called split-map-merge paradigm. According to the authors

this includes bag-of-tasks, bulk synchronous parallel, and Map-Reduce applications.

The authors consider the cost-time product as objective function to evaluate the

cost/efficiency-time trade-off. Therefore, the automated decision making process

considers (1) information on the input problem, (2) an application model built for

split-map-merge applications, (3) a user-defined objective function (in this case the

cost-time product as a function of the number of processing units), and (4) infor-

mation on the execution environment (e.g., processing speed, network bandwidth)

obtained by measuring sample workloads. Note that this approach can be utilized

in two different ways: First, one can statically select the optimal number of process-

ing units per application run under the assumption that the characteristics of the

environment do not change at runtime (e.g., by selecting an HPC-aware cloud envi-

ronment). This approach is depicted in Fig. 5. Second, one can continuously evaluate
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Fig. 5. The authors of [10] present an approach for fine-grained cost control per application run
by determining the optimal number of processing units based on an application model, information
on the execution environment, a user-defined objective function, and problem-specific input data.

the objective function. For instance, when the characteristics of the cloud environ-

ment (e.g., processing speed, network bandwidth) are expected to change at run-

time, an elasticity controller monitors the environment and continuously evaluates

the objective function based on monitoring data to consider the cost/efficiency-time

trade-off. When the optimal (with respect to the user-defined objective function)

number of processing units changes, the elasticity controller dynamically adapts the

resource configuration by adding or removing processing units.

Haussmann et al. [12] discuss elasticity-related opportunities and challenges

for irregular task-parallel applications. Their computation and communication pat-

terns are input-dependent, unstructured, and evolving during the computation and

thus their scaling behavior cannot be determined upfront [37, 38]. As a result, the

total number of essential computational steps (workload) is unknown a priori and

cannot be predicted. The authors discuss the two conflicting objectives of fast pro-

cessing and low monetary costs finally leading to a multi-objective optimization

problem and Pareto optimal solutions, which prevents automated decision making

with respect to the number of processing units. To deal with this problem, the au-

thors employ the concept of opportunity costs to convert the underlying objective

functions into a single aggregated objective function, thus allowing cost-based selec-

tion of the number of processing units. Because one cannot reason about the effects

on execution time, speedup, efficiency, and monetary costs in absolute terms, the

authors present a reactive elasticity controller for heuristic cost optimization: The

cost function is approximated based on metrics monitored at runtime. Therefore,

the elasticity controller continuously monitors the application and evaluates the de-

fined objective function (minimize the monetary costs based on the presented cost

model). The authors empirically evaluate their elasticity controller by comparing

the results of their heuristic cost optimization approach with the minimum mone-

tary costs (which can be obtained by measuring the scalability of the application

with exemplary input problems).
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Fig. 6. Research questions for future research on elastic parallel systems

Whereas the scaling behavior of applications based on the split-map-merge

paradigm can be predicted by using an application model [10], the scaling behav-

ior of irregular task-parallel applications is unknown upfront and unpredictable by

nature, which requires reactive elasticity control [12]. On the other hand, both ap-

proaches convert the underlying multi-objective optimization problem into a single-

objective optimization problem to enable automated decision making with respect

to the optimal number of processing units. The authors of [10] use the cost-time

product to create a single-objective optimization problem. The authors of [12] em-

ploy the concept of opportunity costs, which can be used to express time in terms

of costs, thus enabling a purely cost-driven optimization.

5. Future Research Directions

Whereas we could identify some approaches that show how to beneficially exploit

elasticity for operating parallel applications in the cloud, more research is required to

understand the full potential of this fundamentally new opportunity and to address

the related challenges on all levels of parallel systems. To pave the way for future

research activities, we compile our findings into a research agenda, which is presented

in form of general research questions that have to be answered for all existing classes

of parallel applications. Fig. 6 shows these research questions in the context of our

conceptual framework.

How to consider the cost/efficiency-time trade-off? A major challenge

for making parallel applications elastic is the cost/efficiency-time trade-off discussed

in Section 3. We found different optimization approaches in existing work that
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consider this trade-off in the context of specific application classes. However, as of

today, a clear and generally applicable understanding of this trade-off does not exist.

An important consideration in this context is the balancing of various sources of

overhead: Whereas it might be reasonable to adapt the number of processing units

at runtime, corresponding adaptation efforts (e.g., data transfer and repartitioning)

finally lead to additional overhead that has to be considered. Another important

issue is the overhead added by resource pooling and virtualization, which affects the

processing rate of a parallel system and thus also influences the cost/efficiency-time

trade-off. Note that such effects can lead to a changing workload efficiency even if

the workload intensity and the number of processing units do not change.

How to measure the scaling behavior of a parallel system at runtime?

To enable elasticity control for parallel systems, the scaling behavior has to be mea-

sured at runtime. Consequently, the elasticity controller requires up-to-date moni-

toring data based on runtime metrics that allow reasoning about all existing sources

of overhead and their effects on execution time, efficiency, and monetary costs. We

proposed the workload efficiency as a runtime metric to analytically reason about

the scaling behavior and the cost/efficiency-time trade-off. Technically, code-level

instrumentation is required to generate monitoring data, which includes an im-

portant trade-off: Whereas fine-granular instrumentation improves the accuracy of

monitored metrics, it also introduces additional overhead that might outweigh the

utility. On the other hand, coarse-gained instrumentation has a low overhead but

might fail in reporting the actual system state leading to wrong decisions. Further-

more, for each metric, the monitoring interval has to be carefully defined. Choosing

smaller monitoring intervals enables fast decision making and a high accuracy, but

at the expense of additional overhead. Also note that the workload efficiency has to

be interpreted with care. For instance, the currently measured workload efficiency

might be extremely low because it has been measured during a global communi-

cation phase. Thus, simply removing processing units based on a low measured

workload efficiency might not be appropriate. Rather, monitoring data has to be

combined with knowledge about the parallel algorithm, the input data, the parallel

system architecture, and the current state of the computation to reason about the

optimal number of processing units.

Which workload patterns do exist / have to be considered? In the

context of parallel systems, we understand workload patterns as common shapes

of the workload intensity function (with a static number of processing units). Un-

derstanding the workload patterns of different application classes will be key to

enable advanced elasticity control mechanisms. As of today (cf. Section 4), most

often a decreasing workload pattern, which implies that overhead increases over

time, has been exploited to benefit from elasticity. In such cases, elasticity can be

employed to remove processing units as the execution time increases thus leading to

a higher efficiency and lower monetary costs. Recent work also shows how parallel

applications with an unpredictable scaling behavior can benefit from elasticity: The

shape of their workload intensity function is unknown and cannot be predicted. As
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a result, only two strategies to statically select the number of processing units can

be applied: (1) Always use the same number of processing units for all processed

problems or (2) randomly guess the number of processing units per application run.

Both approaches are not satisfactory. These applications benefit from dynamically

adapting the number of processing units by means of an elasticity controller that is

able to reason about the cost/efficiency-time trade-off at runtime. Future research

is required to determine the workload patterns of other parallel application classes.

How to design elastic parallel systems? From an architectural perspective,

parallel systems (and applications) have been extensively researched and the design

process is well understood [23]. Corresponding design knowledge is also captured

in pattern languages for parallel computing that support the creative process of

designing such systems. For instance, the OPLj pattern language [39, 40] supports

pattern-based parallel design. However, to make use of elasticity, parallel systems

are accompanied by an elasticity controller that dynamically adapts the number of

processing units (cf. Fig. 6). Dealing with a dynamically changing number of pro-

cessing units leads to new requirements for traditionally designed parallel systems

[41, 42]. For instance, established techniques such as static task mapping have been

shown to deteriorate the performance of parallel applications operated in standard

cloud environments [43, 42]. More research is required to understand the impact

of elasticity on established design processes and parallel architectures. Specifically,

distributed memory architectures are of interest for horizontal scaling, which is the

predominant scaling approach to make use of elasticity [8].

How to develop elastic parallel applications? Traditionally, runtime sys-

tems, programming models, and development frameworks for parallel applications

have been designed for a static number of processing units per application run. An

elastic parallel application, on the other hand, has to be able (1) to make use of

newly provisioned processing units and (2) to release existing processing units at

runtime. This requirement leads to major implications, e.g., for task generation and

mapping. Whereas MPI-2, for instance, supports dynamic process management and

thus a varying number of MPI processes [31], dynamic task generation and mapping

have to be manually implemented. To develop elastic parallel applications with only

minor effort at the programming level, a new breed of programming models and de-

velopment frameworks is required. We envision cloud-aware middleware solutions on

top of which elastic parallel applications can be implemented by employing higher-

level programming models and development frameworks. Another important aspect

is the consideration of the cost/efficiency-time trade-off, which typically requires

user-specific configuration. To abstract from low-level technical details, solutions

optimized for specific parallel application classes have to be investigated.

How to evaluate elastic parallel systems? In existing research, elastic par-

allel systems have been compared based on different dimensions such as monetary

costs, energy consumption, or performance. On the other hand, existing work in the

jhttps://patterns.eecs.berkeley.edu.
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context of interactive (multi-tier) applications proposes novel elasticity metrics to

evaluate elasticity controllers [44, 45, 46]. These metrics are designed to evaluate

and compare the elastic behavior of systems, i.e., how good resource demand and

resource supply are mapped with respect to accuracy and timing [45]. The authors

of [45] show how to aggregate elasticity metrics to compare a baseline platform

with a benchmarked platform. We could not identify similar approaches applied to

elasticity control mechanisms in the HPC domain.

How to support elasticity in HPC-aware cloud environments? HPC-

aware cloud environments typically allow the specification of placement groups to

co-locate virtual machines, which enables low latency network links (cf. Section 2.2).

However, it is recommended to start all instances within a placement group at the

same time. Whereas instances can be added at runtime (by leveraging elasticity),

it depends on the current hardware capacity if these instances can be added to

the existing placement group. Consequently, more research on elasticity support

in HPC-aware cloud environments is required. In this context, also the economic

aspects for cloud providers have to be considered.

6. Conclusion

In this paper, we extend existing parallel computing theory to consider elasticity, i.e.,

the ability to control the number of processing units of a parallel system at runtime.

We introduce a conceptual framework to understand elasticity in the context of

parallel systems, define the term elastic parallel system, and discuss novel metrics

for both elasticity control at runtime as well as the ex-post performance evaluation

of elastic parallel systems. Moreover, we provide a systematic analysis of existing

research in the field and discuss existing approaches to elasticity control for parallel

systems. We argue that a deep understanding of elasticity-related opportunities

and related control mechanisms will be fundamentally required in the future. This

is not only backed by HPC-aware cloud offerings. We can also see the adoption

of cloud-specific properties and related operational principles in supercomputing,

which seems to be a reasonable evolution of traditional environments.

Among the novel opportunities related to elastic parallel systems, also many re-

search challenges have to be addressed. For instance, elasticity control mechanisms

that consider the scaling behavior of parallel systems are required to dynamically

adapt the number of processing units under consideration of scarce resources such

as time and money. Whereas recent work addresses some of the challenges related to

elasticity, we identified several research opportunities presented in form of general

research questions that have to be answered for all existing classes of parallel appli-

cations. On the other hand, also interactive (multi-tier) applications might benefit

from considering the cost/efficiency-time trade-off. As of today, because each user

request can be processed independently, these applications are considered to be

trivial parallel and the cost/efficiency-time trade-off is not considered.
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